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Abstract. The inertial navigation systems exhibit excellent short-term
positioning accuracy, yet they are susceptible to cumulative errors over
time. WiFi fingerprint localization avoids cumulative errors, but it is
prone to mismatching issues. Therefore, a commonly used technique is
the integration of an inertial navigation system and WiFi fingerprint
matching.The particle filter employs dead reckoning (DR) for the state
transfer equation, while utilizing the disparity between inertial naviga-
tion and WiFi fingerprint matching as the observation equation. Floor
map information is introduced to detect whether particles cross the wall
and if so, the weight is set to zero. For the particles that do not cross
the wall, considering the distance between the current particles and the
historical particles, an adaptive particle filter is proposed. The adaptive
factor increases the weight of highly trusted particles and reduces the
weight of untrusted particles. Another innovation is the introduction of
a multidimensional Euclidean distance algorithm to reduce inconsisten-
cies in WiFi fingerprint matching. The experimental results show that
the proposed algorithm achieves high positioning accuracy.
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1 Introduction

A high level of positioning accuracy is currently achievable in open outdoor
spaces through global satellite navigation systems. Examples include Baidu Maps
and Google Maps, both of which offer navigation and location services for pedes-
trians and vehicles. In the indoor, tunnel, and other areas, due to the trans-
mission of obstacle occlusion signal, the wireless signal attenuates greatly, so
the scheme which using satellite navigation can not provide reliable position-
ing accuracy. Therefore, the study of indoor navigation solutions has aroused
greater interest among researchers [1,2]. Smart phones have the advantages of
high penetration and easy portability, Therefore, scholars have conducted exten-
sive studies on indoor navigation utilizing smartphone platforms.

The inertial navigation system (INS) is an autonomous navigation system
that operates independently without relying on external information or emitting
energy externally. It can provide carrier position, attitude and speed informa-
tion continuously and in real time. The main disadvantage of inertial navigation
systems is the cumulative effect of positional errors. That is, as the elapsed
time increases, the errors get bigger. The citation [3] indicates that the accumu-
lated positional error in a two-dimensional plane is proportional to the cube of
time. Aiming at the problem of cumulative error, many researchers have carried
out in-depth research.The HDR and HDE algorithms [4,5] have been successful
in mitigating cumulative errors during pedestrian movement in standard corri-
dors. By incorporating map information, the study presented in references [6,7]
employs a map-aided algorithm to mitigate the directional drift observed in iner-
tial navigation. Another approach involves introducing the magnetic field and
utilizing its north-pointing characteristic to correct the direction of the inertial
navigation system (INS).

The utilization of WiFi wireless signals for positioning is widespread, with
two typical indoor WiFi positioning technologies being the signal attenuation
model and fingerprint matching model. The signal attenuation model requires
prior knowledge of the anchor point’s location, and based on the received channel
state information[8], estimate the time to reach the direct or reach the Angle,
and use the arrival time difference positioning method to estimate the user’s
position. The WiFi signal state fluctuates with time, and complex indoor envi-
ronments, such as pedestrians walking or changes in the position of obstacles,
are easy to affect the propagation model, resulting in deviations in parameter
estimation and a decline in positioning accuracy.The WiFi fingerprint matching
model typically consists of two stages: offline training and online positioning.
In the off-line training stage, the received channel state information and the
corresponding calibration coordinates are saved in the database, and the model
is obtained after training. In the online positioning stage, the collected channel
state information is used as the fingerprint and then matched with the state
information in the database after the model estimation. Usually, the location
marked by the fingerprint that is most similar to the fingerprint database is
used as the pedestrian location. Because the channel state information of WiFi
is easily polluted by environmental noise, it will inevitably cause the mismatch of
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fingerprints. Therefore, the reference [9] proposed a magnetic fingerprint match-
ing method, which can reduce the location estimation error caused by the WiFi
fingerprint mismatch phenomenon. Therefore, considering the complementary
characteristics of the positioning errors of these two signal sources, an adaptive
particle filter combining INS and WiFi is proposed. The main innovations of this
paper are as follows

— To address the challenge of fingerprint mismatching, the multi-dimensional
WiFi fingerprint is used instead of the traditional one-dimensional finger-
print, and the multi-dimensional Euclidean distance algorithm is proposed to
compute the multi-dimensional WiFi fingerprint distance.

— To address the challenge of traditional particle filter weight updating, the
improved particle filter uses adaptive factors to improve the high trusted
particle weight and reduce the low trusted particle weight.

— Two cellularphone are used to carry out navigation experiments in two navi-
gation areas, and the Observational results show that the average positioning
accuracy is 1.84 m.

