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Abstract

Visible light positioning (VLP) based on received signal strength (RSS) offers a low-cost
solution for indoor localization, being easily implemented in a warehouse based on existing
infrastructure. However, RSS-based VLP remains challenging in 3D and yields subpar
performance compared to 2D due to the larger localization space, as well as the presence of
dark spots where many LEDs are not bright enough. This limits the practical use cases of
RSS-based VLP in industrial applications. We study the performance of RSS-based VLP
on a 3D simulated environment by training various machine learning models, including
Gaussian processes and Kolmogorov–Arnold networks on different representations of RSS
data. Our findings show that the use of Gaussian processes for predicting distances to LEDs
coupled with a logarithmic transformation and multilateration leads to both high-accuracy
and high-precision predictions under thermal noise (p95 localization error of 10 cm under
50 dB SNR). With this technique, RSS-based VLP reaches levels of accuracy in our simulated
3D environment that are comparable to those reported for 2D applications, supporting the
extension of RSS-based VLP to height-varying industrial use cases.

Keywords: visible light positioning; 3D indoor localization; machine learning

1. Introduction
The inability of global localization systems such as GPS to provide accurate position

estimates indoors creates a demand for dedicated indoor localization techniques [1], which
is exacerbated by the advent of automated vehicles in warehouses. Among the variety of
techniques used in indoor positioning, visible light positioning (VLP) stands out as a good
option due to its high precision and lack of need for expensive equipment or extensive
computing power. Moreover, VLP can also be applied in warehouses where ultra-wideband
or Wi-Fi-based localization techniques struggle due to interference, particularly in changing
environments where the position of objects might not be the same from one day to the
other [2]. The ultra-wideband and Wi-Fi-based localization techniques also have higher
energy consumption than VLP-based techniques [3]. With VLP, the same light used to
illuminate the workspace can also be used for localization, further driving down the energy
costs. VLP can be deployed to localize forklifts and robots in warehouses, personnel, and
equipment in mines, the positioning of drones being used indoors and the localization of
robots in household applications [4,5].

VLP is an infrastructure-based localization system, requiring deployed beacons to
function. Within VLP, different localization techniques can be employed. Examples are
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shown in Figure 1. Time difference of arrival or angle difference of arrival techniques
require either synchronized clocks [6] or multiple photodiodes to function [7], thus driving
up the costs. Received signal strength (RSS)-based VLP, on the other hand, does not need
any synchronized clocks and can be done with a single photodiode as long as the diode can
distinguish the light emitted from different light-emitting diodes (LEDs) [7]. This distinction
is made possible by modulating the light emitted from the different LEDs at different
frequencies, which are also invisible to the human eye. A frequency analysis at the receiver
output is then performed to extract the RSS from each LED [8]. The frequency analysis can
either be done by a full fast Fourier transform or with techniques built around the Goertzel
algorithm [9], which allows for the extraction of specific frequency components chosen
beforehand, making for a low-cost design that does not require extensive computation
power. Both of these approaches do not require any signal matching between receiver
and transmitter, and are hence low-complexity implementations. The obtained RSS can
then be used to determine the location of the photodiode within the warehouse with either
trilateration techniques or machine learning models. Machine learning (ML) models are
particularly useful because they can make up for the non-idealities of the environment,
such as multipath propagation, the presence of fixed obstructions, misalignment of the
LEDs and their asymmetrical radiation patterns. RSS-based VLP is very precise and has
been shown to achieve decimeter-level accuracy [10,11] in 2D applications.

Figure 1. VLP techniques for localization based on fixed LED positions and tag photodiode(s). On
the left: an angle difference of arrival or time difference of arrival approach based on an array of
photodiodes. On the right: a received signal strength-based technique relying on a single photodiode
with light sources modulated at different frequencies.

The field has grown considerably in recent years, with many experimentally vali-
dated VLP prototypes, as discussed in recent survey papers on VLP and visible-light-
based indoor localization [12–14]. Some of these prototypes even focus on the 3D set-
ting. In [15], a receiver composed of four photodiodes placed behind imaging optics was
combined with a neural network, reaching 90th-percentile errors of 3.7 mm in 2D and
51 mm in 3D, the latter within a 540 mm × 540 mm × 120 mm test volume; in [16], a
convolutional network trained on the optical power received by four helmet-mounted
photodiodes localized personnel within a 6 m × 3 m × 3.6 m underground gallery with
a mean experimental error of 11 cm, and did this using only two LEDs (having more
photodiodes allows for such a technique); in [17], a single luminaire observed by a
low-cost camera yielded real-time 3D estimates with an average error of 4.3 cm in a
2 m × 2 m × 3 m volume, with the image sensor providing the angular information that
a bare photodiode cannot. A related camera-based implementation was reported in [18],
where a single LED attached to the tracked object was observed by low-resolution ceiling-
mounted cameras, with sub-pixel light-spot estimation used to recover the 3D position. It
should be noted that these systems rely on image sensors, multiple photodiodes, or compar-
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atively small localization volumes; accurate 3D localization across a large, height-varying
industrial space using a single fixed-orientation photodiode remains an open challenge.

