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Abstract—In this paper, a simultaneous localization and map-
ping algorithm for tracking the motion of a pedestrian with
a foot-mounted inertial measurement unit is proposed. The
algorithm uses two maps, namely, a motion map and a magnetic
field map. The motion map captures typical motion patterns of
pedestrians in buildings that are constrained by e.g. corridors and
doors. The magnetic map models local magnetic field anomalies in
the environment using a Gaussian process model and uses them as
position information. These maps are used in a Rao-Blackwellized
particle filter to correct the pedestrian position and orientation
estimates from the pedestrian dead-reckoning. The pedestrian
dead-reckoning is computed using an extended Kalman filter
with zero-velocity updates. The algorithm is validated using
experimental sequences and the results show the efficacy of the
algorithm in localizing pedestrians in indoor environments.

Index Terms—Inertial sensors, magnetic field anomalies, in-
door localization, Rao-Blackwellized particle filter, SLAM.

I. INTRODUCTION

Interest in indoor localization of pedestrians has increased
in recent years due to the emergence of location-based ser-
vices [1]. Indoor localization is a challenging task since global
positioning system (GPS) signals get significantly weakened
inside buildings. Additionally, relying on pedestrian dead-
reckoning (PDR) approaches, where inertial measurements
are integrated to estimate the pose, is infeasible due to the
accumulation of drift even when using foot-mounted inertial
measurement units (IMU) with extended Kalman filter (EKF)
aided with zero-velocity updates (ZUPTs) [2]–[4].

In order to solve the indoor localization problem without
relying on GPS, several approaches were adopted in the
literature using a variety of sensors such as cameras [5], [6],
light detection and ranging (LiDAR) [7], [8], WiFi signals [9],
[10], ultrawide band (UWB) [11], and indoor magnetic field
anomalies [12]–[16]. In this work, we make use of the
magnetic field anomalies as well as the typical motion of
pedestrians inside buildings (shown in Figure 1).

It is well-known that the earth can be modeled as an
approximate magnetic dipole that produces almost uniform
magnetic flux. In indoor environments, the uniform magnetic
field gets distorted due to the presence of metallic man-made
objects. We use such magnetic distortions (anomalies) as a
source of position information by building a map of the
distorted magnetic field.

In [12], a simultaneous localization and mapping (SLAM)
algorithm was proposed which utilized the distorted mag-
netic field using an Rao-Blackwellized particle filter (RBPF).

Figure 1. An example illustrating the performance of the proposed SLAM
algorithm. Each of the black tiles (with radius 5 m and height 4 m) models
a region of the magnetic field in the environment. The blue hexagons (with
radius 0.5 m and height 0.25 m) models the typical directions of motion
in the environment. The estimated path using the foot-mounted IMU and a
ZUPT-EKF is shown in black and the estimated path by the proposed SLAM
algorithm is shown in red. The actual starting (ending) point of the path
marked using a green circular marker and the estimated end points of the
ZUPT-EKF and the proposed SLAM algorithm are shown in black and red
circular markers respectively. The heat map shows the estimated magnetic
field norm.

Therein, reduced-rank Gaussian process regression (GPR) [17]
was used to map the magnetic field of the environment as de-
scribed in [18]. Since the reduced rank GPR approximates the
Gaussian process (GP) on a fixed domain [17], a partitioned
map of 3D hexagonal tiles was used to construct a map of
the magnetic field for large environments, thus making sure
the computational cost of the GPR does not scale with the
size of the environment. Furthermore, an RBPF exploits a
conditionally linear substructure making the particle filter also
tractable for large state dimensions.

A different approach for solving the pedestrian indoor local-
ization problem using only a foot-mounted IMU was proposed
in [19], namely, the FootSLAM algorithm. The FootSLAM
algorithm aims at modeling the motion of a pedestrian inside
a building. Such motion is typically governed by the structure
of the building such as the presence of corridors, walls and
doors. This was accomplished through defining a 2D map
of hexagonal tiles, each edge of the hexagonal tile having a
probability of being crossed. An RBPF was used to estimate
the pose of the pedestrian while updating the motion map. The
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importance weights were calculated based on the 2D map with
hexagonal tiles [20].

In this paper, we propose a SLAM algorithm that uses both a
magnetic field map and a motion map of the pedestrian motion
patterns. These two sources of information (magnetic field
and pedestrian motion) are complementary and hence result in
more accurate localization and mitigate some of the drawbacks
of each approach such as the absence of local magnetic field
anomalies or moving in wide areas with no motion patterns.
This approach was first introduced in [15] where the magnetic
field map representation was a multi-layer hexagonal grid map.
Each layer had an increased resolution of the magnetic field of
the environment. Here, we adopt a continuous magnetic field
model by using the reduced rank GPR with 3D hexagonal
tiles as in [12]. Furthermore, we extend the motion map to
3D to accurately estimate the 3D motion of the pedestrian’s
foot and the magnetic field in 3D space. The algorithm is val-
idated using several real experimental scenarios. Quantitative
evaluation of the algorithm is accomplished using the ground
truth provided by an optical motion capture system.

