ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-201810.00029

Postprint: Research on CMAES-SVR-Based
WLAN Indoor Positioning Algorithm

Authors: Rao Hua, Wang Zhong, Li Xin
Date: 2018-10-11T00:00:00+00:00

Abstract

To address the issues of low positioning accuracy, poor stability, and insufficient
real-time performance in traditional WLAN fingerprint positioning algorithms,
this paper proposes a WLAN indoor positioning algorithm based on CMAES-
SVR. The algorithm first performs statistical analysis on the received signal
strength (RSS) from access points (APs), employs Gaussian filtering for sig-
nal preprocessing, and then utilizes the K-means clustering algorithm to par-
tition the positioning area in the original fingerprint database into clusters.
Subsequently, it adopts the Covariance Matrix Adaptation Evolution Strategy
(CMAES) to optimize the parameters of the Support Vector Regression (SVR)
machine, thereby establishing a CMAES-SVR indoor positioning learning model.
Through this model, the nonlinear mapping relationship between RSS signals
and physical locations is constructed for each positioning sub-region. Finally,
the cluster to which the test point belongs is determined, and regression pre-
diction is performed using the trained CMAES-SVR model for that cluster.
Experimental results demonstrate that, compared with the WKNN, traditional
SVR, and PSO-SVR algorithms, the proposed algorithm exhibits improvements
in positioning accuracy, stability, and real-time performance.
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Preamble

Research on WLAN Indoor Positioning Algorithm Based on CMAES-
SVR

Rao Hua, Wang Zhong, Li Xin
(School of Electrical & Information Engineering, Sichuan University, Chengdu
610065, China)

Abstract: Aiming at the problems of low precision, poor stability, and inad-
equate real-time performance in traditional WLAN fingerprint positioning al-
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gorithms, this paper proposes a WLAN indoor positioning algorithm based on
CMAES-SVR. The algorithm first performs statistical analysis on the received
signal strength (RSS) from access points (APs) and employs Gaussian filtering
for signal preprocessing. It then utilizes the K-means clustering algorithm to
partition the positioning area in the original fingerprint database. Subsequently,
the covariance matrix adaptation evolution strategy (CMAES) is adopted to op-
timize the support vector regression (SVR) parameters, thereby establishing a
CMAES-SVR indoor positioning learning model. This model constructs non-
linear mapping relationships between RSS signals and physical locations within
each positioning sub-region. Finally, the algorithm determines the cluster to
which a test point belongs and performs regression prediction using the trained
CMAES-SVR model for that cluster. Experimental results demonstrate that
compared with WKNN;, traditional SVR, and PSO-SVR algorithms, the pro-
posed algorithm achieves improvements in positioning accuracy, stability, and
real-time performance.

Keywords: indoor positioning; location fingerprint; cluster analysis; covariance
matrix adaptation evolution strategy; support vector regression

0 Introduction

The widespread adoption of mobile intelligent terminals and the rapid de-
velopment and proliferation of wireless networks have significantly promoted
the growth of location-based service applications. These services demonstrate
tremendous development potential and application prospects in navigation,
medical rescue, logistics, and other production and living domains. Determining
user location information represents the core problem of location-based services.
Due to the complex and variable indoor environment, Global Positioning Sys-
tem (GPS) cannot satisfy indoor positioning accuracy requirements. Current
indoor positioning technologies can be categorized based on different media
into methods using specific devices, WLAN signal-based methods, and mobile
sensor-based methods. Among these, WLAN-based indoor positioning has
become a research hotspot due to its low cost, easy deployment, high accuracy,
and strong universality.