VLP in 3D is generally more difficult than in 2D due to the larger search space. Another
added complexity of RSS-based VLP in 3D is the presence of dark regions where most if not
all LEDs become dim compared to background noise due to their directional propagation
characteristics. This problem is at its worst in the corners of the room, which are likely far
away from the LEDs, as well as being far away from their main axis of propagation. Though
the problem of dark regions is also present in heights that near those of the LEDs, it is at
these heights that the light emitted from the LEDs are most concentrated immediately under
the LEDs, leaving much of the space dark and significantly reducing positioning accuracy.

The use of ML-based techniques has become quite popular in VLP [19]. In [20], the
receiver consists of a single photodiode rotated through a sequence of orientations, in effect
replicating a photodiode array with one sensor (albeit at the cost of having to wait for a
rotation to obtain a measurement, decreasing the sample rate); this allows localization to be
carried out with a single LED, with a random forest first assigning the receiver to an interior
or wall-adjacent zone so that the accuracy degradation caused by diffuse wall reflections can
be treated separately. Comparative studies between learned and model-based estimators
have further shown that, given a careful hyperparameter tuning procedure, feedforward
networks can match the accuracy of a maximum-likelihood estimator while substantially
reducing prediction time [21]; learned fingerprinting approaches have likewise reached
centimeter-level accuracy [22].

The calibration data required by learned models is not negligible, though. In [23], a
robotic platform paired with virtual-reality tracking collected RSS measurements at more
than 7000 locations to enable a comparison of positioning algorithms; classical model-based
positioning was found to remain competitive with learned models when the calibration
set is small. Gaussian processes are attractive in this regard, as their Bayesian uncertainty
estimates can guide the data collection itself, leading to a better distribution of the data
across space, an approach already demonstrated for RSS-based VLP [24]. Kolmogorov–
Arnold networks have in turn been investigated for radio-frequency fingerprinting-based
localization [25].

In this work, we perform a thorough benchmark of three types of machine learning
models with various representations of VLP data collected from a simulator based on the
radiation pattern measurements of three VLP LEDs. We find the best combinations by com-
bining Gaussian processes with a logarithmic transformation and multilateration, and show
that RSS-based VLP can also achieve high accuracy in 3D under the simulated conditions
considered in this work; this strengthens the case for RSS-based VLP in 3D applications,
though an experimental validation of the proposed scheme is left for future work. The pro-
posed method is data-efficient and performs well according to all metrics (mean accuracy,
95th percentile precision, etc.) Lastly, we also investigate the impact of varying levels of
noise on localization performance and show that our technique is robust down to an SNR of
50 dB, with accuracy degrading gradually at lower SNRs.

Section 2 describes the simulated VLP environment. Section 3 details the data genera-
tion process and the considered RSS data representations. Section 4 introduces the machine
learning models used for localization. Section 5 provides the implementation details of
the models and of the multilateration step. Section 6 presents the results and the noise
robustness analysis. Section 7 discusses these results in the context of the existing literature.

2. Simulation Environment
In RSS-based VLP, the RSSs are used to determine the position of the photodiode.

This is because real VLP environments pose quite a few challenges that make localization
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difficult. A non-comprehensive list of such challenges would be reflections; broken lines of
sight from LED to photodiode [26]; dust particles in the air and accumulating over time
on top of the LEDs or the photodiode surface area; inherent noise coming from ambient
light sources; small manufacturing defects that cause LEDs to emit light according to a
non-symmetrical radiation pattern; the false assumption that the LEDs are aligned perfectly
vertically; etc. Due to the high number of unpredictable conditions in the environment,
naive trilateration-based approaches struggle and have lower accuracy compared to algo-
rithms trained on data from the environment [26]. Industry implementations of RSS-based
VLP thus rely on data collected from the environment to integrate out the mentioned effects.
The collection of said data to adapt model behavior is known as calibration. In [27], the
question of how to rely on data to counteract the non-zero and non-negligible tilt of LEDs
installed in warehouses is discussed.

In order to collect the data necessary to train and test predictive models using machine
learning, we have created a simulation environment that models the behavior of LEDs and
photodiodes within a warehouse.

LEDs: Each LED emits light according to its radiation pattern. The LEDs used for
VLP are not spherical light sources, but rather a more directional type of light source that
emit more light towards the normal direction. They are often modeled as Lambertian light
sources [28] that emit light according to a radiation pattern described by the equation:

I(θ, d) = I(0)
m + 1

2π

cosm(θ)

d2 , 0 ≤ θ ≤ π

2
. (1)

The intensity of light I as a function of the angle with respect to the normal vector of
the LED θ and the distance d is proportional to some power m (called the Lambertian order)
of the cosine of θ, and it also decreases with the square of d. It should be noted that the LED
does not emit light towards the half-space that lies behind the normal direction of the LED.
A real LED’s radiation pattern I(θ, ϕ) also depends on the azimuthal angle ϕ. To take this
into account, we use measurements of three different real-world LEDs designed for RSS VLP,
recording the intensity of light emitted in each direction. The difference in radiation pattern
between the hypothetical model and real-life measurements (see Figure 2) can induce
drastic accuracy degradations, especially for non-calibrated techniques. In our simulations,
we use the real-life measurements of the LED radiation patterns to model the LED behavior.
The radiation pattern data used in this work is from Xicato LED modules and is collected
using a TechnoTeam Bildverarbeitung GmbH, Ilmenau, Germany RiGO801-L near-field
goniophotometer (KU Leuven Light & Lighting Laboratory: https://iiw.kuleuven.be/
onderzoek/lichttechnologie/english/equipment/nearfieldgoniophotometer, accessed on
11 July 2026). The radiation intensity is measured at every 1◦ interval for all θ and ϕ

combinations and is linearly interpolated to obtain a continuous radiation pattern.
Photodiodes: The light emitted from each of the LEDs is captured by the photodiode,

which can be located anywhere within the warehouse with any orientation, though in our
experiments the diode surface area is restricted to always point upward. This sets the scope
for our localization technique, which is in three spatial dimensions without taking into
account the three extra dimensions that come from orientation.

