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sdanis@gsu.edu.tr indoor positioning system of interest is composed of subsequent stages of processing of reference reduced signal
strength indicator (RSSI) streams, Gaussian processes-based estimation of probabilistic radio-frequency maps,
and an adaptive particle filter that is used to infer the trajectory of the tracked object. Each stage has its own
model parameters, which can be evaluated by the accuracy of the final trajectory estimations given their ground-
truth counterparts. We make use of an open dataset that includes RSSI data on reference points, RSSI data
related to trajectories and their corresponding ground-truth positions. By being able to evaluate the estimations,
we develop a Monte Carlo particle swarm optimization strategy to search for the best parameter configuration
that minimizes the trajectory error. The time performance of the optimization strategy is also improved by
artificially discretizing the parameters space, so that the stages can use the previously processed streams or radio

Article History: maps. We show that the strategy can both improve accuracy and decrease the search time with respect to a grid-
Rec_eived:21.02.2025 based search strategy.

iz‘;‘:}i‘iﬁgfgf%gs Keywords: Fingerprinting, Indoor Positioning, Monte Carlo Swarm Optimization, Radio Frequency Map
Published Online: 24.09.2025 Estimation, Reduced Signal Strength Indicator

1. Introduction

Indoor Positioning Systems (IPS) have become an interestingly popular topic in recent decades, as people began to pass their
time in enclosed places like shopping malls, airports, or hospitals, where Global Navigation Satellite System (GNSS) signals
are unreliable, and positioning is consequently inaccurate. The domain has produced various techniques based on already
existing technologies like Wi-Fi [1], Bluetooth Low-energy (BLE) [2], ultra-wideband (UWB) [3], visible-light or acoustics
[4]. While there is still no standardization of the concept, it has a broad range of already installed and future applications
across different sectors. Some examples may be assisting people in navigating large buildings, and especially visually
impaired individuals [5]; tracking equipment, inventory or assets in warehouses, hospitals, or factories; enhancing shopping
experience by delivering location-based promotions to customers; and most importantly, helping emergency services locate
living beings in complex buildings in emergency situations. Technology themselves introduce challenges due to phenomena
like signal interference and multipath [6]. Combined with these natural challenges, varying layouts and materials of the indoor
environments and varying sensitivities of the devices make signal propagation unpredictable. These challenges can be
amended by fingerprinting at the expense of initial setup costs, data collection and frequent updates of the database.

In the domain of indoor positioning, fingerprinting is a time-consuming process that is used to capture a gist of the signal
parameter distributions specific to a closed space [7]. The distributions are obtained by recording the data and measuring
their statistics on some reference positions (RP) in the area of interest. This analysis, prior to the actual tracking algorithm,
is shown to perform better than its counterparts like multilateration [8]. The collected signal parameter distributions are
compiled into databases in terms of radio-frequency maps (RM), which are in turn used to measure the likelihood of a signal
parameter at a specific position. In the simplest manner, the positions of live measurements can be inferred by comparing
them to signal distributions on RPs [9]. The accuracy of this direct comparison is bound to the number of selected RPs.
However, increasing the number of RPs leads to collecting a high amount of data. Therefore, accurate RM estimation
approaches that use smaller sets of RPs are favored, alongside the automated data collection techniques [10].

Researchers prefer to interpolate the signal parameter distributions over the unknown positions of the area, assuming that a
distribution will be similar to the distributions in the neighborhood of it. By properly interpolating the distributions, we
produce a signal parameter distribution on any position, which will be called an RM estimate of the area. In the work of
Nabati and Ghorashi [11], the distribution of available signal strength samples is learned using a deep neural network (DNN).
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This makes the approach bound solely to the data. Such data-driven approaches like DNN introduce challenges too due to
high locality [12]. Smoother model-based approaches are proposed to mitigate these challenges. In Zhao et al. [13], the
authors consider the received signal strength indicator (RSSI) fingerprints as incomplete and data distributions on unknown
RPs are estimated based on Gaussian processes (GP) using a limited number of surrounding RPs. They first estimate the
model parameters of the GPs through maximum likelihood estimation (MLE) by assuming that all positions in their training
set are precisely known. Along with their interpolation purposes, GPs present a measurement of the uncertainty for the
positions [14].

