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Abstract—Smartphone-based WiFi ranging positioning based
on fine time measurement (FTM) always collapses in real-life
scenarios. In this work, a novel map-aided particle filter (PF)-
based WiFi FTM fingerprinting approach is proposed to address
the poor performance of the WiFi FTM ranging positioning.
Different from manually collecting fingerprints, this approach
utilizes the theoretical received signal strength and geometric
distances between the access points and reference points as
the fingerprints, which means less labour-intensive work. For
accurate WiFi position estimation, a map-aided PF is designed
to find the optimal position. Extensive experiments are carried
out in the non-line-of-sight (NLoS) and mixed line-of-sight/non-
line-of-sight (LoS/NLoS) environments, and the testing results
show that the accuracy and stability of FTM fingerprinting are
improved by using the mixed RSS and ranging data fingerprints.
The minimal mean location errors (MEs) of the PF-based WiFi
FTM fingerprinting in NLoS and mixed LoS/NLoS conditions are
1.70 m and 1.85 m, respectively. Compared to the classic weighted
least square method, the MEs are reduced by 54.91% and
45.43 %, respectively. The testing results demonstrate that the PF-
based FTM fingerprinting is an effective approach that provides
satisfactory localization results in real-life indoor environments.

Index Terms—Indoor Localization, WiFi FTM, WiFi ranging,
Fingerprinting, RSS, RTT, Particle filter, Map, LoS, NLoS

I. INTRODUCTION

As a key technology for smart cities, indoor positioning
has always been a popular research topic for the community.
Tracking the positions of the objects indoors builds on wireless
signals from WiFi [1f], Bluetooth [2]], UWB [3]], RFID [4]],
etc., or on image-based approaches including visual position-
ing [5], simultaneously localization and mapping [6]], or the
infrastructure-free methods using magnetic field [7]], pedestrian
dead reckoning (PDR) [8], or (un)modulated visible light
positioning ((u)VLP) [9]]. The reported accuracy of indoor
positioning systems (IPSs) is different. For example, UWB
and SLAM can achieve centimeter-level precision, while using
WiFi or magnetic field generally obtains meter-level accuracy.
From the perspective of investment cost, deploying more UWB
anchors, WiFi access points (AP), or mechanical equipment
in SLAM is expensive, which limits the application of these
approaches in large-scale environments. Magnetic positioning,
uVLP and PDR need no infrastructure deployment, but the
localization accuracy is low. Currently, there is no IPS that can
balance the localization accuracy and investment cost [10].

IPSs can use a fingerprinting approach or a ranging-based
technique. Fingerprinting-based IPSs need a pre-built database
for online matching, like the image database [6], magnetic
field map [7], light map [11f], or radio map [12f]. Matching
algorithms including k-nearest neighbors (KNN) [7], deep
learning [13], etc., have been proposed. Fingerprinting is easier
to be implemented on phones and provides considerable pre-
cision. However, the measurement (update) campaigns of the
fingerprint database are always labour-intensive and complex.
Ranging-based IPS can be realized by leveraging UWB [3]] or
WiFi FTM [14]. Basically, three or more anchors should be
deployed in the environments, and the location of the undeter-
mined object is calculated based on trilateration algorithms [3]],
[14]]. There is no lab-intensive measurement work in ranging-
based IPS and the positioning precision is usually higher
than that of fingerprinting-based IPS. However, the ranging
process is impacted by indoor topologies, which bring non-
line-of-sight (NLoS) and multipath errors, making the ranging-
based IPS inaccurate. Meanwhile, with the development of
inertial measurement units (IMUs), the PDR approach has also
attracted much attention. PDR needs no fingerprint database
or ranging data, and outputs positions consequently based on
IMU sensors. However, it is severely affected by pedestrian
walking behaviors, and system errors accumulate quickly over
time [[8]], which still need mitigation approaches.

