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Abstract - Improving the localization accuracy under the
influence of multipath reflections and signal interference in
indoor localization systems using visible light signals remains a
complex and challenging task. In this study, we propose utilizing
the transformer architecture in a localization system based on
light intensity signals of 16 LEDs. By leveraging the self-
attention mechanism, the model can detect and focus on the
locations with the highest relevance. The predictions are
aggregated thanks to an ensemble strategy. Simulation results
show that the proposed method achieves a Root Mean Square
Error of approximately 0.334 m for the entire room (5x5 m),
0.14 m for the central region (3x3 m), and 0.39 m for the
remaining areas near the walls and corners.
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1. Introduction

Previously, indoor localization technologies using Wi-
Fi [1], [2], Bluetooth [3], 5G [4], etc., have been widely
studied and applied, ranging from smart homes to modern
factories. Each technology has its own advantages related
to coverage range, localization accuracy, cost, or energy
consumption. However, these solutions also face
difficulties related to electromagnetic interference,
accuracy degradation in complex environments, or
infrastructure limitations. To reduce design costs, in the
study [5], the authors used Wi-Fi signal strength (RSS) to
locate and navigate a robot indoors. This system helps to
determine the robot’s position in real-time by analyzing the
RSS values from multiple access points.

In addition to using signals independently, some studies
have explored the combination of signals together. For
example, the combination of Wi-Fi and Bluetooth (BLE) can
improve the accuracy of indoor localization systems. In [6],
the authors proposed an integrated approach that employs
Kalman filtering, the K-nearest neighbor (KNN) classifier,
and a recurrent neural network (RNN) to reduce noise in the
RSS signals. At the same time, this study also models the
complex relationship between signal strength and physical
location. From there, it allows for high -accuracy location
estimation. In another approach, some researchers replaced
the traditional localization range with public Wi-Fi signal
data. This reduces dependence on static infrastructure by
creating a wireless map from RSS data collected by
smartphones and Wi-Fi-enabled robots [7]. Recent studies
have attempted to address the issue of localization without
the need for a transmitter. Researchers have used only

passive infrared sensors instead of conventional wireless
signals [8]. That study proposed a deep learning-based
approach that combines channel separation and template
matching. Specifically, the model combines Convolutional
Neural Network (CNN) and Long Short-Term Memory
(LSTM). The results show that this solution achieves high
localization accuracy, with an average error of only 0.55 m,
and 80% of the errors are within 0.8 m. Similarly, to develop
lightweight, cost-effective, and high-accuracy systems,
other studies have tested the integration of infrared sensors
and single-chip radars for robot localization [9]. In that
study, the authors combined Doppler radar-based motion
modeling and a hybrid sensor fusion technique into a Monte
Carlo localization framework. This method enables real-
time localization with impressive accuracy. Therefore, it is
considered an effective alternative to traditional LiDAR or
camera-based systems.

As an alternative to RF-based localization, Visible
Light Communication (VLC) has emerged as a promising
solution by utilizing existing LED lighting infrastructure to
support high-speed data transmission and accurate indoor
localization. VLC technology uses the existing LED
lighting system to transmit data, providing many
advantages such as wide bandwidth, energy saving, and no
electromagnetic interference. At the same time, visible
light localization (VLL) technology also allows for
accurately determining device location in spaces where
traditional GPS signals are difficult to operate effectively,
such as hospitals, warehouses, shopping malls, or smart
home systems. The combination of VLC and VLL, namely
VLCL, has been one of the potential trends. VLCL is
increasingly being integrated into Industry 4.0 and Internet
of Things (IoT) environments. These technologies support
human-centric systems by enabling accurate tracking for
operators interacting with augmented reality, virtual
reality, or collaborative robots. This is particularly crucial
in smart factories, where real-time localization enhances
human-machine collaboration and operational efficiency
while overcoming challenges posed by electromagnetic
interference common in industrial settings [10].

However, current VLC-based localization systems still
have difficulty maintaining accuracy when the receiver is
tilted randomly, which often occurs in practice. To address
this issue, a new study has developed an integrated visible
light localization and communication system that
simultaneously provides real-time, precise localization and
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high-speed data transmission. In particular, an advanced
differential phase difference of arrival algorithm was
developed to simplify the hardware design and increase
stability when the device moves. Experiments showed that
the VLCL system performs better than existing solutions
and maintains high accuracy even when the receiver is
tilted in real-world scenarios such as two-dimensional and
three-dimensional space [11].