The received signal strength of the LED with radiation pattern I(θ, ϕ) is calcu-
lated with:

RSS =
I(θ, ϕ)

d2 cos
(
θDiode

)
A (2)

where θDiode is simply the angle the LED has with respect to the normal direction of
the photodiode and A represents the sensor’s sensitivity, active surface area and related
constants. It should be noted that the values of such parameters are not individually

https://doi.org/10.3390/photonics13070613

https://iiw.kuleuven.be/onderzoek/lichttechnologie/english/equipment/nearfieldgoniophotometer
https://iiw.kuleuven.be/onderzoek/lichttechnologie/english/equipment/nearfieldgoniophotometer
https://doi.org/10.3390/photonics13070613


Photonics 2026, 13, 613 5 of 19

consequential for the localization performance reported in this work, as they only affect
the resulting RSS measurements multiplicatively. Their effect can thus be captured by the
resulting signal-to-noise ratio (SNR). We therefore fix them to representative values and
treat the SNR as the determining variable.

Figure 2. The manufacturing process results in asymmetries in how much light a real LED emits in
each direction. On the left, the measured I(θ, ϕ) values for an LED manufactured for VLP purposes
using a photo goniometer; on the right, a calibrated Lambertian radiation pattern that best matches
the measurements for the same LED.

3. Data Generation and Representation
In this section, we describe how training and test data of our models is obtained.

3.1. The Room Configuration

For testing the performance of RSS-based VLP in 3D, we consider a warehouse of
8 m × 8 m surface area with five LEDs placed at the ceiling at a height of 5 m with
respect to the ground. One LED is placed at the center of the ceiling and the others are
placed at the corners of a 4 m × 4 m square centered around the first and aligned with
the walls. Localization in this warehouse is a challenge due to its large size. Due to the
directional nature of the LED radiation patterns, the upper corners of the room are the
darkest locations in the room, making accurate localization even more challenging. At
heights near the ceiling, most of the locations receive practically no light from any of the
LEDs, thus making RSS-based VLP infeasible. To combat this, we restrict the localization
volume to the 8 m × 8 m × 3.5 m rectangular cuboid.

3.2. Sampling Technique

Training Data: The training data is sampled in a point-wise manner. The training
samples contain no Gaussian noise because we assume that the photodiode can be halted
for oversampling during calibration. An oversampling rate of four is enough to bring the
SNR from 40 dB (worst-case scenario in practical settings) to 60 dB (where we later show
that model performance is unimpaired compared to no noise). As for the sample locations,
we use a space-filling Halton sequence to capture the global structure of the input-output
mapping [29]. Samples from the eight corners of the room are also included in the training
data to reduce the areas where the models must extrapolate. The warehouse configuration,
as well as the sampling scheme, can be observed in Figure 3, where each photodiode shown
corresponds to a location where the RSS from each LED is recorded. We report the findings
for models trained on 50–400 training samples.
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To test the robustness of our models, we generate 10 datasets per training size (ranging
from 50 to 400 samples) according to different Halton seeds.

Figure 3. The warehouse configuration for the localization scheme contains five LEDs all placed
at the same height of 5 m above ground level. Localization is restricted only in the zone inside the
cuboid where the height is less than 3.5 m. The LED radiation patterns come from measurements of
real world LEDs. The sampling scheme includes samples on the boundaries of the room as well as
space-filling samples according to the Halton sequence. The figure depicts eight corner samples and
42 Halton samples.

Test Data: To test the performance of the trained ML models, we collect samples in a
fine grid according to a crystal of 50 × 50 × 50 samples along the three spatial dimensions.

These data are corrupted with varying levels of noise to quantify model performance
under noisy environments. This corresponds to the scenario where we cannot rely on
oversampling to reduce the effects of the additive noise (e.g., if the vehicle is moving). To
this end, we fix the central LED and the floor of the localization area as baseline and tune
the noise variance such that an average SNR of 60, 50, 40 and 30 dB is obtained.

We later provide the performance of our best model type under noisy and noiseless
conditions to show the effects of added noise on localization accuracy.

3.3. Data Representations

In this paper, we address three possible transformations of the data and investigate
their effects on model performance.

Absolute Representation: This is the most basic approach as it involves making no
changes to the data apart from standardization. The received signal strengths from all
the LEDs (five in our case) are used as inputs to the model and the models are trained to
predict the x, y, and z locations in 3D space.

Figure 4 shows the pair plots between RSS from the central LED and the output
features (position). Higher RSS generally corresponds to higher heights, although the
relationship is non-linear. The data shown in this plot comes from the dense sampling used
for the test set, training datasets include significantly fewer data points.