Localization can be performed on mobile phones by using
the WiFi/Bluetooth modules, cameras, or embedded IMU
sensors. With the new version of the IEEE 802.11mc wireless
local area work (WLAN) standard [15]], mobile phones can
directly communicate with the APs to measure the round-
trip-time (RTT) of WiFi signals based on the FTM protocol
[16], making smartphone-based WiFi FTM positioning (WFP)
popular. In a line-of-sight (LoS) indoor scenario, it has been
proved that the WiFi FTM ranging and positioning can obtain
considerable accuracy [17]. However, indoor environments
often have a lot of non-line-of-sight links, making FTM
ranging more complex. Research work in [[18] reports that the
WiFi FTM positioning does not work well in such scenarios.
Therefore, many works have been performed to improve the
precision. Methods such as map/FTM fusion [16], WFP/PDR
fusion model [19], NLoS/LoS identification [20]], temporal-
spatial constraints strategy [21]], etc., have been presented.
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Among these works, the WiFi ranging data is mainly used
for localization, and the WiFi received signal strength (RSS)
always plays a supporting role for ranging-based localization,
such as NLoS/LoS identification based on the variances of
RSS and ranging data [20], or using the RSS-based range to
improve the accuracy of WiFi ranging [22]. Since the RSS is
simultaneously measured during the WiFi ranging process, it
is necessary to study whether the localization using RSS is an
effective addition to the WFP in indoor scenarios.

Motivated by this, we carried out experiments to test the
FTM fingerprinting using theoretical RSS, ranging data, and
proposed a PF-based WiFi FTM fingerprinting approach. Con-
sidering the labour-intensive fingerprint collection work, we
compare both a distance-based path loss model and a heuristic
WHIPP tool [23] to construct the fingerprint database. During
online matching, the PF is adopted to reduce mismatching.
The map information is introduced to optimize the resampling
strategy of the particle filter. The accurate position is estimated
after applying the map-aided PF. Our contributions are as
summarized follows:

1) We evaluate the WiFi FTM fingerprinting in two envi-
ronments by using ranging data, theoretical RSS, and
mixed theoretical RSS/ranging data, and prove that the
mixed fingerprint improves the accuracy and stability of
FTM fingerprinting.

2) We propose an accurate WiFi FTM fingerprinting ap-
proach based on a map-assisted particle filter. This
method can effectively reduce the mismatching of fin-
gerprinting and improve localization accuracy without
the labour-intensive fingerprint measurement campaign.

3) We conduct extensive experiments in two different NLoS
and mixed LoS/NLoS environments to test the proposed
PF-based methods and confirm that it provides generally
usable localization results. The poor performance of the
ranging-based WiFi positioning is well addressed.

The remainder of this paper is organized as follows: Section

IT describes the related works on WFP; Section III presents
the architecture of the proposed method; Section IV shows the
experimental results, and Section V draws the conclusions.

II. RELATED WORKS

Since the new version of the IEEE 802.11mc WLAN stan-
dard [15]] was released in 2016, the distance between the WiFi
initiator stations and the responder stations can be estimated
based on the FTM protocol. To test the FTM ranging, Banin
et al [16] first investigated the accuracy of the dynamic WiFi
FTM ranging with LIDAR and reported that 90% of the
FTM measurements at a distance of 10 m obtained a ranging
precision within 1 m. Based on this, they utilized the Bayesian
filter solution and map information to perform localization and
obtained an accuracy of about 3 m in 90% of the cases. In [18]],
the “FUSIC” method is designed to address the low-accuracy
ranging problem in NLoS conditions. “FUSIC” can extend
FTM’s LoS accuracy to NLoS settings, providing room-level
positioning accuracy. In [24], the key factors that affect the
WiFi ranging are studied and the standard error correction

technique is proposed. The testing results show that meter-
level ranging accuracy is possible in an open outdoor space.
In [25], an artificial neural network is adopted to improve
the ranging accuracy and obtains a ranging error below 4
m in 90% of the cases, which outperforms the maximum
likelihood estimation method. These works validate the WiFi
FTM ranging and localization performance, and provide good
references for the research on smartphone-based WiFi FTM
positioning.

