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Abstract: We propose an iterative scheme for feature-based positioning using a new weighted dissimilarity 
measure with the goal of reducing the impact of large errors among the measured or modeled features. The 
weights are computed from the location-dependent standard deviations of the features and stored as part of 
the reference fingerprint map (RFM). Spatial filtering and kernel smoothing of the kinematically collected 
raw data allow efficiently estimating the standard deviations during RFM generation. In the positioning stage, 
the weights control the contribution of each feature to the dissimilarity measure, which in turn quantifies the 
difference between the set of online measured features and the fingerprints stored in the RFM. Features with 
little variability contribute more to the estimated position than features with high variability. Iterations are 
necessary because the variability depends on the location, and the location is initially unknown when estimating 
the position. Using real WiFi signal strength data from extended test measurements with ground truth in an 
office building, we show that the standard deviations of these features vary considerably within the region of 
interest and are neither simple functions of the signal strength nor of the distances from the corresponding 
access points. This is the motivation to include the empirical standard deviations in the RFM. We then analyze 
the deviations of the estimated positions with and without the location-dependent weighting. In the present 
example the maximum radial positioning error from ground truth are reduced by 40% comparing to kNN 
without the weighted dissimilarity measure.

Keywords: weighted dissimilarity measure; feature-based indoor positioning; signals of opportunity; 
location-dependent standard deviation
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1. Introduction19

Feature-based (i.e. fingerprinting-based) indoor positioning systems (FIPSs), one of the promising indoor20

positioning solutions, have been proposed using various types of features (e.g. WLAN/BLE signal strengths [1–3],21

geomagnetic field strengths [4] or visible patterns [5]) for providing indoor location-based services (LBSs) to22

pedestrians [6–8]. The positioning accuracy of the state-of-the-art FIPSs using the received signal strength (RSS)23

of WLAN access points (APs) is in the range of a few meters [9]. This is adequate for pedestrian indoor24

positioning and navigation in many cases. However, unexpected and unacceptably large errors (e.g. > 20 m in25

horizontal coordinates [10]) can be observed in real environments. They jeopardize the practical usability of26

FIPSs [11,12]. Such large errors may be caused by large deviations of the measured or stored feature values27

when performing the location estimation [13].28

In order to benefit from the attractive characteristics of FIPS while mitigating large errors, the trend is to29

combine the feature-based positioning with other techniques. Such hybrid approaches combine the feature-based30

information with e.g. pedestrian dead reckoning (PDR) [14], map matching [15,16] or infrared ranging [17]. In31

addition, Bayes filtering methods, such as Kalman filters or particle filters are used to improve the estimated32

trajectory of pedestrians by combining the measurements with assumptions on the user’s motion [14,18]. Merging33

different positioning solutions may help mitigating the impact of large errors of individual observations on the34

quality of a specific type of LBSs. However, such approaches requires either deploying additional infrastructure35

or providing extra information (e.g. the indoor map). It would be useful to detect or mitigate large errors in FIPS36

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 June 2019                   doi:10.20944/preprints201906.0004.v1

©  2019 by the author(s). Distributed under a Creative Commons CC BY license.

https://orcid.org/0000-0002-3304-5497
https://doi.org/10.20944/preprints201906.0004.v1
http://creativecommons.org/licenses/by/4.0/


2 of 15

using only intrinsically available data. This has attracted little research attention in the past, see e.g. [11,12,19],37

and is the motivation for the present contribution.38

We base our approach on the variability of the feature values at each individual location. Feature values39

measured during the positioning stage are snapshots affected by noise. Even if the expected value of the feature40

has not changed since the data collection for the generation of the reference fingerprint map (RFM), the measured41

value may be closer to the RFM value at a different position than to the one at the correct position because of42

this noise. It is therefore important to take the noise into account when assessing the similarity of measured and43

stored feature values. We facilitate this by storing the empirical standard deviations (STDs) in the RFM which44

is generated during the offline phase for representing the relationship between locations and their associated45

features. The estimation of the variability is carried out by empirically analyzing the spatial distribution of the raw46

data (e.g. RSS values) included in the RFM. It yields an extended representation of the RFM, which contains not47

only the spatially smoothed feature values, but also the location-wise estimated STD of each individual feature48