In this work, we augment a fingerprint-based positioning system by integrating it with the fingerprinting processing. The
final positioning system is composed of three major stages: (i) a live RSSI signal preprocessing, (ii) an RM estimation stage
and (iii) a particle filter-based position/trajectory estimator. In the signal processing stage, the RSSI data are exposed to a
maximal filter, which was shown to increase the accuracy significantly [15]. In the RM estimation stage, the filtered position-
bound RSSI data are processed into position-bound distributions, which are then interpolated with GPs to build an RM of a
dense grid of positions. The RM estimation step is succeeded by the actual positioning algorithm based on an adaptive particle
filter that employs the RM estimates as emission densities [16]. Each stage has its specific parameters that need to be
optimized. The accuracy of the final trajectory estimator does not only depend on the parameters of the positioning algorithm,
but also on the parameters of the preceding stages. We consider these system parameters as latent variables which are hard
to set heuristically.

Considering the entire system, we can evaluate the accuracy once it is supplied with a configuration of the parameter values.
We benefit from a dataset that is compiled with trajectory-bound RSSI values and their corresponding ground-truth positions
[17]. The access to precise ground-truth information enables us to automate the evaluation of the subprocesses by iteratively
varying the parameter values. In the previous studies, the parameter search was limited to the separate stages and was merely
a naive grid search, which would spend time evaluating parameter values far from suboptimal values [9]. We introduce a
state vector whose values are used to set the values of the stages of the IPS. As we can evaluate the value of this state vector
by running the entire system, we convert the problem into an optimization problem, in which we search for the optimum
value of the state vector. If the evaluation function were differentiable, then gradient-based iterative methods could be
employed [18]. As the proposed system is far from being differentiable, we make use of the gradient-free methods, in which
we assume that we have access to pointwise evaluation of the search space. However, measuring the error of each
configuration corresponds to repeating the computationally heavy stages for each trajectory.

The two options of gradient-free optimization are the random-walk search or numerical approximation of the gradient search
[19], for the first of which convergence is unlikely with continuous and high-resolution parameter spaces. The second option,
the numerical approximation of the gradient search, requires a systematic neighborhood exploration around a candidate point.
However, because of the computational heaviness of the stages and the dimension of the state space, the neighborhood
exploration is not tractable in high-dimensional spaces. To mitigate the heavy load of the parameter search, we benefit from
a random walk with multiple candidates in a smart, discretized setup. We introduce a Monte Carlo particle swarm
optimization (MCPSO) in an artificially discretized parameter space. The discretization is performed as a dense but finite
grid of parameters, by which we also keep the intermediate outputs of the best parameters so far, to avoid repetitions of the
computationally intensive intermediate steps to a degree. The swarm optimization strategy iteratively updates them by
converging on the best parameter vector. The strategy is greedy and is not guaranteed to converge to the optimum
configuration, but we achieve faster implementations and more accurate results with respect to a grid search.

The two contributions of this work are the proposed MCPSO strategy and the GP-based RM estimation for indoor positioning
purposes. Section 2 explains these two strategies and their parameter space. In Section 3, the experiments and their results
are shown. We finally conclude in Section 4 with potential future directions.

2. Methodology

We propose an iterative RM optimization system that aims to find the best parameter configuration of a fingerprinting-based
IPS. The general overview of the optimization system is given in Figure 1. The main part of the optimization system is the
IPS, which is composed of three subsequent stages: the signal processing, the RM estimator, and the trajectory estimator.
Each of these stages has its own model parameters that are brought together to form a single state vector, a value of which is
evaluated by running the positioning system to generate a trajectory estimate and comparing it with the corresponding ground-
truth trajectory. The error statistics between the two are fed as optimization feedback to select a new value for the state vector.

In the IPS, the RP-bound RSSI streams are first exposed to a “Signal Processing” stage that employs the maximal filter,
which processes the RSSI signals and produces maximalized RP-bound RSSI histograms for the RPs. In the filter, the last
RSSI value of a time window of size, , is replaced by the highest RSSI value in that window. The intuition behind this filter
is that the highest RSSI value is expected to be the measurement of the line-of-sight communication or the communication
with the largest reflection angle. The lower values are regarded as the reflections with lower angles, so that these BLE packets
have lower signal strengths with respect to the one that arrives with the largest angle. The histograms of the maximalized
RP-bound RSSI streams have exceptionally low variances. This leads us to approximate the RSSI histogram with a single-
moded probability distribution and keep its mean to define the corresponding RP. Thus, the output of the signal processing
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step is a list of single RSSI values per RP on the map. The variances of the approximated distributions are not taken into
consideration.