2 Framework Description
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Fig. 1. Algorithm framework of MED and APF.

The smartphone’s gyroscope and accelerometer are used to obtain the values of
the smartphone’s angular velocity and acceleration sensors in real time. Then
the integration technology is used to obtain the attitude angle, and the gait
technology is used to obtain the pedestrian’s step length, so as to estimate the
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pedestrian’s position based on the attitude angle and step length DR. The posi-
tioning process using the WiFi fingerprint positioning method can be divided
into an offline channel state information fingerprint database construction stage
and an online channel state information fingerprint matching stage. The refer-
ence point of the positioning area is calibrated through pre-placed anchor points,
and then the fingerprint information of the reference point area is collected. The
fingerprint data of two collection points are generated through interpolation
technology, and a fingerprint database of the area is constructed. At the online
stage, the distance between the MED to calculate the online collection of WIFI
fingerprints and the fingerprints saved in the database.The weighted K-Nearest
neighbor (WKNN) algorithm is used to further improve position performance
by selecting the Kwifi matching results.The DR model is used as a state trans-
mission equation for a particle filter. The difference between the distance result
of the WiFi fingerprint and the inertial navigation result is used as an observa-
tion equation.A adaptive factor is proposed to increase the weight of high trust
particles.Finally, MAP matching is used to further reduce estimated pedestrian
position errors.The algorithm framework of the MED and APFs is shown in
Figure 1.

2.1 DR module

EKF for Attitude Angle. When a pedestrian is moving, its vertical speed
should be zero when its feet touch the ground. Therefore, an EKF filter is con-
structed to remove walking noise. The system model is as follows

X (k) = [Z(k), V.(k), Roll(k), Pitch(k), Yaw (k)] (1)

where Z(k) and V. (k) represent vertical displacement and vertical velocity,
respectively; Roll(k), Pitch(k), Yaw(k) represent the attitude angle.
The vertical velocity and vertical displacement of the transition model is as

follows 2
[260] - [0 P [P0+ [0 F ] o [55] @

where T represents the sampling interval, a.,a,, a, represent tri-axis accel-
eration, respectively.

While the time moves to the moment where zero vertical velocity is detected
by ZUPT, EKF is triggered. The vertical velocity is updated to zero. The algo-
rithm flow chart for EKF is shown in Algorithm 1.

Attitude Angle. When the angular velocity is collected by the gyroscope,
the increment of the three-axis angular velocity [AfF, AfY, A7 is calculated as
follows [25]

A0 = wy, * T

AGY = w! + T, 3)

A7 = wi * T
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Algorithm 1. The EKF module

Input: Accelerometers and gyroscopes collect acceleration and angular velocity
. Extract the vertical acceleration from acceleration.

. Estimate Zero Velocity Point using Vertical acceleration.

. Compensate for acceleration and angular velocity errors.

. Use acceleration to calculate the quaternion.

. Obtain the attitude angle from the quaternion.

. Filter noise using EKF.

SO W N

where [wf,w}, wf] represents the angular velocity of the three axes respectively.
T represents the sampling interval.
According to the reference [26], the quaternion vector is updated as follows

Aby, sin 22«
+ A0

di+1 = [Icos qx (4)

where I denotes a 3 * 3 identity matrix. A® is calculated as follows

0 A —AGY AG?
—AGE 0 AT AGY -
AGY —AGT 0 A6: (5)
—AGT —AGY —ABE 0

AG =

After the quaternion are updated, the direction cosine matrix is calculated
as follows

4% - q§ - <1§ + 615 291492 — 243494 291493 + 29294
C{,L = 29192 + 29394 7(1% + q% - q§ + qi 29293 — 291494 (6)
29143 — 29244 2a2q3 + 20194 —af — a3 + a5 + aF

After the direction cosine matrix are updated, the attitude angle is calculated
as follows [25]

9 = tan ™! mACEY
V(Cr(3,2)% + (07 (3,3))°
B 1 CP(3,2) 7
¢ = tan m (7)
B _, CP(2,1)
N TERY

where ¥, ¢, 1 are called pitch, roll and yaw, respectively.

Step Length. Gait-based step length estimation has been successfully applied
to low-end inertial sensors [27]. In the process of pedestrian walking, the vertical
displacement is periodic, as shown in Figure 2.

The vertical displacement of pedestrians during walking is calculated as fol-
lows [28]

h(k) = — / V.(k) (8)

1
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Fig. 2. Pedestrian walking posture.

where h(k) and V, (k) denotes the vertical displacement and the vertical speed
at the kth time.
According to the literature [28], the step length is calculated as follows

2

SI(k) = 2\/ =7 v - ( v.) )

where L represents the leg length.

