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Abstract— WiFi-based indoor localization using the fine time
measurement (FTM) protocol has become a popular technique.
However, in harsh Non-Line-of-Sight (NLoS) environments, WiFi
FTM positioning (WFP) suffers from poor performance. In this
letter, a novel WiFi FTM localization method with the assistance
of geomagnetic positioning (GP) is proposed. To ensure the accu-
racy of GP, an enhanced mind evolutionary algorithm (EMEA) is
designed. A fine-grained WiFi position estimation method using
the overlapping searching area (OSA) and the coincident points
selection strategy is proposed. Experimental results show that
the EMEA-based GP improves the localization performance of
WFP in NLOS environments, the mean localization error (ME)
and root-mean-square error (RMSE) of the GP-aided WFP are
1.82 m and 2.08 m, respectively. Compared with the classic WFP
using the weighted least square (WLS) method, the ME and
RMSE are reduced by 51.7% and 52.4%, respectively.

Index Terms—Indoor localization, WiFi FTM, magnetic posi-
tioning, NLOS, mind evolutionary algorithm.

I. INTRODUCTION

OCALIZATION using MIMO [1], [2] and WiFi [3] to

determine the positions of the objects indoors is very pop-
ular. Recently, positioning using the WiFi FTM has attracted
extensive attention. Meter-level WiFi ranging accuracy in
Line-of-Sight (LoS) environments is reported in [4]. However,
complex indoor topologies lead to serious NLoS errors on
WiFi ranging. NLoS/LoS identification [5] can help improve
accuracy, but it remains difficult to execute the identification
methods during online positioning. To improve localization
precision, different algorithms have been proposed, such as
WiFi FTM with map information fusion [6], WiFi path loss
model range and FTM range fusion [7], WiFi FTM and built-in
sensors integration [8], [9], and WiFi FTM localization using
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a temporal-spatial constraint strategy [10]. Apart from using
sensor fusion or map information, it is necessary to develop
efficient methods to limit the NLoS influence on localization
using the available signals in indoor environments.

For addressing this problem, we propose a WFP method
with the assistance of geomagnetic positioning (GP). Perform-
ing GP in all indoor environments is feasible and efficient
based on the pervasiveness of the magnetic field (MF) [11],
[12]. The advantage of GP is that it does not suffer from
NLoS or multipath problems. If the Wi-Fi signals are denied
or the WiFi ranging is not accurate in NLoS environments,
GP could be a good supplementary solution for accurate
position estimation. Based on this assumption, we design a
GP-aided WFP method and conduct extensive experiments in
an NLoS environment to evaluate it. Our contributions are
summarized as follows:

1) We propose a novel GP approach based on an EMEA.
This EMEA-based GP can quickly search for the optimal
magnetic position and provide a good searching area for
the NLoS limitation in WFP.

2) We design the overlapping searching area and coincident
points selection strategies to mitigate the NLoS effects
on the localization accuracy of WFP by merging the
EMEA-based GP and WiFi measurements.

3) We conduct extensive experiments to test the proposed
methods and confirm that using the EMEA-based GP to
improve the accuracy of WFP in NLoS environments is
feasible and efficient.

II. RELATED WORKS

In LoS/low-multipath environments, meter-level WiFi rang-
ing is confirmed in [4], but it also reports that the WiFi
ranging and localization precision collapse in NLoS scenarios.
To address this problem, an LoS/NLoS recognition method is
studied in [5], which can work well in a mixed LoS/NLoS
scenario, but cannot be successfully executed in a complete
NLoS environment. Alternatively, map information and WFP
fusion is studied in [6] and achieved an accuracy of 3 m in 90%
of the cases. In [7], an RSS-based range and FTM range fusion
is proposed and the reported accuracy improvement is 30.4%.
In [8] and [9], researchers built WFP and pedestrian dead
reckoning (PDR) fusion models and the reported accuracy is
meter-level. However, these works are done in a low-NLoS
environment and PDR plays a leading role in the fusion
system. An efficient WFP in a complicated environment still
needs to be studied.