In the “RM Estimator” stage, the obtained RP-bound RSSI means on the RPs are used to produce RMs through interpolation,
for which we employ the Gaussian Process Regression (GPR). The details of the GPR for generating RM estimates are given
in Section 2.1. The output of this stage is a grid of RSSI values, or, namely, an estimate for the radio-frequency map. We
achieve a spectrum of RM estimates by varying the GPR parameters.
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Figure 1. Optimization system overview

The “Trajectory Estimator” stage uses two data sources: (i) an RM estimate from the previous stage, and (ii) the RSSI data
recorded by navigating the BLE emitter in the environment. We must note that the RSSI data of the navigation is also exposed
to the maximal filter with the same window size as the one used to generate the RM. For the trajectory estimator, we employ
a previously proposed adaptive particle filter. We obtain position estimates belonging to a trajectory for the given RSSI data.
The estimation system is driven by two parameters. The sensitivity was introduced for controlling the transition density of
the particle filter by sampling both the particles and their diffusion-based predictions at the same time. Here, we introduce
another parameter, the diffusion variance, to define a fixed variance of the Gaussian distributions on each position of the
map. The RM estimate with the diffusion variance is used as the emission density, and the RSSI data are fed to the filter as
observations. The positioning system yields these timestamped position estimates belonging to a trajectory as output.

With their ground-truth correspondences in hand, we can compute the error between a trajectory estimate and its true value.
In the “Evaluation” stage, we yield the statistics of these errors for each available trajectory-bound RSSI data stream. From
these statistics, we pick the mean as the “Optimization Feedback” to regenerate a new state vector value. The details of the
optimization process are given in Section 2.2.

2.1 Gaussian Process Regression for RM Estimation

Gaussian processes are considered to interpolate intermediate values when there are few and noisy data points as references
from a system, which corresponds to our case of the fingerprinting-based positioning [20]. To make an RM estimation, we
state the problem as an estimation of RSSI distributions on arbitrary map positions. Given the RP coordinates and their
associated RSSI values, we are interested in estimating an RSSI distribution at any point. With the introduction of the signal
processing stage, we can assume that these distributions are Gaussian and formulate the problem as a Gaussian process [21].

We regard the associated RSSI values on the RPs as observations. The relation between the observations is achieved with the
covariance function (or the kernel function). We use the two popular choices for the kernel function: (i) the absolute
exponential, or the -distance and (ii) the squared exponential, or the -distance. The mathematical formulations of these kernels
[21] are given in (1) and (2), respectively:

—x-x |

k, [x,x'} = O exp —g— +Jf]ﬁ{x.x'} (1)
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-l x=-x |3

ki(x.x ) = oFexp —_— +0h6(xx ) ()

According to these models, we expect the kernel to yield higher values for functions that cover a broad range on the input
domain. If two points (x and x') are close, then k(x, x") is high. Otherwise, the function value tends to zero, which means
that distant observations will not affect the points to be interpolated. We calculate the covariance matrix, K, along with the
effect of the points of interpolation, K, and K,,.

The observations are expected to be noisy; that is, the RSSI value that is observed from a certain RP may not define that RP
accurately. To take into account different noise variations, we employ a version of GPR that is driven by three hyper
parameters: the vertical scale or the signal variance, gy, which determines the magnitude of the fluctuations in the RSSI
domain, the length scale or the horizontal scale, d, which indicates how quickly the correlation of two points of the map is
reduced as their distance increases, and the noise variance, o,,, which quantifies variability in the target variable or the level
of uncertainty in the observed data points [22]. The estimated value, ¥ at a pointxis distributed along a multivariate Gaussian
distribution given the previous measurements:

57 | y -~ (K*K_ly' K**K_lK»T) (3)

The mean of the equation (2) is a good estimate for the specific position. The goodness can also be measured with the variance
of the same distribution. By varying the map coordinates, x, we generate different estimates of RSSI values on a dense grid,
which serves as the RM of the area. Samples of these RMs are shown in Figure 2.