WLAN indoor positioning methods primarily include range-based positioning
and fingerprint-based positioning, with the location fingerprint method offering
algorithmic flexibility and high positioning accuracy. Typical WLAN fingerprint
positioning algorithms include nearest neighborhood (NN), maximum likelihood
estimation, kernel methods, artificial neural networks, and support vector regres-
sion (SVR). SVR comprehensively considers the VC dimension of the learning
function and training error, seeking a learning function that minimizes actual
risk and improves generalization capability. Through kernel function mapping,
SVR establishes a reliable nonlinear mapping relationship between RSS signals
and position coordinates, significantly enhancing positioning accuracy.
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Numerous scholars have conducted in-depth research on this topic. The lit-
erature proposes a PCA-LSSVR positioning algorithm that employs principal
component analysis for data dimensionality reduction and decorrelation, us-
ing least squares support vector regression (LS-SVR) to establish a nonlinear
relationship between fingerprint feature data and positions. Another study pro-
poses a positioning algorithm fusing Kalman filtering with SVR, which utilizes
the relationship between consecutive positions to correct movement trajectories
and improve positioning results. A different approach proposes an SVR-based
positioning error correction algorithm that establishes a nonlinear relationship
between RSS positioning results and positioning errors, using the calculated er-
ror to correct the final position. Yet another work proposes an improved support
vector regression algorithm that introduces correction coordinates to reduce er-
rors from independently constructing x and y coordinates, thereby enhancing
the correlation between two-dimensional position information and RSS. While
these algorithms can reduce positioning errors to some extent, they fail to con-
sider the impact of SVR hyperparameters on generalization performance, thus
affecting positioning accuracy in complex indoor environments.

Currently, particle swarm, ant colony, and genetic algorithms have demon-
strated advantages in SVR parameter optimization, such as insensitivity to
objective function types and powerful stochastic optimization capabilities. How-
ever, influenced by population size, these methods suffer from high time com-
plexity, low efficiency, and premature convergence issues. To address these
problems, this paper proposes a CMAES-SVR-based indoor positioning algo-
rithm. During the offline phase, the algorithm first performs statistical analysis
on AP received signal strength, uses a Gaussian filtering model for data prepro-
cessing to enhance data stability, and employs the K-means clustering algorithm
to partition the original fingerprint database into several sub-regions. It then
adopts covariance matrix adaptation evolution strategy (CMAES) to optimize
SVR parameters, establishing a CMAES-SVR indoor positioning learning model.
This model trains reference points in each sub-region to establish an offline fin-
gerprint database containing nonlinear mapping relationships between RSS and
physical locations. During the online phase, the algorithm collects RSS signals
at test points in real time, preprocesses them through Gaussian filtering, de-
termines their belonging cluster, and uses the trained CMAES-SVR model to
estimate the test point’ s location information. Experimental simulation anal-
ysis demonstrates that CMAES exhibits excellent global search capability and
high optimization efficiency in the SVR parameter optimization process, and
the CMAES-SVR positioning algorithm achieves high positioning accuracy.

1.1 Fingerprint Database Clustering and Partitioning

For complex and variable indoor environments, fingerprint database-based in-
door positioning methods require a relatively large fingerprint database, leading
to substantial computational load during real-time positioning and susceptibil-
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ity to over-learning. Therefore, this paper proposes clustering the fingerprint
database to reduce online positioning computation time. Before clustering the
original fingerprint database, statistical analysis of RSS signals collected from a
single reference point (RP) and a single AP reveals significant fluctuations due
to environmental factors. To remove redundant data and establish a stable and
reliable positioning model, signal preprocessing is necessary.

3

In the positioning area, L. RPs are selected at regular intervals, with RP_ i
s location coordinates denoted as (z;,y;). M reliable APs are deployed. For
the RSS signal from the j-th AP at reference point i, N samples are collected,
yielding RSS signal rss; ;  where k = 1,2,..., N. The signal follows a Gaussian
distribution, i.e., rss; ; , ~ N(um7 G‘ij). The mean and variance are calculated
as:

1 N
Hig = 77 E :Tssi,j,k
N k=1

1 N
2 2
9T N D (rss; ji — 1)
k=1

The interval [u, ; — 1.650; ;, p; ; + 1.650; ;] is used as the high-probability re-
tention region, filtering out low-probability redundant data outside this range.
Mean filtering is then applied to this region to obtain the preprocessed RSS
feature vector R; = [rss; 1,785, o, ...,785; 3r]. The fingerprint feature composed
of the preprocessed RSS feature vector and position coordinates is denoted as
[Ri7 (xi’ yz)]

The K-means clustering algorithm is then applied to partition the original fin-
gerprint database with fingerprint features, grouping RPs with high similarity
into the same cluster. K-means clustering utilizes the distances between data
points and cluster centers. The algorithm randomly selects k data points from
the set as initial cluster centers, calculates the distance from each data point to
the k centers, and assigns each point to the nearest cluster:

Cj={rss; | arg mjin Irss; — ¢l }

where C; represents the j-th cluster and [rss; — ¢;| denotes the Euclidean dis-
tance. The cluster centers are then recalculated as:

new __ )
GV = E TSS;
J rss;eC;

where ¢j°" becomes the new center of the cluster. This process repeats until
the cluster centers no longer change or fall below a given threshold.
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Through clustering, the original fingerprint database is divided into k position-
ing sub-regions. The specific steps are as follows:

a) Initialize cluster centers. Select k fingerprint features from the fingerprint
database as initial cluster centers (to avoid clustering dispersion or con-
centration caused by random initial centers, k initial cluster centers are
uniformly selected from positioning sub-regions to maintain consistency
with physical space).

b) Calculate the Euclidean distance between the RSS values corresponding to
each fingerprint feature and the k cluster centers, and assign each feature
to the nearest cluster.

¢) After processing all fingerprints, obtain new clusters and update the cluster
centers.

d) Repeat steps b) and c¢) until the k cluster centers no longer change or
are smaller than a given threshold, terminate iteration, and output the k
cluster centers and corresponding fingerprint feature sets.

Through K-means clustering of fingerprint features, k positioning sub-regions
are formed. Model training is performed separately for each sub-region to obtain
the mapping relationship between RSS signals and physical locations, forming
a new fingerprint database. During the online phase, for RSS signals collected
in real time, after preprocessing, the algorithm compares their Euclidean dis-
tance to each sub-region’ s cluster center, finds the nearest cluster center, and
localizes the test point to the positioning sub-region where this center resides.
The fingerprint database learning algorithm of the indoor positioning system is
completed within the i-th cluster.

1.2 SVR Positioning Model

After partitioning the original fingerprint database into k positioning sub-
regions, the SVR algorithm is used to construct the nonlinear relationship
between received signal strength and position coordinates.

Standard SVR is single-output, while reference point coordinates are two-
dimensional (z;,y;). A multi-output approach is adopted to implement
multi-output SVR regression. The input fingerprint data is represented as:

R; = [rss; 1,788, 9, ,788; j, -, T85; 1]

where i =1,2,...., N and j=1,2,..., M.

First, through a nonlinear mapping function ®(R), the input R is mapped to a
high-dimensional kernel feature space F. Then, in the high-dimensional space,
linear regression functions for the x and y coordinates are constructed separately.
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Taking the z-coordinate regression function as an example, the optimal linear
regression estimation function between position coordinates and received signal
strength in space F' is constructed as:

fx)=w? - ®(R)+b

where w is the weight coefficient and b is the bias constant. ®(R) is the nonlinear
mapping function that maps the input fingerprint data RSS signals to the high-
dimensional space.

Based on the principle of structural risk minimization, the SVR algorithm solves
the convex quadratic optimization problem:

N

. * 1 T *
i, 066 =guTuked (6 &)

1=1
subject to:

yi —wTO(R;) —b<e+§
w'®(R;) +b—y; <e+&
£, >0, i=1,2,..N

where & and £ are slack variables, ¢ is the insensitive loss function controlling
regression error, and c is the penalty factor satisfying ¢ > 0. The empirical

risk size is determined by Ei\il@z + &), which affects the VC dimension and
consequently the confidence range.