To perform LED-based localization tasks, the authors
in the study [12] employed an optimal optical
omnidirectional angle estimator combined with a novel
three-dimensional (3D) angle-of-arrival localization
algorithm to reduce localization error and computational
cost. Additionally, two supplementary methods were
proposed to enhance accuracy when more than two white
LEDs are used, with experimental results demonstrating
centimeter-level precision. To improve localization
accuracy, some studies have focused on strengthening both
the transmitter and receiver; for example, study [13]
proposed a weighted least squares algorithm combined
with optimal calibration of LED tilt and gain, significantly
reducing localization errors compared to traditional
Gaussian  Processes and multi-lateration methods.
Meanwhile, to perform the localization process without
installing complex infrastructure, the Spectral-Loc solution
is proposed [14]. In that study, the author used variations
in the spectral distribution of the received light at different
locations. This solution achieves superior accuracy
compared to conventional light intensity sensors.

Recently, deep learning models have played a
significant role in improving the localization capabilities of
LED localization systems. This solution makes the system
more accurate and flexible than traditional methods.
Research indicates that integrating advanced Al techniques
with high-quality datasets and suitable evaluation methods
can substantially reduce localization errors in smart cities
and IoT applications [15, 16]. In addition to traditional
optical sensors, the study [17] proposed a localization
system that uses only a single PTZ camera. At the same
time, the authors used a CNN model trained on synthetic
images to detect an LED marker as an ellipse. This
approach enables accurate 3D localization in both indoor
and outdoor environments, without the need for GPS.
Moreover, instead of using an LED array, the author
proposed using a single photodiode and deep learning [18].
As a result, the proposed model achieved sub-meter
accuracy thanks to transformer-based denoising, GNN-
based error estimation, and PSO optimization. All the
above solutions apply IoT technology at a low-cost.

This study proposes a novel approach based on the
transformer architecture to enhance the accuracy of the
indoor localization system in multipath reflection
environments. Specifically:

e Applying the transformer architecture to indoor
localization using LED light signals, this study represents
pioneering efforts in leveraging attention-based models to
capture the complex spatial relationships among RSS
signals collected from multiple transmitters.

o Applying the self-attention mechanism, the model can

dynamically identify the most relevant RSS inputs, thereby
enhancing localization performance, especially in complex
environments such as Non-Line-of-Sight (NLOS) areas.

e Training multiple transformer models with different
initialization seeds and ensembling their predictions helps
reduce random errors, improving the system's stability and
generalization capability.

2. LED-based localization model and proposed method

This section is divided into two main parts to help readers
better understand the proposed method. First, we present the
indoor localization model using LED lights and the RSS data
collection process. Next, we introduce the regression method
using the ensemble-based transformer model, which is the
core component of the proposed localization system.

2.1. LED-based localization model

This study is carried out in an enclosed space measuring
5 x5 x 2.3 meters. This represents a standard indoor room
environment, as shown in Figure 1. For the lighting system,
16 LED lights are arranged at 1-meter intervals and placed
1 meter from the walls. This arrangement forms a uniform
grid on the ceiling. This ensures consistent illumination
across the space.

The walls of the room are painted with white paint, and
the main door is made of frosted glass. The texture
enhances the reflection of light and naturally creates
multipath propagation. This is a common phenomenon in
real indoor environments. Based on the texture, the average
reflectance of the walls and the doors is approximately 0.8.
The above setup ensures that the received signal at any
point includes both direct and reflected light components.
Since both types of paths are typically present in real-world
environments, the collected data are used to evaluate the
performance of the proposed transformer ensemble model.

Alongside the LED lighting system, a photodetector is
employed to capture the variation in light intensity from each
LED source. The sensor is placed close to the floor and can
move freely across a predefined grid to collect data at various
locations within the room. At each location, it measures the
RSS values emitted from the overhead LED lights.

To ensure the photodetector can distinguish the signals
from each LED, each light is modulated at a unique
frequency. Upon receiving the light signal, the
photodetector performs frequency-domain analysis to
identify the corresponding source. The modulation
frequencies used are as follows: 16 LEDs starting from
2 kHz, with each subsequent LED spaced 2 kHz apart. The
LED lighting system is configured with a semi-angle at
half power of 70°, corresponding to a Lambertian emission
order m. Each LED operates at 3 watts of power. The
receiver has a photodetector area of 107 m?, with an optical
filter gain of 1 and a concentrator gain determined by a
refractive index of 1.5 and a field-of-view (FOV) of 60°.

Using different modulation frequencies helps the system
clearly separate the light signals from each LED, even when
they overlap, and reduces the impact of noise from the
environment. As a result, the collected RSS data are easier
to distinguish and can be used reliably as input for the
proposed transformer ensemble-based Regression model.
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Figure 1. LED-based localization model

Photodetector

In VLL systems, the optical power received at the
photodetector consists of two main components: the direct
path signal (Line-of-Sight, denoted as Pros) and the
indirect reflection signal (Non-Line-of-Sight, denoted as
Pnros) from surrounding surfaces, especially from walls.
To model these components, mathematical expressions are
used to capture geometric and physical factors such as
distance, projection angle, surface reflectivity, and the
optical characteristics of the receiver.