DR. Based on the step length, direction, and the position at the kth time, the
pedestrian position at the (k 4 1)th time is calculated as follows

o] R R o ]

where z(k) and y(k) denote the position at the kth time.

2.2 MED for WiFi Matching

WiFi fingerprint matching is commonly used as a single point fingerprint match-
ing [29]. Because WIFT fluctuates greatly, there is a ”jump point” problem in
single point matching. As shown in Figure 3, there is a ”jump point” when esti-
mating pedestrian position. Once the WiF1i fingerprint is matched, use a triangle
to mark the matching location. Obviously, the fourth triangle is far away from
the other three triangles. The WiFi matching location of the fourth triangle is
not reliable.

We propose a multi-dimensional fingerprint recognition algorithm to solve the
jump point problem. In order to improve the algorithm matching stability, we
add historical fingerprint information to reduce the impact of single fingerprint
matching. nindicates the number of WiFi access points collected at the same
time. The square represents the RSS of the access point. kindicates the kthtime
for collecting WiFi fingerprints, as shown in Figure 4.
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Fig. 3. A ”jump point” for WiFi fingerprint matching.
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Fig. 4. The multi-dimensional WiFi fingerprint matching.

The traditional Euclidean distance is only suitable for one-dimensional WiFi
fingerprints, so it is necessary to modify the traditional Euclidean distance, that
is, MED. MED is calculated as follows

k n
d= ij > (RSS(j) — RSSa(4)) (11)
i=k—3 | j=1

where RSS(j) denotes the jth access point value in the online stage. RSSg(j)
denotes the jth access point value in the offline stage. After calculating the
fingerprint distance, WKNN is used to estimate the WiFi fingerprint matching
position. For the detailed process, please refer to reference [19].

2.3 APF for Pedestrian Localization

System Equation for APF. Compared with Kalman filtering, particle fil-
tering provides a different technique for nonlinear system state estimation[30].
Particle filtering is widely used in a variety of nonlinear and non-Gaussian sys-
tem models because it is independent of the system model. The state equation
and observation equation of particle filter are defined as follows

X = f(Xk—l) +w (12)

Zip = h(Xp) + v (13)

where f() and h(-) represent known processes and observation equations, respec-
tively; X and Zj represent the process state and the observed state at the kth
time, respectively; w and v represent process noise and observation noise, respec-
tively.

The DR-based particle filtering process takes into account the errors of step
size, direction and estimated position, and assumes that their noise follows Gaus-
sian distribution and the mean is zero.
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X = f(Xp-1) +w

L1 AL
| Ok Af (14)
B T T Ly, cos (0y) tw

Yk—1 Lk sin (ek)

where Ly_1 and 65_; represent the step length and direction at (k — 1)th time.
(zk—1,Yyx—1) represents the estimated position of pedestrians at (k — 1)th time;
AL and A6 represent pedestrian step length and direction change, respectively.

In the process of pedestrian walking, WiFi positioning system can provide
positioning results. Combined with DR, the observation equation is defined as
follows

ITDR TWIFI
Z, = h(X = - 15
g (K)o l:yDR:| [ywzm] v (15)

where [:EDR,yDR]T represents the positioning result of DR. [xW]pI,yW]FI]T
represents the positioning result of WiFi fingerprint matching.

Particle Weight Technique. In order to deal with the difficulty of solving the
posterior distribution of particle filter for nonlinear systems, it is more feasible to
replace the analytical solution with the approximate solution. In order to solve
the sampling problem of a posterior distribution, resampling technique can be
adopted[31].

q (Xok | Z1:x) = ¢ Xok—1 | Z1:k—1) ¢ Xk | Xoik—1, Z1:x) (16)

The recursive formula for calculating the importance weight from each gen-
eration of particles is

P (Xo:x | Z1:1)

wil =
a(Xo:x | Z1:%)
) Z, | X Xy | Xpo
(le}c_lp( ol %) p (Xp | Xp_1) (17)
‘1<Xk \onkﬂvzhk)

1 [z )]t R [ ()]
Y emm/2R[1/2 exp( B )

where Z* represents the estimated observation; X, . represents the priori esti-

mated state vector; m represents the vector dimension; R represents the obser-

vation noise.