The model input and outputs are

RSSn → XYZ, ∀n

Relative Representation: The warehouses in which the photodiodes must be used
for localization do not always have stationary conditions. Dust and other particles in the
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air may affect the transmittance of the air and these same particles may accumulate on
the photodiode over time, resulting in reduced and thus faulty received signal strength
measurements. Aside from continual calibration, another way to combat this would be to
engineer features that inherently resist this type of degradation. The ratio of two received
signal strengths is one such feature. Under the assumption that small dust particles can be
modeled as casting a uniform shadow on the photodiode surface in an isotropic manner,
all received strengths will be affected by the same transmittance. For a total of n LEDs, we
may form (n

2) pairs of distinct LEDs whose received signal strength ratios can be used as
features for model training. The model inputs and outputs are

log
RSSn

RSSm
→ XYZ, ∀ n, m | n < m

LogD Representation: The signal strength received from an LED gives us information
on the photodiode’s distance to that LED. In the case of perfectly spherical light sources,
this relation is a bijection assuming the photodiode is always pointed towards the LED.
According to the inverse-square law and one calibration point, one may recover the distance
to the LED based on the measured RSS. If this can be done for at least four LEDs and
the locations of these four LEDs are known, then the position of the photodiode can be
determined by multilateration.

Figure 4. Pairplots between the intensity of the central LED and the x, y, and z coordinates. The
closer we are to the center of the room (right underneath the central LED), the higher the RSS. The
higher we are in height (and thus closer to the LED), the higher the RSS.

The LEDs used for VLP, however, are not spherical and the photodiode orientation is
also restricted to always remain pointing upwards. For this reason, the relationship between
RSS and distance to LED is not a bijection. However the inverse-square propagation law
persists along each direction, such that higher RSS likely means lower distance. Approaches
based on estimating no longer the exact but the expected distance to the LED given
the measured RSS have been used for VLP in the past, though models trained on the
absolute data as discussed earlier have been shown to outperform this naive multilateration
approach. This is because this approach does not take into account the asymmetries of the
LEDs and the imperfections of the environment and base their multilateration scheme on a
Lambertian modeling of the LEDs, resulting in poorer performance.

A different approach is to use machine learning models to predict the distances to the
LEDs based on the RSS. This allows for the prediction of the distance to each LED to also
take advantage of the knowledge of the RSS from other LEDs, and the asymmetries and
imperfections of the environment will be learned through the data. To do this, we apply
the following preprocessing step to the data which puts input features (RSS) in an (almost)
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linear relationship with the corresponding output features (distance to LEDs) according to
the inverse square law:

log RSSn → log Dn, ∀n

This (almost) linear relationship between corresponding input and output features for
the same LED can be seen in Figure 5. This linearity is broken by non-isotropic radiation
patterns and may be further broken by noise or reflections/refractions. The global localiza-
tion scheme for models using this preprocessing of the data, including the multilateration
step to obtain the XYZ, is shown in Figure 6. The multilateration step uses the known
locations of the LEDs and is based on gradient descent. The multilateration was tested
for accuracy and produces a worst-case error below 0.5 mm at the worst possible case
(assuming the correct distances were output by the model). Any error at the output thus
stems from the ML models.

Figure 5. Pairplots between the logarithms of received signal strength and distance to the same LED.

Figure 6. The logD models are trained to use the logarithms of RSS to predict the logarithms of
distances to LEDs. At evaluation, the model outputs are converted back into the XYZ domain with
multilateration based on distances to LEDs.

4. Machine Learning Models
In the proposed RSS-based VLP scheme, ML models are used to capture the relation-

ship between the input and the output data. In its simplest form, this would be an ML
model that takes the RSS measurements from all the LEDs as input and yields the x, y, and
z location predictions as output. We consider three types of ML models:

Gaussian Processes (GPs): GPs are probability distributions over functions and provide
a Bayesian framework for modeling the input–output behavior of functions. This is done
by combining a prior distribution over functions, with a covariance matrix (a.k.a. kernel)
that correlates the outputs of inputs that are close to each other in the input space, with the
sampled input–output data to obtain a posterior distribution over functions. This posterior
predictive distribution not only has a mean that we can use as the prediction but also an
uncertainty, providing information on how certain the model is about its prediction for a
certain input. This information can be used to guide the data-collection process towards
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more informative samples in what is more generally known as Bayesian Optimization or
Active Learning and has already been implemented for RSS-based VLP [24].

Neural Networks (NNs): NNs are a basic yet powerful type of feedforward neural
network composed of multiple layers of interconnected nodes [30]. Each node applies
a learned linear transformation to its inputs, then passes the result through a non-linear
activation function. The successive composition of such linear transformation + non-linear
activation functions remains a differentiable function, meaning that gradient-descent-based
methods can be used to teach the input–output behavior of the data to the model (e.g., from
RSS measurements to predicted location) [31].

Kolmogorov–Arnold Networks (KANs): KANs are a relatively new type of machine
learning model and are inspired by the Kolmogorov–Arnold representation theorem [32].
This theorem states that any continuous multivariate function can be expressed as a finite
sum of univariate nonlinear functions applied to linear combinations of the inputs. In
contrast to NNs, where the nonlinear activation functions (placed on the nodes) are fixed
and it is the weights and the biases that must be tweaked for the model to learn, in KANs,
it is these activation functions (placed on the edges) that must be learned and the nodes
serve only for summation. One attractive point is the interpretability of the final trained
models as the trained models can often be pruned before undergoing some slight retraining
to give a functional representation of the input–output behavior of the data [33].