Mobile phones have started to support WiFi FTM since
the Android Pie system was released in 2018. Smartphone-
based FTM ranging needs no time synchronization like the
time of arrival (TOA)-based [26] and time difference of arrival
(TDOA)-based [27] WiFi ranging approaches. This revolu-
tionary update makes the smartphone-based WFP popular.
Therefore, many types of research have appeared. Yu et al
[17] first investigated the FTM ranging performance on phones
and confirm that meter-level ranging accuracy can be obtained
in LoS conditions after error compensation, and the local-
ization precision is within 2.2 m. However, real-life indoor
environments lead to serious NLoS/multipath errors on WiFi
ranging, making the WFP very inaccurate. Researchers have
developed different approaches from different perspectives to
solve this problem. Yu et al [|19] integrate the WFP with PDR
based on the unscented particle filter (UPF) to improve the
positioning accuracy, and the results show that this UPF-based
fusion model can deliver accuracy within 1.15 m. In [28§]], a
least square-based WiFi ranging compensation method is built
and an extended Kalman filter-based WFP/PDR fusion model
is constructed. Meter-level fusion positioning is reached in
a low-NLoS environment. Apart from fusion models, some
works process the WiFi ranging data or design optimization
strategies to improve accuracy. In [20]], the features of the
WiFi RSS and ranging data in LoS/NLoS environments are
extracted and classified by using a Gaussian model. The
testing results reveal that LoS/NLoS identification helps to
improve localization performance. Shao et al [21] convert the
ranging measurements at different places into multiple virtual
positioning clients to attenuate the effect of the multipath prob-
lem and propose a Karush-Kuhn-Tucker (KKT)-constrained
temporal-spatial optimization strategy for position estimation.
This method reaches a submeter-level positioning accuracy in
80% of the cases in complex indoor environments. In [22]], the
WiFi FTM ranging accuracy is improved by fusing the RSS-
based range based on the Kalman filter. Experimental results
show that the ranging errors are reduced by 31.64% (outdoor)
and 23.74% (indoor). The mean localization accuracy is within
1.5 m in a real-life indoor environment.

To summarize, current WiFi FTM positioning researches
mainly concentrate on the ranging-based approaches. Although
some works adopt RSS for the research, RSS serves as a sup-
porting input variable for WiFi ranging. The collaboration of
RSS and ranging data in localization has not been investigated
in depth. In this work, we further investigate the fingerprinting
performance by using RSS and ranging data, and develop a
particle filter-based WiFi FTM fingerprinting approach.



III. METHODS
A. Architecture

Fig. 1 shows that the PF-based WiFi FTM fingerprinting
method consists of an offline phase and online phase. There are
two different methods for the offline database construction and
online matching. We denote these two methods as "Method A”
(Section B.2) and "Method B” (Section B.3).

During the offline phase, Method A first divides the testing
area into grid points. Then, an artificial WiFi database is
constructed by integrating the theoretical RSS and distance
sequences. This work needs to train the path loss (PL) model
of the WiFi propagation based on the RSS measurements of
ground-truth points. Then, the plane distances between the grid
points and access points are calculated. The theoretical RSS
is computed based on the PL. model and plane distance. The
WiFi database is built by combining the theoretical RSS, plane
distance, and the corresponding coordinates. Method B utilizes
the WHIPP tool [23]] to generate the WiFi database with no
prior WiFi measurements for PL. model training.

During the online phase, Method A first transforms the
measured ranging data to the theoretical RSS based on the
PL model. Then, the measured RSS and theoretical RSS
are integrated using the Kalman filter. The filtered RSS and
measured ranging data are used for online KNN matching.
Method B first calibrates the measured RSS, and then the
calibrated RSS and ranging data are used for online KNN
matching. Finally, the map information and the KNN-based
locations (derived from Method A or Method B) are input
into the PF model for accurate position estimation.
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Fig. 1. Flow graph of the proposed method.

B. WiFi FTM ranging and Fingerprinting
1) WiFi FTM Ranging: Fig. 2 shows that the WiFi FTM
is the process of measuring the exchanging time of the
FTM request and acknowledge (ACK) message. The ranging
process starts after the WiFi AP responds to the FTM request.
Smartphone and AP capture the corresponding timestamps
when the FTM request and ACK message depart or arrive.
If there are n successful exchanges, the distance D between

the AP and mobile phone is calculated as:
— Z [ta(k [ts(k) — t2(K)])

) —ta(k)] - D

where C is the speed of light, ¢ (k) and t2(k) are the time-
of-departure (ToD) and time-of-arrival (ToA) of the FTM
package, t3(k) and t4(k) are the ToD and ToA of the ACK
message, respectively. The smartphone can simultaneously
measure the distances with respect to multiple APs. However,
the WiFi FTM ranging is easily affected by the indoor scenar-
ios, making the ranging-based positioning not efficient.
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Fig. 2. Description of the FTM producer.