(see Section 4). These values can then be used to mitigate the impact of large errors in FIPS. To this end we49

propose a weighted dissimilarity measure, which quantifies the difference between the online measured features50

and the features stored in the RFM, by adapting the contribution of the individual features to the dissimilarity51

measure relative to their estimated STD values (see Section 5.1). The positioning process is carried out in an52

iterative way because we need to assume the user’s location, which is required for retrieving the STD of the53

online measured features (see Section 5.2). Beyond the use further discussed in this paper, the location-dependent54

standard deviations can also be employed for identifying (large) changes of features which may need an update55

of the RFM, see e.g. [7,20,21].56

The remaining of the paper is organized as follows: Section 2 summarizes the work related to reducing57

large errors in an FIPS. The fundamentals of the feature-based positioning are briefly described in Section 3. The58

robust estimation of the variability of the RFM and its application to positioning are presented in Section 4 and 5,59

respectively. Finally, the evaluation of the variability estimation as well as the positioning performance using the60

iterative scheme are presented in Section 6 for a real world dataset.61

2. Related work62

Herein we focus on publications that address the detection and reduction of large errors in an FIPS. We63

refer the interested readers to [6,7,9] for more general information about indoor positioning. A comprehensive64

comparison of different feature-based indoor positioning algorithms using various similarity/dissimilarity metrics65

is available in [22–24]. A short review of the methods used for generation or creation of the RFM can be found66

in e.g. [7,25].67

[12] provides a detailed analysis of the sources of large errors when employing deterministic feature-based68

positioning approaches (e.g. kNN). The analysis is based on simulations for different indoor scenarios. The69

authors consider the influence of several factors such as the quantization error of signal acquisition, the density of70

the reference measurements, and the selected dissimilarity metrics on the positioning error. The analysis shows71

that large observation errors mostly occur at locations where both the mean and the maximum value of the RSS72

are low. However, the authors do not report about a validation of their analysis in a really deployed FIPSs. On a73

related note, [13] proposes to simply disregard features with a large standard deviation for the estimation of the74

user’s position.75

There are only few works that focus on reducing or estimating the positioning errors based on the analysis76

of the RFM1. [11] introduces a weighted dissimilarity measure by computing the discriminative indicator for77

each feature according to the Log-distance path loss model. However, the variability of the online measured78

features which has an impact on the estimation of the discriminative factor is not taken into account. In [19]79

and [26], the authors propose different regression models (e.g. neural networks, random forest, or Gaussian80

processes) for estimating the positioning errors and uncertainties that can be used to improve the performance81

1 [12] provides a complete discussion of the works focusing on reducing large positioning errors by support of other technologies (e.g.
PDR, or Bayes filtering).
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of tracking a pedestrian’s trajectory. Even if this is not the focus of these papers, the results suggest that the82

regression-based error prediction models cannot help to mitigate large errors because the predicted errors have a83

large uncertainty.84

Compared to previous publications, we carry out the variability analysis of the RFM using a kinematically85

collected dataset, which includes not only the noise originating from the short term fluctuations of the features86

measured by a mobile device, but also the noise introduced by the motion status (e.g. moving speed and headings)87

of the mobile device. This setup is closer to the realistic situation of positioning and tracking pedestrians.88

The estimation of the variability is based solely on the raw RFM and is later used for reducing large errors by89

introducing an iterative scheme with the weighted dissimilarity measure in the online positioning phase.90

3. Feature-based positioning91

We start this section by introducing the fundamental concepts of feature-based positioning and then briefly92

describe the process of kinematically collecting the RFM.93

3.1. Fundamental concepts94

Each measured feature is uniquely identifiable and has a measured value. For example, the signal from an AP,95

can be identified by its media access control address and is associated with an RSS. Features are thus formulated96

as pairs of attribute a and value v, i.e. (a,v). A measurement (i.e. fingerprint) Ou
i taken by the user u at the97

location/time i consists of a set of measured features, i.e. Ou
i := {(au

ik,vu
ik)|au

ik ∈A;vu
ik ∈�;k ∈ {1,2, · · · ,Nu

i }},98

whereA is the complete set of the identifiers of all available features and Nu
i (Nu

i = |Ou
i |) is the number of features99

observed by the user u at i. The set of attributes of Ou
i is defined as Au

i := {au
ik|∃(au

ik,vik) ∈Ou
i } (Au

i ⊆A).100

The positioning process consists of inferring the estimated user location l̂ui = f (Ou
i )(l̂ui ∈�d) as a function of101

the measurement and the RFM F , where f is a suitable mapping algorithm from the measurement to location2.102