—1—56

——60

-64

Figure 2. Radio-frequency map estimate examples. The points X are the sensor positions.
2.2. Monte Carlo Particle Swarm Optimization

We design a sampling-based iterative optimization strategy to search for the optimal values of a state vector, which embodies
the parameters of the successive stages of an IPS, as given in Figure 1. The evaluation of a state vector value is achieved by
passing through the stages and comparing the position estimates with the ground-truth positions. We call the iterative search
strategy Monte Carlo Particle Swarm Optimization (MCPSO). Given an RSSI data stream from the dataset we want to
minimize the positioning error produced with a value of the state vector, which will be denoted by sf = (¢, or, d, O V)L
where t is the iteration number, and iis the index in the population. At each iteration, a population of state vectors, S;, is
generated and evaluated. We will denote the population size with P, the decay factor with 7, the size of the best state vector
samples with E, and the covariance of the sampling distribution with ;.

Initialization: The initial population of values is sampled uniformly between the given extremities of the search space: s! «—
U(S). Along with the population initialization, we also set the initial covariance, k, = C.

Evaluation: At each iteration t, the successive stages of the IPS system are repeated for each individual state vector in the
population. We denote the function of the IPS system as F(s}), after which we obtain a trajectory estimate. Each trajectory
estimate is compared with the ground-truth trajectory, 2. The comparison is performed by measuring the Euclidean distance
of the individual positions of the trajectory to their true correspondences. We obtain a set of positioning errors after this
evaluation, and we take the mean of these errors as the performance measure of the current individual state vector. The state
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vector individuals are reordered with respect to their error means, from which a new set of elite vectors, §t, of size E, is
formed. The first state vector value in this set is also stored as the best value so far.

Repopulation: The state vector individuals in the elite set, S, = {§}}, are used to repopulate the next population S, . The
generation procedure is based on taking samples from a Gaussian distribution whose mean is set to a randomly chosen elite
state vector individual:

§ti+1 = N(gt' K¢)
St+1 = {st+1}U S,

where the covariance matrix of the sampling distribution, x,, is spherical. We also adopt an elitist approach and directly
transfer these elite state vectors to the next iteration.

Inputs

Ground-truth positions:
Population size: P

Elites size: E

Decay factor: n

Initial covariance: C o
Output: 5 U
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1% generation
®  best of 1* generation

O

2" generation o é‘ O

B best of 2" generation )\
/
J

1: Initialize: O g
t+0, ky+ C
foriel...E do

st + U(S)

2: Evaluate and select \
S, « argnlinl'“ﬁ(|f(sé) -9 =
s* « 8¢ - ,

3: Repopulate with elites @
for i € 0...P~d0 Q= \\tj/-'

si11 — N(Sy, "ft) © )
Siy1 {SéH} US,

4: Recurse
if not converged: =

t=t+1, K =K1

5 O WE e
Go back to 2. - Ig% N L
else ~ =\
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end

(a) MCSPO Algorithm (b) An illustration of the MCSPO in 2D space.
Figure 3. Monte Carlo Particle Swarm Optimization (MCPSO) for Radio-Frequency Map Estimation

Recursion: When the convergence conditions are not met, the covariance matrix is reduced by a decay factor, 1, so that the
focus of the search space is gradually narrowed onto the current elite state vector values. The same procedure is repeated
until convergence, that is, when no change is achieved for a number of successive iterations. Amongst all the state vector
values, the value that generates the lowest mean error, s*, is returned as the best output, along with the mean error itself, €.

The pseudocode of the algorithm is given in Figure 3a. As a summary, a generation of particles is initialized uniformly
randomly in a predefined space, which is six-dimensional in our case. An illustration that simulates in 2D is also provided in
Figure 3b, in which the red particles (0) stand for the first generation. After an evaluation by the system, the best of the
particles of the first generation (®) are chosen to generate a new generation ([_]) with respect to a Gaussian distribution

around them. A new set of best particles ([ll) is selected after being evaluated by the system. The algorithm iterates in a
recursive fashion until convergence. The underlying intuition of the algorithm is the belief that the space state is composed
of many local minima. We let the search keep the diversity with the initial populations. By decaying the covariance factor,
we gradually focus the population onto the best set of these local minima.
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3. Experiments and Results

The proposed optimization system is possible only with the availability of a specific dataset. As shown in Figure 1, the portion
of the dataset used in this work consists of three distinct types: (i) the RP-bound RSSI streams are collected by putting the
beacon stationary on known reference positions (RP) on the map. (i) Timestamped trajectory-bound RSSI streams are
collected by navigating the beacon on predefined trajectories. (iii) High-resolution ground-truth positions are also collected
alongside the RSSI streams of these trajectories. The dataset is compiled using 12 sensors that capture the packets emitted
by a mobile BLE beacon in an office area of 364m? The details of the dataset and the data collection procedure are
documented in Danis ef al. [17].