5. Materials and Methods
The simulation environment based on real-life LED radiation pattern measurements

as well as the data sampled at various noise levels are made available at GitHub. The
model training procedure and pretrained models are also provided so that the study can be
fully reproduced.

5.1. Multilateration Implementation

For the LogD representation, the machine learning models predict the distances from
the photodiode to the LEDs. These predicted distances are then converted to spatial
coordinates by a multilateration step. This step is implemented as a bounded least-squares
optimization problem using the L-BFGS-B algorithm [34], as implemented in SciPy [35].

Let d̂i denote the model-predicted distance to the ith LED, and let pi ∈ R3 denote the
known position of that LED. The estimated photodiode position x̂ ∈ R3 is obtained by
minimizing the mean squared distance residual

x̂ = arg min
x∈B

1
n

n

∑
i=1

(
∥pi − x∥2 − d̂i

)2
, (3)

where n is the number of LEDs and B denotes the imposed bound constraint. In our
implementation, the only active bound is

xz = z ≤ 5 m, (4)

This constraint is necessary due to the fact that all LEDs lie on the same plane (the
ceiling), meaning that there are always two solutions possible to a set of given distances to
the LEDs, one on each side of the plane. The constraint simply eliminates the solution which
lies above the ceiling. The horizontal coordinates are left unbounded. The optimization is
initialized at the centroid of the LED positions. The default L-BFGS-B convergence settings
of SciPy were used in our implementation, corresponding to a relative reduction tolerance
of approximately 2.2 × 10−9, a projected gradient tolerance of 10−5, and a maximum of
15,000 iterations.
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Since the considered setup contains five LEDs and only three unknown spatial co-
ordinates, the multilateration problem is over-determined. This makes the solution less
sensitive to individual distance prediction errors than a minimally determined system,
although systematic errors in the predicted distances can still bias the final position es-
timate. Across the full test grid, no convergence failures were observed when using the
centroid initialization.

To verify that the multilateration step itself does not introduce a significant numerical
error, we also evaluated it using the ground-truth distances from the test locations to the
LEDs. In this case, the worst-case localization error introduced was below 0.5 mm. The
localization errors reported in Section 6 are therefore caused by model predictions.

5.2. GP Training

The GPs in this work are all implemented as standard exact GP regression with a
zero mean function and a Squared Exponential kernel (such that the GP is a universal
approximator) with automatic relevance determination in the gpflow library. Each input
dimension carries its own length scale, giving five length scales for the Absolute and LogD
representations and 10 for the Relative representation. GPs being non-parametric ML
models, the free hyperparameters are jointly optimized by maximizing the log marginal
likelihood with gpflow’s wrapper around SciPy’s L-BFGS-B implementation. The opti-
mization is initialized with 0.2 for all length scales and a noise variance of 1 × 10−4, with
the default gpflow initial kernel variance; since the inputs are pre-standardized to unit
variance, a length scale of 0.2 corresponds to roughly 20 percent of the input scale, though
this value was not further tuned. The optimizer terminates under SciPy’s default L-BFGS-B
convergence criteria (relative reduction in the negative log marginal likelihood below ap-
proximately 2 × 10−9, gradient norm below 1 × 10−5, or a maximum of 15,000 iterations).
For all three representations the GP is trained as a multi-output model with the kernel and
its hyperparameters shared across output dimensions.

5.3. NN Training

The neural networks are implemented in TensorFlow/Keras and share an architec-
ture across the three data representations: an input layer matching the representation’s
feature dimension, two fully connected hidden layers of 15 units each with ReLU activa-
tions, and a linear output layer matching the target dimensionality (three outputs for
Absolute and Relative, five outputs for LogD). Weight initialization is done according to
Glorot uniform sampling for the kernels and zero for the biases, which are the default
Keras defaults.

We train each network by minimizing the mean squared error between predicted
and true targets using the Adam optimizer with its Keras default hyperparameters
(eta = 1 × 10−3, beta1 = 0.9, beta2 = 0.999, epsilon = 1 × 10−7), a batch size of 250, and
a fixed number of training epochs: 20,000. In every configuration, the training loss was
observed to plateau well before the chosen epoch limit.

The architectures and optimizer settings were kept identical across the three repre-
sentations, with only the input and output dimensions adapted to each one; this was
a deliberate choice, since the comparison of interest in this work is across the data
representations and across the model classes, and applying the same configuration
throughout ensures that any performance differences reflect the data representation
and the model class rather than differences in tuning effort. A more thorough sweep of
width, depth, activation, or learning rate could improve the NN’s performance further
in each representation.
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5.4. KAN Training

We use the reference pykan implementation of KANs. The architecture has the form
[Din, 3, Dout]: a single hidden layer of three KAN nodes connecting an input layer of size
matching the representation to an output layer of size matching the target dimensionality.
The learnable activations on each edge are based on B-splines of degree k = 3. Following
the pykan grid-refinement procedure, training proceeds in two stages: we first train with
a B-spline grid size G = 3 for 30,000 optimizer steps, then call on refine(10) to upsample
the splines to G = 10 and train for another 30,000 steps. Both stages use pykan’s internal
Adam optimizer with learning rate 1 × 10−3 and a batch size of 128. The training losses
were observed to plateau long before the optimizer steps expired at each stage.