F represents the relationship between the location l and the measurementO, i.e. F : l 7→O|l ∈G throughout103

the region of interest (RoI)G. If the RFM is discretely represented, we denote it as F := {(l j,Õ j)|l j ∈G, j ∈104

{1,2, · · · , |F|}} (where Õ j = F (l j)). A discrete RFM can be obtained e.g. by collecting fingerprints at different105

known or independently measured locations within the RoIG.106

3.2. Kinematically acquired RFM107

The kinematically obtained dataset used as the basis for the RFM herein has already been employed in [25].108

It was acquired using a mobile device (Nexus 6P) whose ground truth location was continuously measured with109

mm- to cm-level accuracy by a total station tracking a mini prism mounted on top of the mobile device. This110

procedure enables to simultaneously obtain accurate reference coordinates and the fingerprinting data collected111

by a pedestrian. The measurements were obtained at arbitrary locations lying on the trajectory of a pedestrian112

because the data acquisition on the mobile phone is passively triggered by the status of measurable features (e.g.113

the arrival of new features or the change of feature values) [27]. By carrying out a thorough site-survey, all the114

collected measurements and their tracked trajectories were merged and used to generate the raw RFM. Herein we115

use this dataset as the basis of our analysis. More details of its acquisition and processing can be found in [25].116

Fig.1a and 1b show examples of the raw data collected for RFM generation, namely the RSS values from117

two WLAN APs. These are signals of opportunity as the APs had been installed for providing Internet access118

and the signals are their anyway, when using them for the purpose of indoor positioning. The raw measurements119

have been acquired at arbitrary locations throughout the RoI which consists of several rooms and corridors within120

an office building.121

2 The RFM F is omitted from the positioning algorithm f for simplicity. d (e.g. d = 2) is the dimension of the coordinates.
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Figure 1. Examples of the raw and spatially filtered RFM of two arbitrarily selected APs. Third row shows
residuals between the spatially filtered RFM and the raw RFM. The density of the reference locations over the
RoI varies due to different accessibility (e.g. areas blocked by furniture or other facilities) and by different visiting
frequency of the users.

4. Robust estimation of the feature variability122

To estimate the noise of the measurable features at each location throughout the RoI, the features would123

have to be measured (ideally consecutively) multiple times at each location. However, even for a relatively sparse124

set of reference points throughout the RoI this would be prohibitively time-consuming and labor-intensive. We125

relax this requirement by assuming that the expected feature values change only little within a local, spatial126

neighborhood. Therefore, instead of estimating the standard deviation from the data collected only at a single127

location, we use all feature values obtained within a certain radius about a chosen reference location. The128

corresponding data are identified within the time series of data resulting while the user walked through the RoI.129

We denote these fingerprints as kinematically collected ones. The estimation of the standard deviation is still130

possible if a sufficient number of measurements is obtained in the proximity of each reference location (see Fig.1).131

The measurements thus associated with an individual reference location contain data obtained consecutively132

within a short time at slightly different positions, but also data collected a certain time interval apart (e.g. half an133

hour) because the user passed most locations several times during the entire data collection process. The resulting134

standard deviations thus reflect also the temporal variability of the signals, and the impact of user motion during135

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 June 2019                   doi:10.20944/preprints201906.0004.v1

https://doi.org/10.20944/preprints201906.0004.v1


5 of 15

Figure 2. Schematic representation of the spatial filtering

measurement, which will also apply during the positioning stage. We thus consider the kinematically collected136