By introducing Lagrange multipliers into the convex quadratic optimization
problem, we obtain:

1 N N N
=1 i=1 i=1

where «,; and « are Lagrange multipliers satisfying «;, o > 0.

To avoid the curse of dimensionality, SVR models employ kernel functions. This
paper selects the Gaussian kernel function as the SVR model’ s kernel:

_ |7 — Byl”
k(R;, R;) = exp T 952

The final SVR positioning function can be obtained as:
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N

fla) =" (o — a))k(R;, R) +b

i=1

During the offline phase, two independent SVR positioning functions are ob-
tained through corresponding sample training and parameter searching, out-
putting x and y coordinates separately.

1.3 Covariance Matrix Adaptation Evolution Strategy
(CMAES)

The CMAES algorithm is an evolution strategy algorithm for solving complex
nonlinear, non-convex optimization problems, demonstrating good optimization
performance in global optimization with advantages of fast convergence, strong
robustness, and rotational invariance. The basic steps of the CMAES algorithm
are as follows:

a) Parameter setting and initialization. Set the number of parent individuals
1 and offspring individuals A in the population, the recombination weights
w; required for adaptive adjustment, the maximum iteration number G,
and the initial population mean m(® € RV step size ¢(® € R*, evolution
path p§,0> =0, pgo) =0, and covariance matrix C'0) = I,y € RNV,

b) Sampling operation. Sample in the optimization problem solution space
through Gaussian distribution N (0, C<9>) to generate a population distri-
bution composed of A\ individuals a:;gﬂ), which correspond to the popula-
tion in the optimization algorithm:

x§9+1) ~m@ 4+ WN(©O0,C9), j=1,2,...,\

where m(9 is the distribution mean of the g-th generation population; C9)
is the covariance matrix of the population distribution; 9 is the global step

size of the g-th generation; x§g+1) is the j-th individual of the (g+1)-th gen-
eration population; B9 is an orthogonal matrix whose column vectors form
an orthonormal basis of eigenvectors of C'9), used for rotating the population
distribution hyper-ellipsoid; D9 is a diagonal matrix with diagonal elements
being the square roots of eigenvectors corresponding to each column vector of

B9 used for scaling the population distribution hyper-ellipsoid.

¢) Evaluation and selection. Evaluate and rank the fitness of offspring indi-
viduals one by one, selecting the p best individuals to form the current
optimal offspring population. Calculate the corresponding fitness function
values f (ngH) ) for the newly generated solutions, and sort these objective
function values:
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d) Parameter update
(a) Mean update:

o

(g+1) — (g+1)
m = E Wiy
i=1

where w; are the set weights satisfying Zle w;, =1land w; > wy > ... 2>
Wy, > 0.

(b) Covariance matrix adaptation. First update the evolution path of
the covariance matrix, then adaptively adjust the covariance matrix

C:
(9+1) _ p(9)
(9+1) _ 4 _ (9) _ .m m
Pc - (1 Cc)pc + CC<2 Cc)ﬂeff 0’<9>

(9+1) (@) g (8+1) () (04 O e

g+l) — (1_p g g g T T i
c (1 €1 C#)C +Clpc (pC ) +C,u ;wz 0'(9) g(9>
where c, is the learning rate for p, update; c¢; and c,, are the learning rates
for “rank-1" and ‘“rank-y” updates of C', respectively; p.pp = 2#1 -

i=1 "1

(c) Step size update. First update the step size evolution path p,, then
adaptively adjust the cumulative step size:

(g+1) _ (1 _ (9) _ o9z -
& (1= co)ps” + /(2 = co)ptesy - C o(9)

o0+ = 5@ exp [ o I
d, \ E|N(0, )]

where ¢, is the learning rate for p, update; d, is the damping parameter.

N|=

e) Termination condition check. If the maximum iteration number G is
reached, stop and output the optimal solution and optimal value; oth-
erwise, return to step b).