2) Method A-WiFi FTM Fingerprinting with distance-based
fingerprint: Instead of a full manual fingerprinting at all
the reference points, we build a mixed theoretical RSS/RTT
fingerprint database by using a mathematical method. The only
offline measurement work is to measure RSS at some ground-
truth points and construct a distance-based path loss model
[22], which defines the relationship between the theoretical
RSS and plane distance as follows:

Pi = Po - 105 loglo(di/do) + K (2)
where P and P; are the WiFi RSS at the distance dy and d;,
dp is usually 1 m; § represents the path loss exponent,  is a
random error, respectively. As Fig. 3 shows, the PL models of
different APs could be obtained by fitting the measured RSS
as a function of ground-truth distances. These PL models are
used for constructing a fingerprint database per AP.

Before the WiFi database construction, a division of the
positioning area into grid points (GP) should first be made.
The plane distance between the GP and the AP is calculated:

di = /(z = &) + (y = 4:)° (3)
where (z,y) and (Z;, J;) are the coordinates of the GP and the
1 — th AP, respectively. Based on (2) and (3), the theoretical
RSS values at each grid point can be calculated. Then, the
fingerprint 7); at the ¢ — th grid point is defined as:

ni = [RSSi1, RSSia, ..., RSSim, dir, iz, - dimn, T3, yi] (4)
where m is the number of APs, (x;,vy;) is the position of the
1 — th grid point, respectively.

During the online positioning phase, the measured ranging
data is used to estimate the theoretical RSS based on the
PL model. Then, the measured RSS and theoretical RSS are
integrated by using the Kalman filter, which is expressed as:

Sy =AS,_1 + Wi,
Z,=HG,_1+V;

where S and Sj_; are the system states (theoretical RSS
values) at the time k& and k—1, A and H are the transition and

&)
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Fig. 3. Fitting curves of path loss models of three APs.

observation matrices, A=1Iy; and H=1I,.1; Z}, and G}._
are the systematic observation and the measured RSS; W4
and Vi, are the system and measurement noise, respectively.
The complete filter process is executed as:

(a) System state prediction:

S, = ASi_ 1+ Wiy (6)
(b) System variance matrix prediction:
P = AP, 1A + Qi (N

where Q_1 is the variance matrix of the system noise W,_1.
(c) System observation estimation using the measured RSS
value at the time k:

Zy=HG,+V, (3
(d) Calculate the Kalman gain (KG):
K, =P H"[HP, \H" + Ry 9)

(e) System state updated by the system prediction, KG, and
the systematic observation:

SkZSl; +Kk[Zk—HkS];] (10)
(f) System variance matrix update:
P,=(I-K,H)P, (11)

For online matching, the measured RSS and the theoretical
RSS are integrated by performing (a)~(f), and the filtered RSS
is combined with the measured ranging data using (4). The
KNN method [7] is leveraged to assess the similarities against
the constructed WiFi database. The estimated position is input
into the PF model for accurate tracking.

3) Method B-WiFi FTM Fingerprinting with WHIPP-based
fingerprint: Apart from using the prior measurement informa-
tion to train the PL Model and construct the WiFi database,
we also generate the WiFi database based on an automatic
WHIPP tool [23]]. WHIPP estimates the received power at
the different locations in the building, avoiding an expensive
and time consuming measurement campaign. Constructing the
radio maps only requires drawing the floor plan with the right
materials in the tool. The radio map construction builds on an
advanced heuristic path loss model that was constructed and
validated based on measurements in different building types
(office, congress center, arts center). The PL model is as:

PL; = PLo+10B8logyo(di) + Y  Lw + Y Lr  (12)
where PL; is the total path loss along a path distance d;, Py
is the path loss at a distance of dy, > Ly is the total wall

loss along the path, Y L is the accumulated interaction loss
along the path, # denotes the path loss exponent, respectively.