RFM data suitable for the variability analysis.137

Under the assumption that the expected value of each feature is locally obtainable, the location-wise STD of138

each feature can be approximated based on the measurements associated to the neighborhood of a given reference139

location. More formally, we estimate the STD σ jk of k-th (k = {1,2, · · · , |Õ j|}) feature at the reference location140

l j in the RFMF. These estimated values of the STD are later included in the extended representation of the RFM,141

i.e. F := {l j, S̃ j} with S̃ j = {(a jk,v jk,σ jk)|a jk ∈ Ã j}. We start the estimation of the feature values for the RFM142

by applying a spatial median filter to the raw measurements in order to mitigate potential outliers. We proceed143

with the kernel smoothing (KS) that enables us to reduce the impact of noise and obtain a quasi-continuous144

representation of the RFM by interpolation. It allows us to approximate the expected value of the measurements145

at any location throughout the RoI. We perform spatial filtering and KS in two separate steps because KS is146

non-robust and the preceding filtering allows us to remove outliers before filtering noise and interpolating. The147

location-wise STD for each measurable feature is finally calculated as empirical standard deviation of the raw148

measurements (before filtering and kernel smoothing) within a neighborhood of the specific reference points. In149

the following, the individual steps of the algorithm are explained in more detail.150

As can be seen in Fig.1a and 1b the measured feature values in the neighborhood of a given location may151

vary significantly. This is particularly visible around locations with very low signal strength values, i.e. values152

close to the sensitivity limit of the mobile devices. In order to mitigate the impact of these variations on the153

representation of the RFM, we apply the spatial filtering which replaces the originally measured feature value va154

of feature a at the given location l by the median value of the values measured within the neighborhood of l. We155

have chosen to defined the neighborhood as the set of measurements collected at the up to m locations closest to l156

that at the same time lie within the given radius r about l (see the schematic in Fig.2).157

In the second step, we estimate a continuous RFM using KS in order to be able to retrieve the expected158

measurements at any location within the RoI [28]. Albeit KS can reduce noise by implicit filtering, it is not159

robust and the results could therefore be severely contaminated by outliers in the measured features (Fig.3a and160

3b). Therefore, we apply KS to the media filtered data rather than to the original ones. Because the structure161

of the indoor region is not taken into account, KS tends to smoothen the RFM over discontinuities like large162

changes of feature values or change from feature presence to feature absence over short distances e.g. because of163

walls. This over-smoothing degrades the quality of the RFM for certain features at certain locations. This may be164

relevant for positioning [29], especially when using radio frequency signals such as WLAN whose propagation165

is highly influenced by obstacles. Herein we employ a modified version of KS which uses only a subset of the166

data in the neighborhood of a given location for approximating the expected feature values [28]. This alleviates167

the impact of over-smoothing, while at the same time reducing the computational complexity [28,30].3.168

The distribution of the measured noise shown in Fig.4 clearly suggests that the variances are169

location-dependent, are different for different features, and cannot be represented as just a function of feature170

value or of geometric distance from a single point per feature (e.g. the AP location). So, we propose to model the171

3 A detailed analysis of the over-smoothing problem, the computational complexity of KS, and a discontinuity preserving approach to KS
is beyond the scope of this paper and left for future work.
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STD as a location-dependent quantity, independently for each individual feature. To this end, we compute the172

absolute residuals of the raw data with respect to the spatially filtered and kernel smoothed RFM in order a robust173

estimate of the STD. At the reference location l j in the RFMF, the STD σ jk of k-th (k = {1,2, · · · , |Õ j|}) feature174

contained in Õ j is computed by the median absolute deviation (MAD) of the measured feature values associated175

to locations defined as the support set for spatial filtering. The extended representation of the RFM with the176

estimated STD at location l j is denoted as S̃ j = {(a jk,v jk,σ jk)|a jk ∈ Ã j} and is continuously represented using177

KS, i.e. S̃ j := F (l j).178

5. Iterative scheme for online positioning179

Inspired by the finding that the variability of the features has a large effect on the positioning error [13],180

we employ the robustly estimated STD of the features to reduce the impact of uncertain feature values when181

calculating the position estimate. We construct a weighting scheme that reduces the weight of a feature with high182

STD relative to features with low STD. Therefore, a discrepancy between online measured and expected value of183

a feature with low STD has more impact on the dissimilarity measure—and thus on the estimated position—than184

the same discrepancy for a feature with a high STD. This dissimilarity measure is used to identify which subset185

of reference locations is taken into account when inferring the user’s location using deterministic feature-based186

positioning algorithms such as kNN.187

5.1. Weighted dissimilarity measure188

Given the online measured featuresOu
i at the location lui , the weighted dissimilarity measure d w between