Complex NLoS indoor topologies lead to the discernibility
of MF and provide special features for GP [11]. Perform-
ing GP requires constructing a magnetic map as in [12] or
storing the magnetic patterns as the reference targets in [13].


https://orcid.org/0000-0002-9158-3787
https://orcid.org/0000-0002-1903-242X
https://orcid.org/0000-0002-1064-7399
https://orcid.org/0000-0003-3502-1453
https://orcid.org/0000-0002-2964-7698
https://orcid.org/0000-0002-8807-0673
https://orcid.org/0000-0002-8879-5076

|
I
I
Ji

N\

Section [V-B

Section IV-A

®

i 1
£
- P —
-
==Y
03 3|
ZE v
1@ | /7 M . Posi . 5 N
'S 1 { Magnetic Position ! .
:\ 1' L Area )l X Area ]
l Section IV-C
@ ! Searching ",/ Coincident —h Fine-grained ',
._Coincident Lines  ~\  Points "\ WiFi Position

Fig. 1. The structure of EMEA-based GP-aided Wi-Fi FTM Localization.

Magnetic patterns are used for localization based on a convo-
lutional neural network (CNN) in [13] and can localize a user
within 1.01 m in 75% of the cases. Other positioning algo-
rithms including sensitivity-based adaptive particle filter [14],
stochastic magnetic matching [15], etc., have been studied
and can obtain good performance. Performing GP without
considering the NLOS problems makes it very suitable as a
supplementary solution for the accuracy improvement of WFP
in NLoS environments.

ITII. ALGORITHM ARCHITECTURE

Fig.1 shows that the proposed EMEA-based GP-aided WiFi
FTM localization algorithm contains two phases: the over-
lapping searching area (OSA) selection and the fine-grained
WiFi position estimation. When determining OSA, a coarse-
grained WiFi position is first calculated based on the weighted
least square (WLS) algorithm. A square area around this
coarse-grained position is defined. Then, a partial magnetic
database is selected and the GP using an EMEA is executed.
Similarly, a square magnetic position area can also be selected.
The OSA is the overlapping area of these two areas. Then,
based on this OSA, we design the coincident lines and points
searching strategy to find the candidates positions for the
fine-grained WiFi position estimation. More details about the
used methods at different phases are described in Section IV.

IV. METHODS

A. WiFi FTM Ranging and Positioning
As Fig.2 shows, the phone starts with sending an FTM
request to an access point (AP) and one ACK message is sent
back if the AP responds to this FTM request. After this initial
response, the AP will send the FTM package to the phone and
record the ToD (time-of-departure) ¢1 (1). If the phone receives
the FTM package, it records the ToA (time-of-arrival) ¢o(1)
and returns the ACK message to the AP. Similarly, the ToD
t3(1) and ToA t4(1) of the ACK package are recorded by
the phone and the AP, respectively. Then, one FTM exchange
is completed. If there are n exchanges within one second,
the mean round-trip-time (RTT) of the WiFi signal flight is

calculated as:
n

1
RTT =~ D ([talk) = ta (k)] = [ta(k) — t2(R)]) (D)
k=1
The theoretical WiFi ranging model is expressed as follows:
C n
= 5, % 2_([ta(k) —ta (k)] = [ts (k) — 2(K)]) ()

k=1
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Fig. 2. WiFi FTM producer.
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Fig. 3. The measured distance and RSS when tester moves from one end of
the AP to the other end.

where 7 is the distance between the phone and an AP, C' =
3 x 108m/s, n is the number of successful FTM exchanges
within one second.