Moreover, before online matching, the measured RSS should
be first calibrated:

m __ w
Ty =ar;; +b

1] (13)

where 7} and 7% represent the measured and the WHIPP-
based RSS values at location ¢ from the j — th AP, a and b
are the parameters for mapping the RSS values from WHIPP
to the measured data. The details for calibration can be found
in [29]. In this method, there is no need to train a PL model.
The calibrated RSS and measured ranging data are input into
the KNN algorithm to perform online matching against the
WHIPP-based database.
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Fig. 4. Resampled particles with map constraint.

C. Fingerprinting with Map-assisted Particle Filter

PF is a good technique for dealing with the optimal estima-
tion of a nonlinear system by combining the known states,
modeling assumptions, and observations information. More
details about the particle filter model are given in [14]. In this
work, we summarize the proposed WiFi FTM fingerprinting
with map-assisted PF as follows:

Step 1: Initialization. Performing PF needs a particle swarm
with N particles. The first step is to generate particles that
are uniformly distributed over the testing area. Every particle
has attributes that are the same with the format of fingerprint,
which is expressed as:

E = [7’553‘17 ceey ’I"SS]@', ceey T’S.Sjm,, djl; ceey dﬂ, ceey djm,w]'7 i‘j, g]]

(14)
where m is the number of APs, (Z;,¢;) and w; represent
the position and the initial weight of the j — th particle,
j=1,...,N; rss; and dj; are obtained by assigning random
values in a range 0~2 to the measured RSS and ranging data,
i = 1,...,m, respectively. The initial value of w; is % The
map information is simultaneously loaded in this step.

Step 2: Update and normalize the weights of particles. For
the filtering at the timestamp k&, the KNN-based fingerprinting
gives an estimated position as the system state of the PF. Based
on this, all the particles’ weights are updated as:

1 h? 5
wj—\/%e:cp(—@) (15)

where o is the system variance, h; is calculated as:
n

hj = Z(|T55ji*Rki|+|dﬁ*lki\+‘7k*§9j|+|yk*?§j|) (16)
i=1

where (Z;,7;), rssj; and d;; are the same as the variables

in (14), lx; and Ry; represent the measured distance and the

filtered RSS from the i — th AP at the time k, (Ty,7y)
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are the coordinates of the KNN-based position. Then, the

normalization of particles’ weights is performed by:
2 w]
w. =

T N
> j=1%j

where w; is the normalized weight of the j — th particle.

Step 3: Resampling with map constraint. This step is to
select the particles with larger weights based on the normalized
weights. In this work, we apply a multinomial resampling
method [30]. For the resampled particle swarm, the map
information is adopted to remove the “escaped” particles. As
Fig. 4 shows, the map information (walls, corridors, etc.) is
extracted based on the KNN-based position. The geometric
relationships between the extracted map information and the
resampled particles are evaluated. We define the particles that
cross the walls or enter inaccessible areas as “escaped”, and
remove them from the swarm. If there are no “escaped”
particles, the resampled swarm remains to the next step.

Step 4: Calculate the filtered result. The weighted coordi-
nates of the remained resampled particles are output as the
filtered results. The definition is as follows:

_1xm s
X Zj:lexj

T m
V=5 ;‘71:1 w;Y;
where (X,Y") represents the final estimated position, m is the
number of the remaining particles in the swarm, m<N. To
keep the size of the particle swarm, (N —m) particles will be
regenerated around the final estimated position with a uniform
distribution and added to the particle set.

a7

(18)

IV. EXPERIMENTS
A. Experimental Setup

We test the proposed approaches in the state key labora-
tory of satellite navigation system and equipment technology
(SKSET, Shijiazhuang, China) and the 5-th floor of the iGent
building (Ghent, Belgium).

The SKSET is a typical real-life office scenario. 8 WiFi
RTT APs with the hardware part of Intel Dual Band Wireless-
AC8260 are installed outside the corridors of the second floor
(Fig. 5(a) and 5(b)). The concrete and glass walls make the
NLoS condition for WiFi measurement. During the offline
stage, we first use Method A to generate a PL. model-based

database (PLMD). The PL models are trained with the WiFi
measurements on 172 modeling points. After that, this testing
area is divided into 1756 grid points (GPs) with a separation of
0.3 m. The theoretical RSS values and plane distances of every
GP with respect to APs are calculated by using (2) and (3),
respectively. The PLMD database is constructed by combining
the theoretical RSS, plane distance, and the corresponding
coordinates. Method B generates a WHIPP-based database
with 4162 GPs. Testing data are collected three times on 64
testing points by using a Pixel 3 phone (Fig. 5(e)) with a
sampling rate of 5 Hz.