Ou
i and the j-th reference fingerprint Õ j stored in the RFM is computed as:

d w(Ou
i ,Õ j) = ∑

a∈Au
i ∩Ã j

wu
ik g(vu

ik,v jk)+α1 · ∑
a∈Au

i \Ã j

wu
ik g(vu

ik,γ)+α2 · ∑
a∈Ã j\A

u
i

wu
ik g(γ ,v jk) (1)

where g is the selected dissimilarity measure (e.g. Minkowski distance) and γ is the missing value indicator189

(e.g. -110 dBm). This equation represents a compound dissimilarity measure (CDM) as defined in [31], and190

correspondingly α1 and α2 are hyperparameters regulating the contribution of mutually unshared features to191

the dissimilarity measure. However, the CDM herein uses a new distance metric, not covered in [31], by192

location-wise weighting of individual features instead of only weighting according to the respective observability.193

wu
ik is the weight of the k-th feature at the location/time i and is computed by employing the variability derived194

from the estimated expected measurement S̃u
i obtained at lui . In case that the k-th feature in Ãi j (Ãi j :=Au

i ∪Ã j)195

is not measurable at location lui , the weight of the corresponding feature is set to the minimum value of the196

weights of the measurable features thus reducing their impact on the estimation of the location.197

We selected the softmax function [32,33]

wu
ik =

e−βσ
−2
ik

|S̃u
i |

∑
l=1

e−βσ
−2
lk

(2)

to calculate the weight of each feature using the estimated STD, where S̃u
i = F (lui ) and β > 0 is the scale factor198

for adapting the concentration of the softmax function. The denominator normalizes the weights and makes the199

solution invariant to the scale of the weights. We have also tried to use a weight function corresponding to the200

one frequently employed for weighted least-squares (and actually motivated by maximum likelihood estimation201

with normally distributed observations), namely setting each weight proportional to the inverse of the respective202

variance. However, the accuracy of the solutions was worse than using the softmax function.203

The weighted dissimilarity measure is used to identify the candidate locations, whose dissimilarity values204

are smallest among all reference fingerprints stored in the RFM. We estimate the user’s location using kNN205

or weighted kNN by averaging or weighted averaging (e.g. inversely proportional to the value of dissimilarity206

measure) of the candidate locations. More details about kNN and weighted kNN can be found in e.g. [1,25].207
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5.2. Iterative scheme208

The position estimation requires to calculate the weight of each feature. However, the weight depends on209

the standard deviation which in turn varies with location. The required value can only be extracted from the210

RFM once the location is known. We thus carry out the positioning in an iterative way by i) assuming a position211

(initialization); ii) retrieving the STDs from the RFM, calculating the weights and estimating the position (update212

step); and iii) repeating ii) until a termination condition of the iterative scheme is fulfilled. These steps are213

explained in more detail in the following subsections.214

5.2.1. Determination of the initial location215

The initial location l̂(0)i of the user is used to derive the weights for the first iteration. One straightforward216

way of initializing is to choose the location estimated by the standard kNN without the weighted dissimilarity217

measure (i.e. the traditional kNN). When processing real world data we found out that the solution obtained at218

the termination of the iterative process is quite stable when initializing the location even randomly (see Section219

6). This suggests that the positioning performance does not depend strongly on the choice of the initial location.220

5.2.2. Update step221

At the t-th iteration (t ∈ �+), the weights as well as the dissimilarities are computed according to the
variability obtained at the location searched at the (t− 1)-th iteration. The weight w(t)

ik of the k-th feature at
location/time i and the t-th iteration is defined as:

w(t)
ik =

e−β

(
σ
(t−1)
lk

)−2

|S̃(t−1)
i |
∑

l=1
e−β

(
σ
(t−1)
lk

)−2
(3)

where S̃(t−1)
i is the estimated expected value of features with their STD at location l̂(t−1). This updated weights222

are used to compute the dissimilarity measure as defined in (1) and consequently to infer the estimated location223

l̂(t)i at the t-th iteration using e.g. kNN algorithm.224

5.2.3. Termination condition225

Ideally the searching process should converge to a fixed location. This state is assumed to be reached when
the distance between two consecutively obtained location estimated is lower than a given small threshold. We
denote this subsequently as converging state and terminate the iterative process when