As with the NN, the same architecture and hyperparameters are used across all three
representations to maintain a controlled comparison; a more targeted KAN hyperparameter
search could likewise improve performance in each representation.

The computation times reported in this study were carried out on a workstation
equipped with Intel® Core™ Ultra 7 165U, 12 cores, 16 GB DDR5 RAM. Software versions
used were Python 3.12.3, TensorFlow 2.16.2, gpflow 2.11.0, and pykan 0.2.8. It should be
noted that NN training times could be reduced by training on GPUs, whereas the computa-
tions required to train a KAN do not parallelize to the same extent across multiple cores.

6. Results
The error distribution for the different models is shown in Figure 7. Two observations

can be made. The first is that within each data representation, the GP models seem to
perform the best among the three types of ML models tested. The second is that among
each type of ML model, the LogD representation of the data appears to be the best when it
comes to accuracy. The combination of a GP model and a logD representation for the data
is consistently the best.

Figure 7. Prediction error in Euclidean distance of every type of model trained on every representation
of the data for models trained on 50, 100, 200 and 400 training samples.

Additionally, the higher levels of accuracy achieved by the GPs are robust to different
random Halton samplings. In contrast, NN and KAN performance may vary significantly
based on different random parameter initialization and where the samples are taken. This
can be observed in Figure 8 where the NNs and KANs have high variance in model
performance, whereas the GP performance is robust. Although each GP received data
sampled at different locations, they all have similar levels of accuracy. In contrast to GPs,
both NN- and KAN-based ML models exhibited lower levels of accuracy, as well as more
variability in model performance conditioned on different random initial samples and the
initialization of the network parameters. A numerical representation of Figure 8 can be
found in Appendix A.
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Decomposing the Euclidean error made by the models along the x, y, and z axes
(z being the vertical axis) shows that the localization scheme favors localization along
the vertical dimension, as shown in Figure 9. We can expect a difference in performance
when comparing the z axis to the x and y axes because the LEDs are pointing from top
to bottom, and also the localization height is limited to 3.5 m compared to the full 8 m
along the other dimensions. Interestingly, however, using the LogD representation of the
data seems to eliminate this asymmetry, causing model performance to be very similar
along all three dimensions. It is unclear, however, whether this behavior is specific to the
considered configuration.

Figure 8. Cumulative error distribution based on Euclidean distance for all types of models. Lines
show the mean CDF across the 10 different seeds (training samples at different locations, as well as
different random model initialization); shaded bands span the 20th–80th percentile. Each of these
10 models also received a different set of Halton random samples in their training data.

Figure 9. Breakdown of the error of every type of model along each spatial direction. The config-
uration (room size, LED positioning) shows a general favor towards the z axis as the models have
significantly smaller errors along this direction apart from the LogD models.

It should be added that the additional accuracy achieved by the logD implementation
comes with additional computational cost, as it requires an extra step of multilateration at
the output, potentially slowing down the sample acquisition rate and responsiveness of
localization. The runtimes for model inference are given in Table 1 where we can observe
that multilateration slows down model inference by three orders of magnitude. However,
it should be stated that our implementation of multilateration was not built with speed in
mind and significantly faster multilateration speeds may be achieved by adding optimized
solvers or closed-form initialization strategies. Regardless, when implementing the logD-
based technique for VLP, more thought needs to be given to the speed of the multilateration
if inference time is the bottleneck of the sample rate.

The three types of models compared in this work scale differently. Training an exact
GP on n calibration points requires the Cholesky factorization of an n × n matrix, which
comes at O(n3) in computation time; the posterior mean can then be inferred at an O(n)
computation cost and the predictive uncertainty at an O(n2) computation cost. NNs and
KANs, on the other hand, are trained with stochastic gradient descent, meaning that
the training cost can either be set in terms of a fixed number of optimizer steps (as we
have done with the KANs, see Section 5.4) or in terms of a fixed number of epochs (as
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for the NNs). The training cost is then O(P)—independent of n—or O(nP), respectively,
where P represents the number of network parameters being updated. Representative
training times for individual models across all three model classes can be seen in Figure 10.
Though the cubic scaling factor of the Cholesky decomposition is not yet dominating for
the small dataset sizes that we consider, it is clear that the exact GP training time may
impose scalability restrictions, especially if one is working with dense datasets or with
localization areas much larger than the one reported in this study. That said, given that
calibration only takes place once or upon every recalibration step, we posit that exact
GPs can be adequate for datasets of up to 4000 samples. For larger datasets, a sparse
variational GP is recommended, which introduces m ≪ n inducing points and reduces the
computational cost of training to O(nm2) while preserving the ability to output a Bayesian
uncertainty metric. An interesting observation is that the LogD GPs appear to finish
training approximately three times faster than their absolute and relative counterparts. We
suspect this is due to the linearizing effect of the logarithmic transform on the input–output
relationship; the L-BFGS-B algorithm responsible for the hyperparameter optimization is
likely working within a smoother landscape and is able to converge in fewer iterations.

Table 1. Mean inference time of models and the added time to convert log distances to spatial
coordinates with multilateration. These models were trained on 400 samples.

Model/Step Runtime (µs)

Gaussian Process (GP) 30
Neural Network (NN) 2
KAN 3

+Multilateration 5422

Figure 10. Average training time required for each individual model based on model type and data
representations. Exact GP training time expected to scale cubically with training data size, though
this regime is not yet attained with these dataset sizes.