The 5-th floor of the iGent building is a typical office
environment (Fig. 5(c) and 5(d)), where are installed 3 WiFi
RTT APs (same as the APs in SKSET) and one commercial
AP. These APs make a mixed NLoS/LoS condition. For the
PLMD database construction, the PL models are trained with
50 modeling points. The testing area is divided into 4717
GPs with a separation of 0.3 m. The PLMD database is built
by using Method A. Method B generates a WHIPP-based
database with 9361 GPs. Testing data is collected three times
on 50 testing points by using a Pixel 3 phone with a sampling
rate of 2 Hz.

The positioning tests contain static fingerprinting tests (re-
ferred to the testing points in Fig. 5(a) and 5(c)) and dynamic
PF simulation (referred to the trajectories in Fig. 5(a) and 5(c)).
All the data analyses of these two experiments are made on a
laptop with 8 GB RAM and a 2.6 GHz CPU.

TABLE I
FINGERPRINTING APPROACHES AND DESCRIPTIONS

Database Subsets Online matching description
TRSS Filtered theoretical RSS using (6)-(11)
PLMD RTT Measured ranging data
(Method A) TRSS/RTT Mixed TRSS/RTT fingerprint
WRSS Calibrated RSS using (13)
WHIPP WRTT Measured ranging data
(Method B)  WRSS/WRTT Mixed WRSS/WRTT fingerprint

B. Static fingerprinting tests in SKSET and iGent

Table I shows the fingerprinting methods using different
data and online matching details. Table II and Fig. 6 show the
static fingerprinting results in the two different testing sites.



TABLE I
ERRORS COMPARISON OF FINGERPRINTING BASED ON DIFFERENT DATABASES

SKSET iGent
Database Subsets
Min/m Max/m Mean/m RMSE/m 75%Error/m | Min/m Max/m Mean/m RMSE/m 75%Error/m
TRSS 0.33 9.45 2.92 3.36 3.92 0.16 11.27 2.82 3.75 3.46
PLMD RTT 0.22 9.42 2.59 3.05 3.63 0.18 13.79 2.52 3.81 2.80
TRSS/RTT 0.15 7.92 2.23 2.70 3.22 0.12  13.11 2.38 3.58 2.49
WRSS 0.13 9.92 3.14 3.76 4.57 0.27 11.89 2.95 3.77 3.84
WHIPP WRTT 0.14 9.72 2.73 3.24 3.88 0.26 14.08 2.62 3.89 2.72
WRSS/WRTT 0.13 9.53 2.53 3.07 3.68 0.36 9.30 2.51 3.30 2.92

When using the PLMD database, directly performing TRSS
fingerprinting in SKSET (NLoS condition) only delivers a
mean positioning error (ME) of 2.92 m, and the root-mean-
square error (RMSE) is 3.36 m. The ME and RMSE of the
RTT fingerprinting are 2.59 m and 3.05 m, which are better
than those of the TRSS fingerprinting. However, based on
the mixed TRSS/RTT fingerprint, the localization accuracy
is improved to 2.23 m, and the RMSE decreases to 2.70 m.
Compared to the TRSS method, the ME and RMSE of the
TRSS/RTT are reduced by 21.23% and 19.64%, respectively.
Similarly, compared to the RTT fingerprinting, the ME and
RMSE of the proposed method are reduced by 13.90% and
11.47%, respectively. For the fingerprinting against the WHIPP
database in SKSET, the mixed WRSS/WRTT obtains a ME
of 2.53 m, and the RMSE is 3.07 m. The ME and RMSE
are reduced by 19.4% and 18.35% compared to the WRSS
fingerprinting, respectively. These results demonstrate that
WiFi FTM fingerprinting using the mixed ranging data and
theoretical RSS improve the mean positioning accuracy.
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Fig. 6. Fingerprinting errors comparison by using different fingerprint
databases in different testing sites. (a) PLMD database; (b) WHIPP database