We first perform coarse-grained WFP using FTM ranging
data based on the WLS algorithm in [16]. In this letter, we fur-
ther introduced the access point detection (APD) producer into
the WFP by using the WiFi received signal strength (RSS) and
ranging data. The APD strategy is used for position correction.
If an AP is detected, the WiFi and magnetic positions will be
corrected by assigning the recorded coordinates of the detected
AP. Fig.3 shows that the WiFi ranging data will increase from
the minimal to the maximal values as the tester gradually
moves away from the AP. An AP is classified as detected
if all the conditions of (3) is met:

T < Tt&R557 > RSSf
ric1 > ri&ripr > 3)
RSS;_1 < RSSz&RSSz+1 < RSS;

where r; and RS.S; are thresholds, which are set as 2 m and
-45 dBm, respectively; 7;,7;—1,7i4+1,R55;,RSS;_1,RSS;11
are the ranging data and RSS between the phone and an AP
at the time 7,; — 1,7 + 1, respectively.

B. EMEA-Based Geomagnetic Positioning

1) Enhanced Mind Evolutionary Algorithm: The mind evo-
lutionary algorithm (MEA) is a popular searching algo-
rithm [17]. In this letter, we design an enhanced MEA (EMEA)
with a subgroups number setting (SNS) strategy that can
adaptively assign the numbers of subgroups. As Fig.4 shows,
EMEA needs a population to perform evolution. The individu-
als of the population get different scores based on their fitness
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Fig. 4. Enhanced mind evolutionary algorithm.

to the searching space. After performing SNS, the numbers of
superior and temporary subgroups are obtained, then EMEA
executes the similartaxis and dissimilation operators to find
the optimal result. The evolution process is as follows:

Step 1 (Initialize Subgroups): After the population is gen-
erated, individuals’ scores are calculated. The ones with the
highest scores are selected as the centers. A group is generated
around the centers with a random distribution.

Step 2 (Variance Calculation): This step is to make the dis-
tribution of individuals within one group more concentrated.
If a subgroup is expressed as {z;,i = 1,2,3,...,n}, the
variance is calculated as:

1 2\2
var = — 2 — 2 4)
- ;( )
where Z is the mean value of the subgroup. Then, a subgroup
is divided if the variance is higher than the threshold.

Step 3 (Center Distance Control): This step is to make all
groups uniformly distributed. Two subgroups are combined if
the center distance is smaller than the threshold, and a new
group is regenerated in the searching space.

Step 2 and Step 3 are executed until no groups are divided
or combined. The remaining groups will be assigned as the
superior and temporary groups. If the numbers of superior
and temporary groups are N and M, and the number of total
subgroups is T, N and M satisfy the condition in (5) and are
updated by using (6):

T=N+M (&)
N=N+1, Simaz <9 (6)
M:M+1, simaw>6

where $;q, 1S the maximal score of the ¢ — th subgroups, §
is a threshold, 7" is set to 10 in this work.

Step 4 (Similartaxis and Local Competition): This step is to
make the subgroup mature. The individuals within one group
compete by comparing scores. If the difference of the maximal
and minimal scores satisfies the mature condition, this group is
mature and its maximal score is posted on the global billboard.

Step 5 (Dissimilation and Global Competition): If all the
subgroups are mature, dissimilation executes global competi-
tion by comparing the posted scores on the global billboard.
The temporary groups with higher scores replace the superior
groups with lower scores. New temporary groups are regener-
ated in the searching space.

All the above steps are executed cyclically until no superior
groups are replaced or the number of iterations reaches the
maximal iteration number. The individual with the highest
score in the superior groups is selected as the final result.

2) Geomagnetic Positioning Using EMEA: Many temporary
magnetic positions (MP) can be obtained because of the high
sampling rate of the magnetometer. These positions constitute
a population for performing EMEA. If the sampling rate is n
Hz and the MP population at the time k is P(k):

P(k) = {mk($1,y1)7 s 7mk($i7yi)7 RS mk(l‘n, yn)} (7)

where my(x;,y;) is the i — th individual of P(k) with
the coordinate values (z;,y;),7 = 1,2,...,n. The evolution
process in the EMEA occurs via comparison of the individ-
uals’ scores, which are related to the previous estimated true
MP (Xj_1,Y;—1) and calculated as:

1
S{ka Z} -3
Y (Xp—1 = 2)> + Y1 — i)?
In (8), s{k,i} will be set to O if (x;,y;) is the same as
(Xk—1,Y;—1). After the subgroups initialization, the variance
calculation can be defined as:
1 n
var = — Z[(an - 2%+ (yi — 9)%] )

i=1

@)

where ¥ and y are the mean coordinates values of all the
individuals’ positions within one subgroup. If the variance
is larger than 0.5 in this work, this subgroup is divided
into two groups. The next step of SNS is to calculate the
center distance of two subgroups. If the center distance is
smaller than 1 m, two subgroups are combined. After the SNS
strategy is performed, superior and temporary subgroups are
obtained. Then, the similartaxis and dissimilation operations
are executed. A group is mature if (10) is met:

|S{k}, i}7r1,aac - S{k; i}7rmin| <€

where € is set to 0.5 in this work. When EMEA meets the
convergence condition, the best individual of the superior
group is selected as the estimated MP.

(10)

C. Fine-Grained WiFi Position Estimation

Before performing the localization algorithm, a division
of the positioning area into grid points needs to be made.
These points are used for the OSA selection. After performing
the WLS-based WFP and EMEA-based GP, the OSA can be
obtained as shown in Fig.5(a). The grid points in OSA are the
candidates for the fine-grained position estimation. Fig.5(b)
shows the coincident lines and points searching process. First,
the Euclidean distance [; between the candidate point and
AP is calculated. In theory, the angle between two lines is
0° if they are coincident. If assigning another side length (,
a triangle can be obtained together with [; and the measured
distance r;. The angle 6 between [; and r; is calculated as:
2,2 _ 2
0; = arccos(-- ¢
2li7“ i
where ( is set to 1. If 6 is infinitely close to 0°, [; and r; are
coincident and the grid point which is used for calculating /;

) Y
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is selected as a coincident point (CP). Using one AP to search
in OSA can obtain a CP set. Several CP sets will be selected if
all APs finish searching. Finally, the same points among these
CP sets are selected and the mean coordinates values of these
same points are calculated as the final estimated position.

V. EXPERIMENTS

A. Experimental Setup

As Fig.6 shows, the experimental area is more than 650
square meters. 8 WiFi APs with the hardware part of Intel Dual
Band Wireless-AC8260 are installed. They are outside of the
corridors and cannot be directly observed from the corridors or
rooms, which means that the WiFi ranging is always executed
in a NLoS condition. The magnetic features are collected
at 166 reference points with an interval of 1.2 m. Then, 1756
grid points with an interval of 0.3 m are obtained using a linear
interpolation method and the corresponding magnetic features
are also interpolated. Testing data are recollected three times
at 64 testing points using a Pixel 3 phone with a sampling rate
of 50 Hz and 5 Hz for the magnetometer and WiFi ranging,
respectively. 7 APs responded to the FTM request except for
the No.5 AP during the test. All the data are analyzed on a
laptop with 8 GB RAM and a 2.6GHz CPU.

B. Geomagnetic Positioning Comparison

We first investigate the performance of the improved GP by
comparing it to the GP methods using the MEA and k-nearest
neighbors (KNN). As shown in Tab. I, compared to the MEA

TABLE I
ERRORS COMPARISON OF GEOMAGNETIC POSITIONING ALGORITHMS

Algorithm  Min/m Max/m  Mean/m RMSE/m  75%Error/m
EMEA 0.34 9.45 2.21 2.72 2.63
MEA 0.41 11.47 2.59 3.38 3.03
KNN 0.39 13.68 3.06 3.90 4.07
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Fig. 7. Subgroup numbers dynamic adaptation.
TABLE II
ERRORS COMPARISON OF WIFI POSITIONING METHODS

Methods Min/m Max/m Mean/m RMSE/m  75%Error/m

EMEA-WLS 0.10 5.43 1.82 2.08 2.51

MEA-WLS 0.13 6.71 2.19 2.57 2.84

KNN-WLS 0.15 9.91 2.62 3.17 3.23

RSS-FTM 0.32 11.35 3.25 3.74 4.17

WLS 0.37 11.20 3.77 4.37 5.09

and KNN, the EMEA obtains a localization accuracy of 2.21m,
which is improved by about 0.38 m and 0.85 m, and the root-
mean-square error (RMSE) is also reduced by 0.66 m and
1.18 m, respectively. Fig.7 shows that the subgroup’s numbers
are adaptively assigned when every time EMEA runs. We can
conclude that the SNS strategy improves the classic MEA’s
capability, and the EMEA-based GP can obtain good results.