|l̂(t)i − l̂(t−1)
i |2 < dmin,

where dmin is the threshold, which we set to 10−3 m in the experimental analysis later on. We found out that the
iterative process proposed herein sometimes enters a loop in which a (small) subset of locations are repeatedly
obtained as estimates in the same sequence. We denote this as the looping state and introduce a second termination
condition which is met when this state is recognized. We implement it as a threshold on the distance between the
location estimate obtained at the iteration t and the ones estimated at previous iterations except the estimated
location at the (t−1)-th iteration. More formally, the second condition is satisfied and the iteration is terminated
when

min
m=1,··· ,t−2

{|l̂(t)i − l̂(m)
i |2}< dmin.

Finally, the maximum number T of iterations is also limited (e.g. T = 100) in order to prevent long or226

endless search for a solution. If the search for an estimate is terminated due to this condition, we denote it as227

max. state.228

Assuming that the iterations terminate after T ′ iterations we select or compute the final estimate of the229

position depending on the termination flag (TF) εu
i ∈ {0,1,2}, indicating the respective state, as follows:230
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• Converging state: The location estimated at the T ′-th iteration is selected as the final estimate of the231

user’s location l̂ui , and εu
i is set to 0.232

• Looping state: In this case the searched locations do not converge to a single point. If the number of233

locations exceeds a certain minimum (e.g. 4) and if the locations visited in the looping state are not farther234

apart than a chosen maximum (e.g. 0.01 m) (see Fig.5) we use the minimum covariance determinant (MCD)235

estimator4 for computing the estimated location l̂ui of the user from the convex hull of the visited locations.236

If the number of points is too low or if they are too far apart from each other the situation is handled like the237

max. state. If the looping state termination condition is met and the MCD is reported as the final estimate,238

the TF εu
i is set to 1.239

• Max. state: This case actually means that the position estimation using the weighted dissimilarity measure
fails because no position can be found where the measured features and the predetermined standard
deviations are compatible. In this case, we can either report a failure of the algorithm and not calculate
a solution, or we can calculate an estimate ignoring the variability information. We have chosen the
latter herein. In particular, we determine l̂ui from all searched locations L̂ analyzing the similarities
between the user measured fingerprintOu

i and the expected ones at the searched locations. Specifically, we
employ the modified Jaccard index (MJI), which has been used for identifying subregions according to the
measurability of features [25], as the similarity metric. The MJI value SMJI betweenOu

i and the expected

one ˜̂
O

(t)
i ( ˜̂
O

(t)
i := F (l̂(t)i )) at the searched location l̂(t)i of the t-th iteration is computed by:

SMJI(Ou
i , ˜̂
O

(t)
i ) =

1
2

( |Au
i ∩

˜̂
A

(t)
i |

|Au
i ∪

˜̂
A

(t)
i |

+
|Au

i ∩
˜̂
A

(t)
i |

|Au
i |

)
(4)

where Au
i and ˜̂

A
(t)
i are the sets of the measured features contained in Ou

i and ˜̂
O

(t)
i , respectively. The240

estimated user’s location l̂ui is then the one that has the biggest MJI value among all searched locations L̂,241

i.e. the one with the maximum number of common measurable features is selected as the final estimate of242

the user’s location.243

6. Analysis of the variability estimation and positioning performance244

We start this section by presenting the results of the location-wise variability of each individual feature245

estimated using the kinematically collected RFM data, which is discussed in detail in [25]. We conclude this246

section with an analysis concerning the characteristics of iteratively searched locations as well as the positioning247

performance of the proposed iterative scheme.248

6.1. Results of the variability estimation249

Herein we set m = 20 and r = 2 m to obtain the spatially filtered RFM, which visually has an adequate250

spatial consistency in the neighborhood of each location. Fig.1c and 1d clearly show that the spatial filtering251

can reduce the large variations contained in the raw RFM to a great extent. For further analysis, we compute252

the residuals between the raw and the spatially filtered RFM. The obtained residuals are close to zero-mean253

distributed and have a location-dependent magnitude as illustrated in Fig.1e and 1f. Large residuals occur either254

in regions close to the boundaries of the RoI (e.g. close to the walls or corners of rooms and corridors) or at255

locations where the RSS values are hardly measurable by the mobile phone. In both cases the features are very256

likely affected by obstacles which also cause locally large variations of the feature values.257