Testing sites

For the testing results using WHIPP Database in iGent
(mixed NLoS/LoS condition), the ME of the WRSS-based po-
sitioning is 2.95 m, which is improved to 2.51 m by using the
mixed WRSS/RTT fingerprint. Although the mixed fingerprint
improves the localization accuracy, it is not improved much
compared to the WRTT-based fingerprinting. This is because
of the instability of WRTT-based fingerprinting, which has the
largest RMSE of 3.89 m. Regarding the results using PLMD
database, mixed TRSS/RTT improves positioning accuracy,
delivering a ME of 2.38 m and an RMSE of 3.58 m. The
RTT fingerprinting is still unstable with an RMSE of 3.81 m.
Fig. 6 shows the fluctuations of RTT-based and WRTT-based
fingerprinting in iGent, where the limited RTT APs cause the
unstable positioning. However, Fig. 6 and Table II show that

the stability and localization accuracy are better improved
when using mixed RSS and ranging data for fingerprinting
in these two testing sites. We conclude that using the mixed
fingerprint improves localization performance of WiFi FTM
fingerprinting in both NLoS and mixed NLoS/LoS conditions.

TABLE III
PF-BASED APPROACHES AND DESCRIPTIONS

Approaches | Description | Fingerprinting
TRSS-PF PF tracking based on TRSS Method A
RTT-PF PF tracking based on RTT Method A
WRSS-PF PF tracking based on WRSS Method B
WRTT-PF PF tracking based on WRTT Method B
Proposed PF tracking using TRSS/RTT Method A
PF tracking using WRSS/WRTT Method B

C. Dynamic PF tracking simulation in SKSET and iGent

We compare the proposed methods with the WiFi ranging-
based approaches of using weighted least square (WLS) [23],
RSS/FTM range fusion [22]. Combining the fingerprinting
descriptions in Table I, the details of PF-based methods are
shown in Table III. The numbers of the particles of all the PF-
based approaches are set as 1000. Table IV and Fig. 7 show
the testing results.

Table IV shows that performing classic WLS in SKSET
only obtains a ME of 3.77 m and an RMSE of 4.37 m. The
RSS-FTM improves accuracy, while the ME and RMSE are
only reduced by 0.52 m and 0.63 m, respectively. Compared to
the PF-based fingerprinting methods, the positioning accuracy
of these two ranging-based methods is worse. TRSS-PF and
RTT-PF can deliver a ME within 2.13 m, the RMSE of TRSS-
PF is slightly lower than that of the RTT-PF approach. The
ME and RMSE of the proposed method are 1.70 m and 2.17
m, which are the best results of these methods. Compared
to WLS, the ME and RMSE are reduced by 54.91% and
50.34%, respectively. When using the WHIPP database, the
proposed method delivers an accuracy and RMSE of 2.07
m and 2.61 m, which are improved by 45.09% and 40.27%
compared to WLS, respectively. For a confidence level of
75%, the proposed methods obtain the best accuracy. Fig.
7(a) and 7(b) show that PF tracking using TRSS/RTT or
WRSS/RTT can deliver the best results compared to other
methods. These experimental results prove that the proposed
approach performs well in an NLoS scenario and outperforms
the classic ranging-based methods.



TABLE IV
ERRORS COMPARISON OF WIFI POSITIONING METHODS

SKSET iGent
Database Methods
Min/m Max/m Mean/m RMSE/m 75%Error/m | Min/m Max/m Mean/m RMSE/m 75%Error/m

/ WLS 0.37  11.20 3.77 4.37 5.08 0.23 2270 3.39 4.15 3.66
RSS-FTM 0.32  11.35 3.25 3.74 4.17 0.18 2221 3.25 3.78 3.97
TRSS-PF  0.16 6.45 2.11 2.60 3.11 0.09 17.53 2.30 3.26 1.99
PLMD RTT-PF 0.14 8.14 2.13 2.70 3.23 0.07 1534 2.11 3.15 1.67
Proposed  0.04 6.40 1.70 2.17 2.31 0.05 1197 1.85 2.55 1.50
WRSS-PF  0.08 8.76 2.24 2.98 3.14 0.06 1143 2.37 2.54 2.69
WHIPP WRTT-PF 0.05 6.84 2.16 2.72 3.34 0.02 13.67 2.03 2.79 1.75
Proposed  0.05 7.76 2.07 2.61 2.96 0.08 14.30 1.92 2.38 1.69