C. WiFi FTM Positioning Methods Comparison

We now compare the EMEA-based GP-aided WFP with the
WLS-based WFP in [16], the RSS-based range/FTM fusion
in [7], the WLS-based WFPs with the MEA-based GP and
KNN-based GP. We denote these approaches as EMEA-WLS,
WLS, RSS-FTM, MEA-WLS, and KNN-WLS, respectively.

Tab. II shows that the mean error (ME) and RMSE of
EMEA-WLS are 1.82 m and 2.08 m, respectively, which
are reduced by 51.7% and 52.4% compared with the WLS.
This result clearly shows that the WiFi location accuracy is
improved with the assistance of GP. The same conclusion can
be drawn by comparing the MEA-WLS and KNN-WLS with
WLS. Under the same confidence level of 75%, the GP-aided
WFP methods also have better performance than the single
WFP. Using the RSS-FTM approach in [7] can also improve
the precision of WLS, albeit with an improvement of only
13.8% for the considered data set. However, using magnetic
signals can obtain a higher improvement of 51.7%. Moreover,
compared with the results of EMEA-based GP in Tab.l, the
ME and RMSE of EMEA-WLS are also reduced by 17.6%
and 23.5%, respectively.

D. Impact of Number of APs on Accuracy
We also investigate the impact of the number of APs
on the positioning accuracy of the methods in Section C.
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Different AP combinations are selected as follows: 3 APs
(No.1,3,7), 4 APs (No.1,3,4,7), 5 APs (No.1,3,4,6,7), and
6 APs (No.1,3,4,6,7,8). Fig.8 shows that the mean positioning
error of these methods gradually decreases as the number
of APs increases. When 3 APs are used, WLS only obtains
a localization accuracy of about 9 m. However, performing
RSS-FTM, KNN-WLS and MEA-WLS can help to improve
precision, with EMEA-WLS having the largest accuracy
improvement, which is about 6 m. The same conclusion
can be drawn when comparing the accuracy improvement
of these approaches using more APs. We conclude that the
EMEA-WLS can keep good performance in NLoS environ-
ments when fewer APs are used.

E. Comparison of Positioning Methods and Discussion

For a confidence level of 90%, Fig.9 shows that only
performing WLS-based WFP or KNN-based GP cannot obtain
good results with localization errors larger than 6.20 m. The
positioning accuracy of GP gradually increases when using the
KNN, MEA, and EMEA. This also shows the effectiveness
of the EMEA. With the assistance of the three GPs, the
WEFP’s precision also gradually increases, and the proposed
EMEA-WLS gets the best result, which is 3.20 m in 90%
of the cases. From the perspective of accuracy improvement,
EMEA-WLS shows an improvement of 51.7% as discussed in

Section C. This result is better than that of using NLoS iden-
tification in [5] with an improvement of 36.4% and inputting
RSS/FTM data in [7] with an improvement of 13.8%. With
a denser AP deployment, the RSS-based fingerprinting in [3]
obtained a higher precision. Its reported accuracy improvement
equals 16.7%. Experiments prove that using GP to improve the
WEFP’s accuracy is feasible and efficient.

VI. CONCLUSION

In this letter, we propose to use GP to improve the accuracy
of WFP in NLoS environments. Experiments verify the feasi-
bility of our method and testing results show that the GP-aided
WFP can obtain a location accuracy of 1.82 m, which is
improved by nearly 52% compared with the traditional WLS
method. In the future, we will further study using WiFi RSS
and smartphone build-in sensors to improve precision, and
using barometers to realize 3D localization.
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