Finally, the impact of noise on model performance for the LogD-GPs can be seen in
Figure 11 where significant accuracy drops below 50 dB SNR. The LogD-GPs can achieve a
p95 of 10 cm in 50 dB SNR environments given the 400 training samples in our setup. A
comparison between our work and VLP systems reported in the literature is summarized
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in Table 2. It should be noted that these systems differ in room dimensions, number of
LEDs, localization volume, SNR conditions, receiver type, and validation methodology
(simulation versus experiment); Table 2 therefore situates our results within the broader
performance landscape rather than constituting a controlled benchmark.

Figure 11. Noise can impact the performance of the models; this figure shows how the performance
of models trained on 400 training samples fared against noise.

Table 2. Comparison of RSS-based VLP systems reported in the literature with the GP-LogD models
trained on 400 samples. The listed systems differ in geometry, LED count, SNR conditions, receiver
type, and validation methodology; the reported errors are indicative rather than directly comparable.

Paper Dim LEDs Localization Space SNR p95 Error

[36] 2D 4 6 m × 6 m 50 dB 6 cm
[37] 3D 81 9 m × 9 m × 4 m × orientation 20 dB 21 cm
[38] 3D 4 1.2 m × 1.2 m × 0.4 m – 8–11 cm
[39] 3D 4 4 m × 4 m × 1.91 m 19–83 dB 5 cm
This work 3D 5 8 m × 8 m × 3.5 m 50 dB 10 cm

7. Discussion
Within RSS-based VLP, there are many different techniques available. In [18], a single

LED is attached to the object to be tracked with 12 low resolution image sensors placed on
the ceiling (the inverse of our setup) and they perform localization in a 1 m × 1 m surface
area at fixed height and report a 3D localization error of 2.5 cm.

In [37], the challenging task of performing localization and orientation simultaneously
is undertaken. The localization and orientation are performed in a 9 m × 9 m × 4 m
room (very similar to ours) with a similar setup, a photodiode that captures RSS from
LEDs placed on the ceiling. The SNR of the signal from each LED was reported to be at
around 20 dB in the study and they relied on a total of 81 LEDs to do the localization.
The study is also simulation-based but relies on a Lambertian hypothesis. Based on the
Lambertian hypothesis, they derive a closed-form algorithm for localization and are not
data-reliant. The similar room sizes make this comparison relevant, as they report having
a p95 accuracy of 21 cm. However, this is a significant accomplishment given that they
localize the photodiode under different orientations than just upward-facing. Regardless,
with the high number of LEDs used in the study, they are able to manage such accuracies.
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One drawback of their closed-form expression, however, is that the time it takes to obtain
the position and orientation was reported to be more than two seconds on their system.
This is orders of magnitude greater than the sampling rate found in photodiodes used for
RSS-based VLP which is bound to be the bottleneck in the loop. Our proposed technique,
on the other hand, takes less than 10 ms in the worst case to perform the localization, with
the majority of time being spent performing multilateration which can further be reduced.

In [39], the setup is also similar to ours, with the object to be localized equipped with
a single upward-pointing photodiode with LEDs placed on the ceiling. The LEDs are
modulated at different frequencies, allowing for the distinction at the receiver to calculate
the RSS used to localize the photodiode. Their method is based on equations derived from
the Lambertian hypothesis for the LEDs and thus requires little calibration in comparison
to our technique. A disadvantage of this type of approach is that multipath reflections
have a large negative impact on the positioning accuracy. They test their technique in
two separate room configurations. The first is a large 25 m × 15 m × 5 m room with a
total of 15 LEDs placed on the ceiling in a grid formation. In a simulation where they also
take into account the secondary light paths (something which their algorithm does not
take into account as it is not data-based), they achieve a p90 accuracy of 30 cm, and they
experimentally verify this p90 accuracy, measuring 36 cm. The same technique is also tested
in an 4 m × 4 m × 4.1 m room where the photodiode ranges from a height of 0.64 m to
2.55 m, both in a simulation environment and a real experiment and report p90 accuracies
of 4 cm and 24 cm, respectively. The large difference between the two results is explained
by the non-ideal radiation pattern of the LEDs and mainly the multi-path reflections which
were not accounted for in this study due to the non-trivial perimeter of the room. They
report that the SNR values for LEDs ranged from 83 dB to 19 dB at different locations in
the small room setup, the computation time for position estimation is not mentioned. The
approach developed in this study can form the basis of a good baseline on top of which
calibration-based ML models may be added for extra data efficiency, but the large drop in
accuracy caused by secondary paths is precisely why calibration-based techniques such
as ours are favored in industrial applications. Taken together, these comparisons serve to
position our results within the existing literature; a like-for-like comparison would require
evaluating the different approaches on a common geometry and dataset, which the public
release of our algorithm and simulation framework is intended to facilitate.

We propose a 3D VLP simulation framework based on the radiation patterns of real
LEDs. In our contributions, we demonstrate that ML models trained to predict distances
to the LEDs based on LogD data followed by a multilateration step perform significantly
better than training the models to predict spatial coordinates. With our proposed technique,
400 training samples from five LEDs were sufficient to achieve a p95 error of 10 cm and an
average error of 3.7 cm in a space of 8 m × 8 m × 3.5 m dimensions with an average SNR
of 50 dB for the central LED.