The method of this work makes use of the RSSI data and their ground-truth correspondences. Even though these positions
were originally used for evaluating the estimated trajectory positions of the indoor positioning algorithm in previous works,
they also enable us to fully automate the optimization iterations in a supervised manner without any human intervention.

3.1. Experimental Design and Implementation Remarks

The experiments are performed on a server with two processors of type Intel(R) Xeon(R) CPU E5-2697A v4 @ 2.60GHz
that run on 64 threaded cores in total. The disks used to write data throughout the optimization process are Micron 1100 Solid
State Disks connected through a Serial ATA interface and mapped as a RAIDS array. Their writing and reading speeds are
500 MB/s and 530 MB/s, respectively. The MCPSO algorithm is implemented using Python 3.9. As stated in Section 2, each
iteration consists of running the different stages of RSSI stream preprocessing, RM estimation and trajectory estimation. The
important caveat of the optimization system is that the subsystems take a high amount of time. Whereas the trajectory
estimation is designed to run in real-time by using previously generated RM maps, the optimization system must regenerate
the RM maps from scratch in the search process. The processing durations also include reading, processing and writing times
of the corresponding data.

In the optimization trials, we chose different configurations of the parameter values for the decay rate, n €
{0.95,0.90,0.85,0,80,0.75}; for the population size, P € {50,30,15,5,1}; for the elite size, E = 8; for the initial covariance
matrix, C = 0.5],, and we set a convergence condition after 8 iterations in a row with no update in the elite vector values.

The signal processing subsystem takes full streams of timestamped RSSI data as input. Each RP possesses 12 RSSI stream
files, as many as the number of sensors. These streams are processed into distribution parameters per reference point. In the
RM estimation, the distribution parameters are read, processed, and written as distribution parameters on each grid position
of the RM. The trajectory estimation subsystem reads the RM, along with the RSSI data stream related to a trajectory, to
estimate the positions. The positioning algorithm of the trajectory estimation is run in 50 parallel processes to generate
different timestamped position estimates, which are in turn evaluated against the ground-truth to generate error statistics for
the given state vector. The mean durations of the individual stages are reported as 28.79, 12.15, 63.5 and 0.31 seconds for
the signal processing, the RM estimation, the trajectory estimation and the evaluation, respectively. We must note that the
duration of the signal processing step depends on the length of the reference files, which, in our case, corresponds to an
average of 30 minutes of data capture duration or 40k data points per RP and 81 RPs in total. The duration of the RM
estimation step is related to the size of each grid cell, which is taken as 0.2 m in this work. The trajectory estimation employs
an adaptive particle filter, which is tuned with several parameters like the particle size (1000) and resampling method
(systematic). These parameters are chosen to run the trajectory estimation process in real-time. Thus, the duration of the
trajectory estimation process is determined by the length of the RSSI stream, which is itself 58 seconds. The leftover duration
is the overhead that includes the initialization and the synchronization of the parallel runs. Finally, the evaluation step depends
again on the length of the RSSI stream of the trajectory.

The search space of the state vector is defined by the following extremities of the parameters: £ € [0.5,0.75], o5 € [0.1,100],
d € [0.1,20], g,, € [0.1,20], v € [1078,1071], and o € [0.1,20]. These extremities of the search space are selected to cover
the largest appropriate set in which the individual value is effective. As an example, the window size of the maximal filter, £
was shown to yield significantly higher errors for values lower than 0.5 due to the insufficient number of samples [15].

To speed up the search process, we design the fingerprint optimization procedure as an iterative search problem in a
discretized state space, although the parameter space is originally continuous. We force the space to be divided into a high-
resolution set of predefined floating numbers that encompasses a sufficiently large configuration space. Each dimension of
the search space is redefined to have 1000 distinct points, which corresponds to a space of 1012 distinct states. By discretizing
the search space, the window size in the signal processing subsystem can be reused if the corresponding reference histograms
are previously generated. Accordingly, the radio-frequency map does not need to be regenerated if the corresponding
Gaussian process parameters are selected for a second time. Instead, previously calculated errors are reused. This approach
increases the time performance of the algorithm by repeating the subsystem parameters, which in turn totally avoids the
execution of a subsystem. As the algorithm is iterated, the odds of selecting the exact state vector are also increased, due to
the decreasing search covariance. If the same state vector is encountered, no subsystems are executed. The search is
particularly quickened as error converges, or the sampling covariance decays. This enforcement of discretization enables the
system to bypass some of the computationally heavy subsystems if the corresponding RPs or RMs are already computed in
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the previous iterations. Thus, the initial iterations take a considerable time, but as the optimization converges, more bypasses
are possible.