The Pros component represents the direct optical power
transmitted from the LED to the sensor without
obstruction, while the Pxros component accounts for the
first-order reflections of light from walls or doors before
reaching the receiver. These two received power models
are formally expressed in equations (1) and (2) [19].

PLOS
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where:
P, Transmitted optical power from the LED source.
Ay Physical area of the photodetector (receiver).

m: Lambertian order of emission, which defines the
directionality of the LED radiation pattern. It is calculated
as m = In(2)/In(cos(®;;)), where @, is the LED’s half-
power angle.

d: Distance between the LED source and the receiver.
¢: Angle of irradiance.
w: Angle of incidence.

T{(w): Optical filter transmission gain, modeling the
effect of a filter placed over the photodetector.

G(y): Optical concentrator gain, which amplifies
received power depending on the incidence angle.

cos(y): Lambert’s cosine law component representing
the effective projection area of the photodetector.

Wmax: Field-of-view (FoV) limit of the photodetector;
outside this range, no signal is received.

Pyros =
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Ps 2nd§d§ pCOSm(d)) COS(“) COS(B) Asurfcos(wr)Tf(wr)G(wr):
()

for 0 <Y, < Yray
where:

d;: Distance from the LED source to the reflection point
on the wall or surface.

dy: Distance from the reflection point to the

photodetector.
p: Reflection coefficient of the surface.

a: Angle of incidence at the reflecting surface (from the
LED to the surface).

p: Angle of reflection from the surface toward the
receiver.

Ay Reflecting surface area involved in the indirect
light path.

w,: The incidence angle of the light from the wall.
2.2. Transformer ensemble-based Regression Model

As mentioned in the previous section, in indoor
localization systems based on LED lighting, the noise
caused by multipath reflection significantly reduces the
localization accuracy. These traditional localization
algorithms rely on simple linear relationships. Therefore,
they often struggle to estimate positions in the presence of
significant noise. With its self-attention mechanism, the
transformer algorithm can learn complex relationships
between input features.  Additionally, multiple
independently trained transformer models are combined to
enhance the stability and generalization capabilities of the
entire system. To perform the training and position
estimation process based on data obtained from the optical
sensor, we configure the parameters of the proposed
transformer ensemble model as described in detail in Table
1. This table presents information related to Model
architecture, training configuration, ensemble strategy,
data processing, and evaluation.

Table 1. Hyperparameters and training configuration of

the proposed transformer-based localization model

Category Parameter Value
Input dimension 16 RSS values
Embedding dimension 64
Model Number of attention heads 4
Architecture  Number of encoder layers 2
Input projection layer Linear (1 to 64)
Feedforward regressor 128to 2
Optimizer Adam
Learning rate 1x1073
Training ~ Loss function MSE
Configuration Batch size 64
Epochs 200
Weight initialization PyTorch default
Number of models 5
Esrﬁzgge Seeds used 0,1,2,3,4
Ensemble method Mean averaging
Data Feature scaling Standardization
Processing  Train—test split 80% — 20%
Evaluation Metric RMSE
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Figure 2. Transformer ensemble-based regression model

The overall procedure involves the main steps: data
preprocessing and preparation, model definition, ensemble
inference, training, and evaluation. The details of each step
are depicted in Figure 2 and presented as follows:

e Data collection and preprocessing

The floor is divided into a grid of size 25%25, creating
625 reference points. At each grid point, RSS values from
sixteen LEDs are recorded under NLOS conditions. These

measurements form the input vector of received optical
power as:

X=[P1’PZIP3""’P16] (3)

where P; is the optical power received from the i LED.
The corresponding output is the true location of the
photodetector:

Y =[x, yr] (4)
Prior to model training, both the input features and
output labels are normalized using standardization:

_ X~ Hx A
xnorm - . 4 ynorm - o (5)
x y
This normalization process improves model

convergence and ensures that all features are on a
comparable scale. The data are then partitioned into
training and testing sets using an 80:20 ratio.

o Transformer-based Regression Architecture

The proposed regressor utilizes a transformer encoder
architecture to model the nonlinear spatial relationship
between RSS signals and physical location. Each scalar
input P; is first projected to a higher-dimensional space via
a linear transformation [20]:

P, = Linear(P;) € Rd4model (6)

The resulting sequence [P,’, P,', P5’, ..., P;¢'] is then
passed through multiple layers of the transformer encoder.
The self-attention mechanism within the encoder allows
the model to learn contextual dependencies between the
input RSS signals, which may carry correlated spatial
information due to multipath effects.