For the testing results in iGent, directly performing WLS
obtains a ME of 3.39 m, and the RMSE is 4.15 m. The
maximal positioning error of WLS is 22.70 m, which indi-
cates the instability of WLS. Using the RSS-FTM approach
improves accuracy, with only an improvement of 0.14 m. The
PF-based fingerprinting methods still perform better than the
ranging-based methods. By using the mixed WRSS/WRTT
fingerprint, the ME and RMSE are 1.92 m and 2.38 m,
which are the best results of the PF-based approaches using
WHIPP-based database. Compared to the WLS, the ME and
RMSE are decreased by 43.36% and 42.65%, respectively.
The instability of WRTT-based fingerprinting also leads to
the unstable WRTT-PF, which has the largest RMSE (2.79
m). On the other hand, when using the PLMD database,
PF tracking based on TRSS/RTT obtains an accuracy and
RMSE of 1.85 m and 2.55 m, which are improved by 45.43%
and 38.55% compared to WLS, respectively. Fig. 7(c) and
7(d) demonstrates that the PF-based fingerprinting methods
outperform the classic ranging-based WiFi FTM positioning
under different confidence levels in iGent.

1 1
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0.8 0.8
0.7 | 0.7
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Fig. 7. Cumulative distribution functions comparison of different WiFi
positioning methods. (a) Use PLMD database in SKSET; (b) Use WHIPP
database in SKSET; (c) Use WHIPP database in iGent; (b) Use PLMD
database in iGent.

Combining the results of the two environments, we conclude

that the PF-based WiFi FTM fingerprinting works well in
NLoS and mixed NLoS/LoS conditions. A complete manual
WiFi database generated by the WHIPP tool serves well for the
proposed method. As a fingerprinting method, it needs no man-
ual measurement campaign, making up for the labour-intensive
shortcoming of the traditional fingerprinting approach.

D. Discussion

For the localization in real-life environments, the proposed
FTM fingerprinting based on the map-aided particle filter
obtains MEs of 1.70 m and 2.07 m in an NLoS condition and
ME:s of 1.85 m and 1.92 m in a mixed NLoS/LoS condition,
which outperforms the range-based approaches of using WLS
[28] and RSS/FTM range fusion [22]]. As a fingerprinting
approach, it does not suffer from the NLoS or multipath prob-
lems, which make the WiFi ranging accurate. The NLoS/LoS
identification [20] improves the accuracy of WiFi ranging
positioning, and the reported accuracy improvement is about
36.4%. However, the accuracy of our method is improved by at
most 54.91% and 45.43% in the NLoS and mixed NLoS/LoS
conditions, respectively. On the other hand, training NLoS/LoS
identification model [20] and ANN ranging model [25] need a
large amount of WiFi data, our method needs no measurement
campaign and can be deployed based on the WHIPP tool.
Compared to the ranging-based method using the complex
temporal-spatial constraints [21]], fingerprinting is easier to
implement and the localization accuracy is satisfactory with
the map-aided particle filter. Moreover, the testing results
prove that the combination of RSS and ranging data improves
the FTM fingerprinting accuracy. The efficiency of the PF-
based FTM fingerprinting provides an effective approach for
the localization using WiFi in real-life scenarios.

V. CONCLUSION

In this work, a novel WiFi FTM fingerprinting using a
map-aided particle filter is proposed to address the poor
performance of the range-based WFP. The experimental results
in two different testing sites prove that using the mixed The-
oretical RSS/RTT improves the accuracy of FTM fingerprint-
ing, and demonstrate the PF-based WiFi FTM fingerprinting
approach delivers a mean accuracy of within 2 m in NLoS and
mixed NLoS/LoS conditions. In the future, we will study more



accurate fingerprinting methods by integrating RTT APs and
more commercial APs, and adopt smartphone IMU sensors to
obtain stable and accurate indoor localization.
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