Fig.4 shows the results of the estimated STD value using the MAD of the measured feature values associated258

to the neighborhood of a given location. As can be seen, each feature has a different variability throughout259

the RoI, i.e. the STD value is dependent both on the feature as well as on the location. This is the primary260

motivation that the variability is modeled location-wise for each individual feature instead of simply expressing261

4 MCD is a highly robust estimation of multivariate location and scatter. We use the implementation of MCD from scikit-learn [34].
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Figure 3. Examples of kernel smoothed RFM of two arbitrary selected APs. The results of the first two rows
are yielded by taking the raw RFM and the spatially filtered one (i.e. the ones depicted in the first two rows of
Fig.1) as the input to KS, respectively. Third row shows the residual between the kernel smoothed RFM using the
spatially filtered one and the spatially filtered RFM. Though the KS provides the continuous representation of the
RFM, we only visualize the smoothed features at the locations contained in the raw RFM for easy comparison.

the variability as a function of the measured feature value or as a constant value. The regions where the feature262

values have a higher STD are clearly correlated to the local variations of the measured feature value and the263

geometry of the building (Fig.3 and 4). The high variances occur in the case that a low number of measurements264

has been collected in the neighborhood region. These are caused by the violation of the assumption that the265

expected feature values are locally obtainable.266

6.2. Results of iterative scheme for positioning267

The proposed iterative scheme for feature-based positioning is implemented using the application268

programming interface of scikit-learn package, a widely used machine learning package in Python [34]. Herein269

we present the results of the iterative positioning using kNN with the weighted Euclidean distance as the270

dissimilarity metric for measuring the distance in the feature space. The values of several hyperparameters have271

to be configured. Regarding the weighted dissimilarity measure, as formulated in Section 5.1, α1 and α2 are272

set to 3.0 by following the results reported in [31]. The number of nearest neighbors k in the kNN algorithm273
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Figure 4. Examples of the absolute residuals and estimated STD for two APs

and the scale factor β of the softmax function are empirically set to 1 and 2.0, respectively. Optimization of the274

parameters (e.g. using grid/random search or Bayesian optimization [35]) for achieving the best positioning275

performance is left for future work.276

Fig.5 shows several examples of the searched locations of the iterative positioning with random as well as277

kNN initialization. Each individual subplot depicts the results of the iterative positioning at a fixed test location.278

The subplots depict the searched locations (red squares), the final estimation (blue triangle or coral diamond),279

the estimation using the traditional kNN algorithm, and the ground truth (black square)5. The initialization of280

the initial location has only a minor impact on the iterative searching process in this case because the RoI is281

relatively small. The initial location is determined by arbitrarily taking one of the reference locations stored in282

the RFM in case of random initialization. In addition, our schemes for determining the final estimation of the283

user’s location from these searched locations do not achieve the best potential positioning performance using the284

iterative scheme. Because there are locations in L̂ that are closer to the ground truth but they are not taken as the285

final estimation. This suggests that the iterative scheme for positioning has the potential to further improve the286

positioning performance if the proper technique is applied to retrieve the final estimation from these searched287

locations. The optimal positioning accuracy (denoted as Ours (opt.) in Fig.8 and in TABLE 1) is defined by288

assuming that the technique for the final estimation is capable of retrieving the searched location that is the closest289

to the ground truth. As depicted in Fig.8, our scheme for retrieving the final estimation can achieve comparable290

performance to that of the optimal one when comparing the overall positioning accuracy. However, from TABLE291

1, it also suggests that the maximum positioning error can be reduced to a large extent if the optimal positioning292

can be achieved.293

Fig.6 shows the statistics of the TF, denoted by the percentage of locations terminated with different294

conditions. In case of k = 1 about 83% iterative search processes have terminated with the converging state. This295

is about 35 percent points higher than in case of k = 3. We therefore set the number of the nearest neighbors for296

kNN to 1. In addition, we have analyzed the searched locations within the looping state cases are distributed on297

5 In order to improve the readability, the initial location has not been visualized.
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Figure 5. Examples of iteratively searched location with different initializations. The locations with black circles
are repeatedly searched in the same sequence (i.e. the looping state) when using the iterative scheme.

space. Fig.7 shows the distribution of the maximum distance between points within the same loop. Most of the298

maximum distances are significantly less than 10 m, though, in some extreme cases we observed up to 60 meters.299

As shown in Fig.8, the schemes proposed for the loop state (MCD or MJI) are still capable of properly selecting300

position estimates close to the ground truth also in most of these cases.