The encoder output is flattened and passed to a fully

connected feedforward network to produce the estimated
2D coordinates [21]:

y' = f(flatten(Transformer(x))) (7
¢ Ensemble Learning Strategy

To improve the robustness and generalization of the
model, we adopt an ensemble learning approach.
Specifically, the transformer model is trained five times
independently using different random seeds. Each training
instance follows the same hyperparameters and
optimization procedure.

At inference time, the predictions from all five models
are averaged element-wise to form the final output:

1 n i
y’final = ; Z]-=0y’(]) (8)
where y'U) is the prediction from the j model.

e Training and Loss Function

All models are trained using the Adam optimizer with
a learning rate of 1x1073. The loss function is defined as
the mean squared error (MSE) between predicted and
ground truth positions:

L= 1ZN = il 9
=32, =l ©)

Training is conducted for 200 epochs using a mini-
batch size of 64. All models are implemented in PyTorch

and trained on a standard computing platform.
e Evaluation Metrics and Results

After ensemble inference, predictions are inverse-
transformed to return to the original coordinate system.
The localization accuracy is evaluated using Root Mean
Square Error (RMSE):

1 N
RMSE= 5> ly', = yill? (10)
i=

3. Results and Discussion

To evaluate the effectiveness of the proposed
transformer ensemble approach, we compare errors in
predicted positions with the actual positions for four
different algorithms: LSTM, linear regression, gradient
boosting, and the proposed transformer regression method,
as illustrated in Figure 3 to Figure 6.

Ground Truth

Linear Regression Predicted

-3 -2 -1 (o) 1 2 3
XR

Figure 3. Simulation results with Linear Regression
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Figure 4. Simulation results with the LSTM algorithm
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Figure 5. Simulation results with the gradient boosting algorithm
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Figure 6. Simulation results with Transformer ensemble-based
Regression Model
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Figure 7. RMSE comparison

In the Linear Regression model, the predicted results
deviate significantly from the ground truth, especially at
the edges. The LSTM method improves the localization
results in the middle region but incorrectly predicts the
results in the edge region. In the third approach using the
gradient boosting algorithm, the localization error is
significantly reduced compared to the previous two
methods; however, it remains 21% higher than that of the
transformer ensemble method. Thus, our proposed model
has the best ability to learn spatial features

Comparing the four algorithms, the proposed solution,
namely the transformer ensemble model, outperforms
traditional methods in accuracy. Specifically, the RMSE of
linear regression is 0.701 m (Figure 3), while LSTM is
0.676 m (Figure 4), and gradient boosting is 0.422 m
(Figure 5). Meanwhile, the transformer ensemble only
reaches 0.334 m (Figure 6), 52.3% lower than linear
regression and 50.6% lower than LSTM, and 20.9% lower
than gradient boosting, as presented in Figure 7.

These numbers show that the transformer ensemble
reduces the localization error by half compared to popular
machine learning models, thanks to its ability to
automatically identify actual signals in noisy environments
and multipath reflections. This clearly demonstrates the
potential of attention architectures in indoor localization
applications using visible light.

In addition to analyzing the localization results
throughout the entire room, the analysis and comparison of
localization errors at the center of the room (3x3 m) and the
edge area near the four walls and corners were also
conducted, as shown in Table 2. The results show that in
the center area, the transformer ensemble algorithm also
achieved the highest accuracy, with a value of 0.14 m. In
comparison, the edge area had a value of 0.39 m. Other
algorithms also demonstrated better accuracy in the central
area than in the peripheral area. Specifically, in the center
area, Gradient boosting, LSTM, and Linear regression
achieved errors of 0.39 m, 0.57 m, and 0.62 m,
respectively. Meanwhile, the errors at the edge of those
algorithms were 0.49 m, 0.72 m, and 0.76 m, respectively.
Thus, in all cases, the transformer ensemble learning
algorithm also achieved the lowest localization error.

Table 2. Localization accuracy in central and rim regions

. RMSE in central RMSE in rim
Algorithm . .
region region
Transformer ensemble 0.14 0.39
Gradient boosting 0.39 0.49
LSTM 0.57 0.72
Linear regression 0.62 0.76

4. Conclusion

In this study, we proposed a method that combines the
transformer and ensemble approaches to address the
challenges caused by multipath reflection and signal
interference. Thanks to the self-attention mechanism, the
model automatically selected and focused on the most
critical RSS signals. Simulation results demonstrated that
the model significantly reduces the localization error in
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both the central region and the surrounding areas of walls
and corners. Results showed that the method achieves a
root mean square error (RMSE) of approximately 0.14 m
in the central region (3 x 3 m) and 0.39 m in the rim
regions. Therefore, our proposed approach achieved an
overall error of 0.334 m.

The future research direction will focus on deployment
in real environments to verify practical applicability and
improve the attention algorithm to increase accuracy and
adaptability to more complex situations.
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