As an important implementation remark, the grids of the parameters are kept as string data types to avoid the misinterpretation
of the floating numbers. The approach removes the ambiguity while checking if the data of interest has been previously
processed.

3.2. Preliminary Results

From the dataset, we choose four trajectory-bound RSSI streams: a zigzag (€,), a rectangular (€,) and two straight trajectories
(€5 and €,). The preliminary experiments are run with n = 0.80. We first report the best positioning accuracies in Tables 1
and 2 for the two proposed kernel types of the Gaussian process regression model, L;-norm and L,-norm respectively.

Table 1. Best error statistics (m) and the corresponding parameter configuration for an L;-norm kernel.

Exp. £ of d On v o Median Mean
& 2.92 41.9 5.82 16.77 0.0002 3.59 0.795 0.989
g, 3.64 31.9 5.52 5.86 0.007 2.71 1.176 1.372
&3 0.98 22.5 19.80 16.91 0.0002 3.35 0.793 0.86
€y 1.82 35.5 18.51 9.12 0.002 3.23 0.95 1.719
All 2.27 43.8 13.59 15.70 0.0003 4.04 1.04 1.359

Table 2. Best error statistics (m) and the corresponding parameter configuration for an L,-norm kernel.

Exp. £ oy d On v o Median Mean
& 1.4 84.5 4.05 13.27 0.0001 4.26 0.979 1.114
g, 3.19 79.0 4.02 7.67 0.004 3.27 1.068 1.289
&, 1.3 85.1 12.89 8.73 0.0002 3.29 0.704 0.827
g, 2.05 78.3 3.51 19.42 0.002 3.75 0.846 1.646
All 2.72 48.3 5.14 9.66 0.0005 4.5 1.107 1.42

Globally, there does not exist a significant distinction between the norms we use for the kernel of GPR in the context of RM
estimation for indoor positioning. The error medians and means lie around 1 and 1.5 meters, respectively. In the specific
experiments of €; and €3, we achieve even lower error values, at the order of 0.7 and 0.9 meters. However, there is high
variance among the best values of the parameters. Even though we report the best parameter configurations and the results
of the individual experiments, the global errors are valuable as they pave the way to the generalization of the parameters.
These global results, denoted in the tables as “All”, are obtained by iterating the MCPSO on all the experimental trajectories.
According to these results, we see that the median and the mean overall positioning errors can be reduced to 1.04 and 1.359
meters, respectively.

The errors do not vary between the two norm selections; however, the parameters vary significantly. A window size (€) of
the maximal filter can be chosen between 1.0 and 2.5 seconds. The specific parameters of the Gaussian processes vary with
respect to the kernel type: for the L;-norm kernel, the maximum allowed covariance, oy, resides around 35, and the scale of
the noise term, g,,, around 10. The same values of the L,-norm kernels are respectively 80 and 15. We also observe that the
length scale, d, varies too much, 13 and 5 meters. We interpret that for an L;-norm kernel, the measurements of the RM are
affected by the reference points in a larger area, whereas, for an L,-norm kernel, this influence is narrower. Moreover,
although the filtered RSSI histograms display low-variance histograms whose variances can be coarsely inferred to be at the
scale of 2, we show that higher common diffusion variances, g, at around 3.0 and 4.0 are chosen by the algorithm. Discarding
the sample variance of the histograms and replacing it with variance at 4.0 clearly increases the accuracy, which can be
interpreted as the search space defocuses artificially to have a broader knowledge about the neighborhood.

Comparing the optimization strategy with a previous work [23], we see that using a search strategy is more advantageous in
terms of accuracy than a simple grid search. A grid search remains superficial, but the MCPSO can focus on and make in-
depth searches in the parameter space. This leads to lower error values and higher accuracies for positioning purposes. The
preliminary experimental results show that higher accuracies are highly possible by choosing higher decay factors with
narrower parameter values.