The remainder of this paper is organized as follows: Sec-
tion II contains the motion model as well as the magnetic
field model and the definition of the motion maps followed by
the algorithm details in Section III. The experimental results
and evaluation of the proposed approach are presented and
discussed in Section IV. Finally, Section V contains some
concluding remarks as well as some suggestions for the future
work.

II. MODELING

The SLAM problem we tackle in this paper is the well-
known problem of approximating the distribution [21]

p(x1:k,M | u1:k, z1:k), (1)

where x := [p⊤,q⊤]⊤ is the pose vector consisting of
the three-dimensional position p ∈ R3 and the orientation
q ∈ M ⊂ R4 represented in unit quaternions and M is the unit
quaternions space, M := {Mm,Mu} is the environment map
consisting of the magnetic field map Mm and the pedestrian
motion map Mf. Furthermore, u := [∆p⊤,∆q⊤]⊤ ∈ R3 ×
M ⊂ R7 is the motion increment estimated using a foot-
mounted IMU, z := [(zm)⊤, (zu)⊤]⊤ is the measurement
vector consisting of the face transition measurements in the
hexagons of the motion map zu ∈ R8 and the magnetic field
measurement zm ∈ R3 captured using a magnetometer, k ∈ N
is the time-step, and ·a:b denotes the interval of timesteps from
a till b. Notice that here we assume that the environment is
static and that M is constant.

In this paper, an omni-directional motion model subjected
to the zero-mean Gaussian white noises εp

k ∈ R3 and εq
k ∈ R3

is used to model the pedestrian foot motion as

xk =

[
pk−1 +∆pk + εp

k

∆qk ⊙ qk−1 ⊙ expq(ε
q
k)

]
,

[
εp
k

εq
k

]
∼ N (0,Q). (2)

where expq : R3 → M is the exponential map from the tan-
gent space to the quaternion space, ⊙ is the quaternion product

(for more information, see [22]), N (0,Q) is Gaussian zero-
mean white process noise, and Q is the process covariance
matrix. Moreover, qk is the orientation of the sensor frame
with respect to the world frame. The origin of the sensor frame
lies in the centre of the magnetometer triad and its axes are
aligned with the axes of the magnetometer.

The magnetic field measurements are modeled as the gra-
dient of a scalar potential field as proposed in [18] as

zm
k = R(qk)

⊤∇φ(pk) + εm
k . (3)

where φ : R3 → R is the scalar potential field, R :
M → SO(3) maps from the quaternion representation to
the corresponding rotation matrix, and εm

k ∼ N (0,Rm) is
Gaussian zero-mean white measurement noise.

The motion of the pedestrian is captured by using 3D
hexagonal partitioning of the space of motion. The transition
measurement zu

k is a detector of the pedestrian crossing from
one hexagon to another through one of the faces of the
hexagonal tiles, i.e. zu

k determine if and which face of the
3D hexagonal tiles in the motion map was crossed.

Now, going back to the posterior in (1), it can be factored
as

p(x1:k,M | z1:k,u1:k) =

p(M | x1:k, z1:k,u1:k)︸ ︷︷ ︸
Map posterior with known poses

Pose posterior︷ ︸︸ ︷
p(x1:k | z1:k,u1:k) . (4)

By applying Bayes’ rule, and given the motion model and
the measurement models used, the pose posterior can be
written as

p(x1:k | z1:k,u1:k) = η p(zk|x1:k,u1:k, z1:k−1)

p(x1:k|u1:k, z1:k−1)

= η p(zk | xk,uk)p(xk | xk−1,uk)

p(x1:k−1 | u1:k−1, z1:k−1)

= η p(zm
k |xk)p(z

u
k|xk,uk)p(xk|xk−1,uk)

p(x1:k−1 | u1:k−1, z1:k−1),

where η is the measurement marginal distribution and is
treated as a normalizing constant.

Since the map Mm of the magnetic field and the map Mu

of the pedestrian motion are independent, the map posterior
can be written as

p(M | xk, z1:k,u1:k) = p(Mm|xk, z
m
k ,u1:k)

p(Mu|xk, z
u
k,u1:k). (5)

In the following two subsections, the modeling of the mag-
netic field mapping as well as the motion map are explained.