Since CMAES demonstrates excellent optimization performance in solving
global optimization problems, this paper employs CMAES to optimize
SVR learning algorithm parameters for fingerprint information and position
coordinates in indoor positioning. The specific steps are as follows:
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a) Parameter setting and initialization. Set CMAES parameters: maximum
iteration number G, SVR parameters including penalty parameter c, ker-
nel function parameter ¢, and sensitivity factor ¢ with their upper and
lower bounds. Use data from k positioning sub-regions as the training set.

b) Population sampling. Sample the multidimensional normal distribution
to generate a population distribution composed of A individuals x<-g+1), as

J
well as the individual value ranges.

¢) Calculate fitness for each population individual. Use (¢, d,¢) as training
parameters, train the SVR model using the training set, and use the av-
erage positioning error as the individual’ s fitness:

1 n
AvgErr(c,0,¢) = - Z \/(x; —z;)% + (y; — y;)?
i=1

d) Compare individual fitness values, select the y individuals with the small-
est fitness values to form the current optimal subpopulation.

e) Parameter update. Update the mean m, covariance matrix C, and step
size o.

f) Check if the maximum iteration number G is reached. If yes, stop and
output the optimal parameters (c*, %, *) and optimal fitness value AvgErr;
otherwise, return to step c).

g) Perform CMAES-SVR model training for each of the k positioning sub-
regions.

The CMAES-SVR indoor positioning model is shown in Figure 1 [Figure 1: see
original paper].

2.1 Experimental Scenario

The experimental scenario in this paper is the second floor of Building B of the
Basic Teaching Building at Sichuan University. The local floor plan is shown in
Figure 2 [Figure 2: see original paper|. In areas A and B, 30 reference points
are uniformly deployed with 3-meter spacing, and 20 test points are randomly
selected. Ten relatively stable APs are selected throughout the experimental
scene. A Huawei Nova mobile terminal is used for RSS data collection. RSS
signals are collected at different times over three days, with a sampling interval
of 1s. Each reference point and test point continuously collects 40 samples as
one group of data, with 5 groups collected, resulting in 200 RSS signal samples
per AP. The initial population mean is m®) = (c(0>, 6 0 with ¢ and ¢ set
to [0.01,100] and [107°,1072] respectively. The maximum iteration number is
set to 100 to enable the fitness function AvgErr to converge quickly with better
convergence performance.
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2.2 Experimental Results Analysis

This paper conducts extensive statistical analysis on measured data from ref-
erence points and test points. RSS signals collected from a single RP and a
single AP exhibit approximately Gaussian statistical characteristics. Figure 3
[Figure 3: see original paper| shows the probability distribution histogram of
200 RSS samples from a single AP at a certain RP. Therefore, Gaussian filtering
is first applied to remove low-probability and high-interference data, reducing
RSS signal variance and enhancing the stability and reliability of fingerprint
data, followed by mean filtering. As shown in Figure 4 [Figure 4: see original
paper], after Gaussian filtering, low-probability data with large deviations are
removed and curve fluctuations decrease.

After preprocessing, RSS signals form the original fingerprint database with
physical positions. For fingerprint database clustering and partitioning, the se-
lection of k value significantly impacts positioning accuracy. A small k value
results in low information similarity within each cluster, while an excessively
large k value increases the number of positioning sub-regions, reduces the range
of each sub-region, increases similarity between classes, and decreases position-
ing accuracy. To effectively partition the fingerprint database positioning sub-
regions, this paper compares the system’ s average positioning error when k
takes values in the interval [1,10]. The traditional SVR positioning algorithm is
used for location learning and prediction. Figure 5 [Figure 5: see original paper]
shows the curve of average positioning error varying with k& value.