Figure 6. Comparison of the percentage of locations terminated with different conditions for k = 1 and 3. The
max. state is not included in the figure because it has not happened in the experimental analysis.

301

The empirical cumulative distribution function (ECDF) of the radial positioning errors is presented in Fig.8.302

The proposed approach can significantly improve the positioning performance as compared to the performance303
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Figure 7. The maximum distance between the locations consisting of the loop state for k = 1

of the traditional kNN and kNN with CDM. Using the algorithm proposed herein, about 86% of the estimated304

locations have a positioning error smaller than 2 m and around 97% of estimated locations have an error of less305

than 4 m. Compared to kNN, this represent an improvement of up to 20 and 10 percent points, respectively. The306

improvement is also up to 10 and 6 percent points as compared to kNN with CDM. The percentage of estimated307

locations whose error distance is larger than 5 m is reduced from about 10.2% and 6.7% to 2.6%, when compared308

to the traditional kNN, and kNN with CDM, respectively. We also report the circular error (CE) defined as the309

minimum radius for including a given percentage of positioning errors (e.g. CE 50 for the 50th percentile) in310

TABLE 1. The maximum positioning error is reduced by about 40%, from 37.0 m to 22.2 m when comparing311

kNN with CDM to our approach. The CE 50, CE 75, and CE 90 are reduced by one third when compared to312

the kNN without iterative positioning. Furthermore, in Fig.9 we illustrate and compare the distribution of the313

locations, at which the positioning error is larger than 8 m using the original kNN. Fig.9a shows that these314

locations yielding large errors are mostly located close to the accessible boundaries of the indoor regions, i.e.315

close to corners of corridors and rooms, or to the walls. This pattern is similar to the spatial distribution of high316

variance of the feature values contained in the raw RFM as shown in Fig.4. Our approach can significantly reduce317

the number of occurrences where the positioning errors are larger than 8 m.318

Figure 8. Comparison of ECDF with respect to the radial positioning errors.

7. Conclusion319

We have proposed an iterative scheme for feature-based positioning, which is based on the weighted320

dissimilarity measure, for reducing large errors occurring in FIPSs. Appropriate weights for the individual feature321

can be obtained by analyzing the variability of the kinematically collected raw data underlying the RFM. The322
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Table 1. Statistics of positioning errors (meters)

CE 50 CE 75 CE 90 Max. error

kNN 1.4 2.6 5.2 29.6
kNN (CDM) 1.1 1.9 3.7 37.0
Ours 1.0 1.5 2.2 22.2
Ours (opt.) 0.9 1.4 1.9 9.2

(a) kNN (b) Ours

Figure 9. Distribution of the locations yielding large errors (> 8 m) in positioning

location-wise standard deviation of each feature is robustly computed using the MAD between the raw data and323

the spatially smoothed RFM. This variability information is stored as an additional layer of the RFM and used324

for weighting the contribution of each feature to the dissimilarity measure during the online positioning phase.325

Using real WLAN RSS data collected along with location ground truth in an office building, we could show326

that the noise of the raw observations indeed depends on the location and on the feature. We have implemented the327

proposed algorithms in Python and have validated the performance of the proposed iterative scheme. Compared328

to kNN with CDM, the maximum positioning error is reduced by more than 40% and the iterative scheme can329

improve the overall positioning performance. The positioning accuracy defined as the percentage of the locations330

whose radial positioning error is less than 2 m is improved from 65% to 86% when compared to traditional kNN.331

In future work, we will further investigate the proposed algorithms using data from other environments. We332

will further investigate the loop state and the handling of remaining outliers. Finally, we will investigate how the333

standard deviations modeled within the RFM can help to identify the need for updates of the RFM.334
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