During a move, the position of the next point in time is limited by the position
of the previous point in time, as shown in Figure 5. Assume that the pedestrian
is in the center of a circular area at time (k — 1)th. Considering the limited step
length of the pedestrian, the position of the pedestrian inside the circle at kthis
more reliable, while the position outside the circle is less reliable. The particle
weight is not only related to the WiFi fingerprint matching results, but also to
the step size, so an adaptive factor is introduced to calculate the particle weight.
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dist = [xt] - {xt} (18)
Yest k Yest k—1
: 1

where {x“t} represents the estimated position at the kth time.
est |

Fig. 5. Pedestrian walking position.

Combining the two-particle weight calculation methods, the new particle
weight is calculated as follows

w=wl*xw2 (20)

Map Assistance. In the offline phase, the floor structure map information is
stored in the map database in advance. The online phase requires verification of
the validity of the newly generated particles. If the particle passes through the
wall, the weight is set to 0; If the particle does not pass through the wall, the
original weight is used. The map-assisted algorithm can be referred to [21].

3 Experimental Results

3.1 Experimental Scene

In this experiment, we carried out the actual walking experiment in the office
building. Participants walked from start to finish at a normal walking pace,
holding a smartphone and measuring their true position with the help of a laser
rangefinder. In the offline phase, the tester once again held a smartphone to walk
from start to finish, using the smartphone’s WiFi chip to collect the RSS value
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of the AP. Using the laser rangefinder and the corner of the building’s hallway,
we set up a WiFi fingerprint database. In order to conduct the experiment in
the online phase, we asked pedestrians to collect the RSS values of AP in two
office buildings at normal walking speed with smartphones in hand. The two
office buildings are 123 metres and 138 metres walking distance respectively. We
can download it from url https://github.com/Localization-IMU smartphones to
collect data.

3.2 Acceleration and Gyroscope Data

The figure 6 is acceleration and angular velocity collected in the office building.
The acceleration is approximately periodic. The stride size of the pedestrian is
obtained by gait simulation. At the inflection point, the angular velocity increases
significantly.

Acceleration (m/s)
wn
Angular velocity (rad/s)

|

n
w
n

100 150 200 0 50 100 150 200
Time (s) Time (s)

Fig. 6. Acceleration in the office build- Fig. 7. Angular velocity in the office
ing. building .

3.3 The Office Building

The pedestrian was holding a cell phone, walk along a pre-set path in the office
building. Figures 8 and 9 show the positioning locus and cumulative distribution
function (CDF) of DR, WiFi, particle filter (PF) and MED 4 APF respectively.
According to the data of table 1, the average deviations of DR, WiFi, PF and
MED + APF are 8.03m, 1.98m, 3.45m and 1.51m respectively. The correspond-
ing root-mean-square errors were 10.02 m, 2.43 m, 4.82m and 1.92m, respectively.
In the initial stage, the positioning trajectory is on the Y-axis, and the position-
ing accuracy is high. With the passage of time, the track of walking location
obviously deviates to the right, which leads to the increase of location error. We
can observe that inertial navigation positioning (DR) has a cumulative error,
and the longer the pedestrian walking time, the greater the error. In contrast,
WiFi fingerprint matching does not have cumulative errors, but there may be
fingerprint mismatch. Therefore, we use particle filtering (PF) to integrate DR
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And WiFi technology to reduce positioning errors. In order to solve the problem
of WiFi fingerprint mismatch and particle poverty, an algorithm called MED and
an improved particle filter are introduced in this study. MED algorithm improves
the accuracy of WiFi fingerprint matching by increasing the redundancy of fin-
gerprint information. The improved particle filter increases the weight of reliable
particles and reduces the weight of unreliable particles by considering the spatial
position of pedestrians. The combined effect of these two algorithms significantly
improves the accuracy of pedestrian location.
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Fig. 8. Positioning trajectories with different strategies.

Table 1. Position errors of DR, WiFi, PF, and MED+APF.

Position error Average error Root mean square error

DR 8.03 10.02
WiFi 1.98 2.43
AVPF 3.45 4.82

MDE+APF 1.51 1.92
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Fig. 9. CDF of errors.

4 Conclusions

Inertial navigation system is less affected by external interference and has high
short-term positioning accuracy. However, its DR Error will accumulate over
time, resulting in a large long-term positioning error. Unlike the WiFi fingerprint
matching method, there is no cumulative error, but there may be problems
with fingerprint mismatch. Under this background, this paper presents a MED
method and an APF method. MED uses multi-dimensional WiFi fingerprint to
reduce the occurrence of fingerprint mismatch. APF uses adaptive factors to
increase the weight of high confidence particles and decrease the weight of low
confidence particles. These two methods effectively reduce the indoor positioning
error.
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