416



F. Serhan Danis Sakarya University Journal of Computer and Information Sciences 8 (3) 2025, 410-421

3.3. Analysis of the State Vector Values

The errors reported in the previous section are informative snapshots of the best parameters and the best accuracies achieved
so far. However, in the search for generalized parameters, the optimization process also enables us to analyze the evolution
of the individual parameters, so that intervals or even joint effects of the parameters can be analyzed. For this section, we
select the trajectory € to do far more detailed experiments.
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Figure 4. Evolution of the state vector through the optimization process with respect to different decay factors () and
population sizes (P).
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In the optimization process, the values of the state vector are initialized uniformly between the extremities, and we expect
them to converge to the optimum values. In Figure 4, we visualize the evolution of the individual parameters of the state
vector through the optimization process of the experiment €5. We analyze the process from the perspective of three different
particle population sizes (P € {5,30,50}) and with respect to different decay factors (n € {0.75,0.80,0.85,0.90,0.95}). For
each case, we visualize the value of a parameter as a dot whose color is an indicator for the error median of the positioning
performance related to that parameter. As the color bar suggests, towards the bluish part of the color scale, the responses
represent high positioning errors, and the greener colors are the responses with lower errors. Because the initial particle
population is sampled from a uniform distribution, we see a gradient of colors from blue, red and green through the process.
We also mark the converged values with the colors they have at the end in the column “Best”.

In the optimization process, the values of the state vector are initialized uniformly between the extremities, and we expect
them to converge to the optimum values. In Figure 4, we visualize the evolution of the individual parameters of the state
vector through the optimization process of the experiment €;. We analyze the process from the perspective of three different
particle population sizes (P € {5,30,50}) and with respect to different decay factors (n € {0.75,0.80,0.85,0.90,0.95}). For
each case, we visualize the value of a parameter as a dot whose color is an indicator for the error median of the positioning
performance related to that parameter. As the color bar suggests, towards the bluish part of the color scale, the responses
represent high positioning errors, and the greener colors are the responses with lower errors. Because the initial particle
population is sampled from a uniform distribution, we see a gradient of colors from blue, red and green through the process.
We also mark the converged values with the colors they have at the end in the column “Best”.

We further observe the convergence of the scale factors, the signal variance (oy) and the noise variance (0y,). In Figure 5, the
convergence set of these parameters, or in other words, the values of the population at the end of the optimization process, is
plotted. With the high population sizes P = 30 and P = 50 as being more reliable, we disregard the values of the lower
population sizes. The resulting points are distributed around a line as shown in the graph, which shows that there is a linear
relation between these two parameters, and the values converge to a line instead of individual values.
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Figure 5. Line fit on the converged values of the two GPR parameters: the signal variance and the noise variance.
3.4. Population and Time Performance Analysis

The system is composed of heavy processes in terms of computation and storage. We hypothesize that lower error values can
be achieved with very limited swarm population size and number of iterations, with a proper discretization strategy. To limit
the number of iterations, we tune the decay factor: A Lower decay factor leads to faster convergence. In Figure 6, various
configurations of the population size and the decay factor are shown for a single experimental trajectory, €;. We see that we
achieve a median error value of 0.77 m for a decay factor of 0.95 and a population size of 50. Lower population sizes lead to
considerably higher error values. The error statistics fall as the size of the swarm population is increased, that is, by evaluating
considerably greater numbers of state vectors at the initial iterations.
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Figure 6. Accuracy comparison of the MCPSO with respect to the population size and the decay factor.

We further investigate the influence of the particle size on the convergence duration and the error performance. We show the
results of the experiments (on €;) with 5, 30 and 50 particles, in Figure 7. The repetition of the stages can be clearly
distinguished in all the figures. The duration falls gradually down to 0 seconds when stage repetitions are available, especially
after the 30th iteration with decay factors of 0.75 and 0.85. Expectedly, the experiments with 50 particles perform better in
terms of accuracy for all decay factors, but their time performances are the worst, with each iteration taking about 4000
seconds, only to generate an error statistic. The durations fall with the number of particles per population; however, the
experiments with a lower number of particles perform comparably with the 50 particles at highly lower durations. The
difference between the medians is of the order of 0.03 meters. Considering this small error difference, lower particle sizes
with higher decay rates are favorable. We also note that the choice of the decay rate affects the performance. A decay rate
should be compatible with the population size. The experiment with a rate of 0.75 and 5 particles is clearly incomplete.
However, selecting a high decay rate for 5 particles performs almost as well as selecting 50 particles. To summarize, if the
purpose is to decrease the positioning error, we choose a high decay rate. If we have further considerations on the duration
of the experiments, we will choose lower particle sizes.
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Figure 7. Accuracy and duration comparison of the iterations with respect to the decay factor () and population size (P).