A. Magnetic field mapping

In this paper, we use GPR to represent the magnetic field
map Mm. The indoor magnetic field is modeled as the gradient
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of a curl-free scalar potential field φ and the GP prior is
defined as

φ(p) ∼ GP(0, κlin.(p,p
′) + κSE(p,p

′)). (6)

The earth’s contribution to the local magnetic field is
captured in the GP prior using the linear covariance function
(kernel)

κlin.(p,p
′) := σ2

lin.p
⊤p′, (7)

while the local magnetic field anomalies are assumed to follow
a squared exponential kernel

κSE(p,p
′) := σ2

SE exp

(
−||p− p′||22

2ℓ2

)
, (8)

where σlin ∈ R and σSE ∈ R are the linear kernel and the
squared exponential kernel magnitude scales, respectively, and
ℓ ∈ R is the length scale.

Full GPR to estimate the magnetic field map is intractable
in practice since it relies on inverting the covariance matrix
which is an operation with O(N3) complexity where N is the
number of measurements. Consequently, similar to [12], we
use the reduced rank GPR proposed in [17]. The GPR prob-
lem is projected on the eigenbasis of the (negative) Laplace
operator in a confined domain Ω ⊂ R3. In this domain, the
eigendecomposition of the Laplace operator subject to the
Dirichlet boundary conditions can be solved as{

−∇2ϕj(p) = λ2
jϕj(p), p ∈ Ω,

ϕj(p) = 0, p ∈ ∂Ω.
(9)

This eigendecomposition problem enables the approxima-
tion of the covariance function in (6) as

κ(p,p′) := κlin.(p,p
′) + κSE(p,p

′)

≈ κlin.(p,p
′) +

m∑
j=1

SSE(λj)ϕj(p)ϕj(p
′),

(10)

where {ϕj , λj}mj=1 are the eigenfunctions and their corre-
sponding eigenvalues, and SSE(·) is the spectral density of
the squared exponential kernel.

As in [18], we use the GPR approximation described in (10)
to model the magnetic field. This approximation is known to
be exact for infinite sizes of the domain and infinitely many
basis functions. To model large spaces with smaller number
of basis functions, making the representation more scalable,
as in [12], we split the map into three-dimensional hexagonal
blocks, each modeled as a separate GP. Each of such hexagonal
blocks is defined as

Ω(d)
m := {p | (x, y) ∈ hexagon(rm, (xc, yc)

m,(d)),

z ∈ [zm,(d)
c − Lm

z , z
m,(d)
c + Lm

z ]},
(11)

where rm and (xc, yc)
m,(d) are the radius and the center of the

hexagon respectively, Lm
z is half the height of the hexagon,

the position vector is decomposed as p := [x, y, z]⊤ ∈ Ω
(d)
m ,

and the operating space is defined as Ωm :=
⋃Nm

d=1 Ω
(d)
m . For

the details of computing the eigenfunctions and eigenvalues,
see [12].

B. Pedestrian motion mapping

As for the pedestrian motion map, the map Mu captures
typical motion patterns of pedestrians in buildings which are
constrained by e.g. corridors and doors. This is accomplished
through discretizing the space into 3D hexagonal tiles, each
of the hexagonal tile faces has a given transition probability.
Each hexagon Ω

(d)
u is defined similar to the magnetic map as

Ω(d)
u := {p | (x, y) ∈ hexagon(ru, (xc, yc)

u,(d)),

z ∈ [zu,(d)
c − Lu

z, z
u,(d)
c + Lu

z]}, (12)

and the full indoor environment is defined as Ωu :=
⋃Nu

i=1 Ω
(i)
u .

For each hexagon, the pedestrian motion map M
(d)
u ∈ [0, 1]8

encodes the transition probabilities of all the faces

M
(d)
u,j := P (pk ∈ Ω(d)

u | pk−1 ∈ Ω(d̃)
u , fj ∈ Ω(d̃)

u ), (13)

where fj ∈ Ω
(d)
u is the j-th face of the d-th hexagon and Ω

(d̃)
u

is a neighboring hexagon.

III. PEDESTRIAN MAGNETIC SLAM

In this section, our solution to the estimation problem
described in (4) is stated. First, we state the RBPF formulation,
followed by the estimation approaches of the magnetic map
and the pedestrian motion map.