Analysis reveals that when k = 5, the system’ s average positioning error reaches
its minimum. When k£ > 5, the average positioning error gradually increases.
Therefore, during the offline phase when partitioning the original fingerprint
database, k is set to 5, and CMAES-SVR model training is performed separately
for each positioning sub-region. To verify the effectiveness of the CMAES-SVR
algorithm, comparisons are made with WKNN (K = 6), traditional SVR algo-
rithm, and PSO-SVR algorithm. For PSO-SVR, the initial inertia weight is set
to 0.8, the terminal inertia weight to 0.3, learning factors ¢; and ¢, to 1.7 and
1.5 respectively, and maximum iteration number to 100. All three algorithms
use fingerprint data from the same positioning sub-regions. The positioning
performance of several algorithms is shown in Figure 6 [Figure 6: see original
paper].

As shown in Figure 6, when the number of samples is 80, the average positioning
error of CMAES-SVR is 1.68m, while those of WKNN, traditional SVR, and
PSO-SVR are 2.53m, 2.38m, and 2.21m respectively. When the number of
samples exceeds 90, the average positioning error of CMAES-SVR is smaller
than that of the other algorithms even when they use 150 samples.

Figure 7 [Figure 7: see original paper] shows the cumulative probability distri-
bution of average positioning errors for several indoor positioning algorithms
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when the number of RSS signal samples is 100. When the average positioning
error is less than or equal to 2m, the cumulative probabilities of CMAES-SVR,
PSO-SVR, traditional SVR, and WKNN are 76.8%, 71.25%, 64.8%, and 62.16%
respectively. When the average positioning error is less than or equal to 3m,
the cumulative probabilities are 91.2%, 87.36%, 83.1%, and 77.6% respectively.
Additionally, by comparing the standard deviations of positioning errors among
several algorithms, the proposed CMAES-SVR algorithm has a variance of 1.16,
which is smaller than other algorithms. This demonstrates that under the same
experimental environment, the CMAES-SVR, algorithm achieves higher posi-
tioning accuracy and stability.

To analyze the impact of clustering on algorithmic computational complexity,
the online computational complexity of several positioning algorithms is com-
pared. For WKNN matching algorithms, computational complexity is propor-
tional to the fingerprint database size. Clustering reduces the position finger-
prints to be matched online from 30 reference points in the entire database to an
average of 6 reference points, effectively reducing the search space by approx-
imately 78.6%. For CMAES-SVR and PSO-SVR learning algorithms, online
positioning computational load is determined by the SVR algorithm. Cluster-
ing makes RSS signal patterns more concentrated, simplifies the SVR learning
function mapping relationship, and significantly reduces the number of support
vectors, lowering SVR positioning function online computational complexity
by approximately 65.6%. At this point, WKNN has the lowest computational
complexity but poorer positioning accuracy, while the proposed CMAES-SVR
positioning algorithm improves positioning accuracy while reducing online com-
putational complexity.

Table 1 Positioning errors of different algorithms

Algorithm <3m Positioning 70% Positioning 90% Positioning

WKNN
Traditional SVR
PSO-SVR
CMAES-SVR

3 Conclusion

This paper proposes a WLAN indoor positioning algorithm based on CMAES-
SVR to address issues of RSS signal redundancy and noise in complex indoor
environments, the low learning efficiency and high computational complexity
caused by large fingerprint databases, and the significant impact of SVR hy-
perparameters on positioning accuracy. The algorithm first analyzes the prob-
ability distribution of RSS signals and employs Gaussian filtering for signal
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preprocessing to remove low-probability, high-interference data, thereby reduc-
ing signal variance. The K-means algorithm partitions the fingerprint database
into blocks to reduce search space, effectively preventing SVR learning algo-
rithm over-fitting and reducing computational complexity. CMAES is used to
optimize SVR parameters, and model training is performed for each positioning
sub-region to construct an improved SVR model with nonlinear mapping rela-
tionships between RSS signals and physical location information. Experimental
results and comparative analysis demonstrate that the CMAES-SVR algorithm
achieves higher positioning accuracy and stability compared with WKNN;, tra-
ditional SVR, and PSO-SVR algorithms.
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