3.5. Fine-tuned Experiments and Results

Considering the issues of analysis of the converged values, we reboot the experiments using more condensed intervals for
the window size (¢ € [0.5,0.3]), the sensitivity (v € [1077,1072], the diffusion variance (o € [2.5,5.0]). The previous
analysis shows that the dependency between the GPR parameters is more important than their ranges. So, the intervals should
be selected by allowing them to move freely in the dependency ranges. We modify the search space of the GPR parameters
as o € [0.1,20000], d € [0.1,200], and o, € [0.1,20000]. Moreover, the new experiments are repeated by setting the
population size to P = 30 and the decay rate to n = 0.90, as these values are shown to perform similarly to their higher-
resolution versions (see Figure 6).

We report the final errors in Table 3. We achieve significantly lower errors for individual experiments and comparable errors
for the whole experiment. We deduce that the performance of the IPS can be increased by fine-tuning the parameters using
an efficient optimization procedure.

Table 3. Best error statistics (m) and the corresponding parameter configuration for an L;-norm kernel after the secondary

experiments.

Exp. £ of d On v o Median Mean
& 1.4 84.5 4.05 13.27 0.0001 4.26 0.979 1.114
g, 3.19 79.0 4.02 7.67 0.004 3.27 1.068 1.289
&; 1.3 85.1 12.89 8.73 0.0002 3.29 0.704 0.827
€4 2.05 78.3 3.51 19.42 0.002 3.75 0.846 1.646
All 2.72 48.3 5.14 9.66 0.0005 4.5 1.107 1.42

3.6. Discussion

With the final results, we show that it is possible to increase the accuracy of a BLE fingerprint-based IPS system if the whole
system can be redefined with an optimization approach. Keen readers can understand that all patterns in the dataset are used
to obtain the convergence parameters and the best input parameter configuration, and the system can be converted into a
parameter learning approach with well-known automated learning techniques. However, there are three fundamental
problems that prevent us from using standard validation techniques. The first one is that we lack a dataset in which the input
and output parameter values are previously determined. We only have access to the RSSI data and their corresponding
ground-truth position. An IPS system should be run as a whole to link the RSSI data to the positions. Secondly, the parameters
are not independent of each other. The input of each box can also affect the output of a subsequent stage, for which we added
a section for such an analysis. And thirdly and most importantly, being also related to the first of these problems, a single
evaluation of a parameter configuration takes enormous processing power and time to move to a pure learning setup, which
is inevitably intractable in the long run.

4. Conclusion

This work introduces an optimization strategy that is used for fingerprinting-based indoor positioning purposes. RSSI data
collected on some RPs in an indoor area of interest are exposed to a series of stages: a maxfilter step that filters the most
beneficial information in the RSSI data, a GP-based RM estimation method that constructs a likelihood of RSSI data with
respect to a position, and an adaptive particle filter based trajectory estimation that yields a list of positions the object of
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interest travels upon. With the help of ground-truth positions, we can assess the final trajectory estimations, hence the
performance of the parameters of the stages. This leads us to close the loop and turn the problem into an optimization problem
that can be solved by a specially designed Monte Carlo particle swarm optimization strategy. The special design is a custom
discretization of the parameter space that allows repetitions of the parameters, so that the preceding heavy processes are not
always required to run. We show that the search is performed more intelligently, focusing on the parameter regions with low
errors, and the search time is decreased drastically with respect to a grid-based search.

There are multiple ways to extend this work: (i) The very first way would be to replace the exponential kernel used in this
study with custom kernels, Matérn kernel, rational quadratic kernel or dot-product kernel. Furthermore, being able to evaluate
the results, a deep learning strategy can be implemented to learn the RMs. (ii) The trajectory estimation can be performed by
using other filtering techniques: a forward algorithm can be introduced by properly discretizing the area, or the Kalman filter
and its extensions will be beneficial if the relation between the position and the RSSI data can be approximated with
Gaussians. Each technique will bring its own parameters. By discretizing the parameter spaces as shown in the methodology,
any appropriate technique can be plugged into the presented optimization system.
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