These findings indicate that single-photodiode RSS-based VLP is viable for height-
varying scenarios. However, this requires knowledge or a good estimate of the position of
the LEDs as well as the processing power to perform multilateration. The multilateration
occurs after the ML models have made their predictions and thus cannot be calibrated,
hence the importance of precise knowledge of their location. The multilateration algorithm
also needs to be designed with speed in mind so as to not cause a bottleneck in sampling
rate. We show that the performance of RSS-based VLP in 3D can approach 2D applications
and is applicable under the simulated conditions considered here.

It should be noted that the validation presented in this work is entirely simulation-
based. The simulator was designed to remain close to a practical deployment, relying on
measured radiation patterns, a warehouse-scale geometry, and noise levels resembling

https://doi.org/10.3390/photonics13070613

https://doi.org/10.3390/photonics13070613


Photonics 2026, 13, 613 16 of 19

those of real warehouses; effects such as multipath reflections and LED tilt are nevertheless
not modeled. Since the proposed scheme is calibration-based, such non-idealities would be
reflected in the collected training data and are expected to be at least partially absorbed by
the models, as is already the case for the radiation–pattern asymmetries considered here;
there are, however, non-idealities which are more difficult for ML models to absorb from
the data, such as a non-stationary photodiode tilt. Quantifying this absorption requires
measurements on a physical testbed, which is the natural next step of this work.
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Abbreviations
The following abbreviations are used in this manuscript:

VLP Visible light positioning
RSS Received signal strength(s)
LED Light-emitting diode
SNR Signal-to-noise ratio
GP(s) Gaussian process(es)
NN Neural network
KAN Kolmogorov–Arnold network
ML Machine learning
CDF Cumulative distribution function

Appendix A
In the appendix, we report the mean and p95 errors committed by our models across

the localization space using the test data. The 95% confidence intervals, calculated based
on the 10 separate datasets, are also provided to show how random model initializations
and data acquisition locations can impact performance.
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Table A1. Mean Euclidean localization error by data representation, model type, and number of
training samples. Values are reported in centimeters as mean [95% confidence interval] over ten
randomized training sets.

Representation Model 50 100 200 400

Absolute

GPs 114.35
[110.54; 118.16]

65.49
[62.83; 68.16]

38.02
[36.31; 39.72]

24.02
[22.98; 25.06]

NNs 97.79
[88.66; 106.92]

64.21
[58.93; 69.49]

42.58
[40.98; 44.18]

31.66
[30.26; 33.06]

KANs 269.24
[225.55; 312.92]

200.48
[165.07; 235.89]

61.11
[51.93; 70.29]

42.40
[33.71; 51.09]

Relative

GPs 42.13
[36.37; 47.89]

22.76
[21.74; 23.78]

13.49
[12.86; 14.13]

8.17
[7.62; 8.73]

NNs 70.45
[66.00; 74.90]

43.85
[41.47; 46.24]

25.97
[24.67; 27.26]

18.95
[18.44; 19.46]

KANs 224.42
[182.75; 266.09]

132.99
[104.63; 161.34]

73.84
[55.08; 92.59]

25.50
[18.89; 32.11]

LogD

GPs 12.54
[11.54; 13.54]

6.41
[5.83; 6.99]

3.24
[3.02; 3.46]

1.67
[1.57; 1.77]

NNs 29.88
[27.76; 32.00]

17.94
[17.69; 18.19]

12.12
[11.56; 12.67]

9.83
[9.04; 10.63]

KANs 123.10
[48.88; 197.33]

85.75
[19.44; 152.06]

28.14
[11.42; 44.86]

11.39
[10.73; 12.04]

Table A2. The 95th-percentile Euclidean localization error by data representation, model type, and
number of training samples. Values are reported in centimeters as mean [95% confidence interval]
over ten randomized training sets.

Representation Model 50 100 200 400

Absolute

GPs 297.48
[286.21; 308.75]

212.86
[203.97; 221.76]

141.03
[131.70; 150.36]

99.38
[91.73; 107.03]

NNs 270.45
[242.79; 298.12]

171.17
[157.63; 184.71]

108.18
[101.72; 114.64]

72.63
[68.53; 76.74]

KANs 931.67
[705.66; 1157.68]

493.09
[427.39; 558.79]

164.63
[131.56; 197.70]

106.38
[86.49; 126.28]

Relative

GPs 119.19
[99.29; 139.09]

74.89
[69.56; 80.22]

52.91
[48.95; 56.87]

31.25
[27.78; 34.72]

NNs 178.66
[165.71; 191.60]

113.72
[105.03; 122.41]

62.08
[58.10; 66.07]

40.01
[38.63; 41.39]

KANs 662.88
[561.58; 764.17]

458.22
[358.84; 557.59]

246.50
[207.12; 285.87]

85.17
[56.80; 113.55]

LogD

GPs 50.37
[44.98; 55.76]

30.35
[26.41; 34.30]

13.94
[12.87; 15.01]

6.01
[5.68; 6.34]

NNs 71.86
[66.69; 77.04]

46.58
[45.09; 48.07]

27.97
[26.26; 29.69]

22.35
[20.72; 23.98]

KANs 337.23
[146.86; 527.60]

242.98
[81.49; 404.47]

97.00
[29.66; 164.34]

32.12
[30.21; 34.03]
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