A. Rao-Blackwellized particle filter

We use an RBPF to estimate the posterior in (1). The pose
posterior shown in (4) is approximated by a set of particles
{x[i]}Np

i=1 each with an impulse distribution

{x[i]
k }Np

i=1 ∼ p(x1:k | z1:k,u1:k). (14)

Through Rao-Blackwellization [23], a sample of the map
posterior can be computed for each of the sampled particles.
This is accomplished by assigning to each of the sampled
particles an estimate of the map M conditioned on the particle
p(M [i] | x[i]

k , zk) = p(M
[i]
m | x[i]

k , zm
k )p(M

[i]
u | x[i]

k , zu
k), thus

approximating the full joint posterior stated in (4).
The particle set is drawn from a proposal distribution π(xk |

u1:k, z1:k). In this paper, we use a bootstrap particle filter,
hence, the proposal distribution used is

π(x1:k|u1:k, z1:k) := p(xk|xk−1,uk). (15)

which can be sampled using the model stated in (2). To be
able to actually approximate the target distribution using the
sampled particles, an importance weight is assigned to each
particle which is computed using (4) as

w
[i]
k :=

p(x1:k | z1:k,u1:k)

π(x1:k | u1:k, z1:k)

= η p(zm
k | xk)︸ ︷︷ ︸
w

m,[i]
k

p(zu
k | xk,uk)︸ ︷︷ ︸
w

u,[i]
k

w
[i]
k−1.

(16)

The particles are re-sampled with replacement with a
probability proportional to the importance weights [24]. The
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pose posterior can be more formally represented using the
resampled particle-weight set

{< x
[i]
k , w

[i]
k >}Np

i=1 ∼ p(x1:k | z1:k,u1:k). (17)

It was previously mentioned that each particle has an
estimate of the maps Mm,Mu. Using the reduced rank GP
regression approach described above, it is possible to write
the prior for each magnetic hexagonal tile in terms of a mean
m

(d)
0 = 0m+3 and a covariance matrix

P
(d)
0 := diag(σ2

lin., σ
2
lin., σ

2
lin., SSE(λ1), . . . , SSE(λm)). (18)

The posterior p(M
(d)
m | x

[i]
k , zm

k ) ∼ N (m
[i],(d)
k , P

[i],(d)
k )

can consequently be recursively computed for a particle with
position p

[i]
k ∈ Ω

(d)
m using the Kalman filter measurement

update step as in [18]

Sk = C
[i]
k P

[i],(d)
k−1 (C

[i]
k )⊤ +Rm,

Kk = P
[i],(d)
k−1 (C

[i]
k )⊤S−1

k ,

m
[i],(d)
k = m

[i],(d)
k−1 +Kk(z

m
k − C

[i]
k m

[i],(d)
k−1 ),

P
[i],(d)
k = P

[i],(d)
k−1 −KSkK⊤

k ,

(19)

where C [i]
k := R(q

[i]
k )⊤∇Φ

[i]
k is the measurement matrix, Sk ∈

R3×3 is the innovation covariance matrix, Kk ∈ R(m+3)×3 is
the Kalman gain, and ∇Φ

[i]
k ∈ R3×(m+3) is the gradient of

the basisfunctions evaluated at the position of the i-th particle

∇Φ
[i]
k := ((∇p

[i]
k )⊤,∇ϕ1(p

[i]
k ), . . . ,∇ϕm(p

[i]
k )). (20)

To avoid the boundary effects of the Dirichlet boundary
conditions shown in (9), the size of the magnetic hexagonal
tiles is slightly extended outside the configured sizes of the
tiles. This helps build continuous maps of the magnetic field
using the hexagon tiles since the partitioned domains of the
GPs overlap. If a particle is located in these overlapping
regions, then all hexagonal tiles that contain the location are
updated using magnetic measurement.

As for the motion map, the map is updated by incrementing
the number of transitions for a given face when it is crossed
and the transition probabilities defined in (13) is computed as

M
(d)
u,j =


N

(d)
j∑8

j=1 N
(d)
j

if j ∈ {1, . . . 6}

pv if j ∈ {7, 8}
, (21)

where N
(d)
j is the total number of transitions occurred through

the face j. For the upper and lower faces (j = {7, 8}) of the
hexagon, we assign a small transition probability pv to account
for the improbability of vertical motion for pedestrians.

In order to make sure the particle cloud does not collapse
very quickly during operation and to avoid particle degeneracy,
the resampling of the particles is only done when the effective
size of the particle cloud goes under a certain threshold

Neff :=
1∑Np

i=1

(
w

[i]
k

)2 <
3

4
Np, (22)

where Neff is the effective sample size.

Algorithm 1: Pedestrian Magnetic SLAM
Input : zm

k ,uk, for k = 1 . . . NT, Q, R, m, σSE, σlin, ℓ, rm,
ru, Lm

z , Lu
z , and Np.

Output: For each timestep k, the estimated xk, Mm, Mu of
the highest weight particle.

1 for i ∈ {1 . . . Np} do
2 Initialize the particles as x

[i]
0 = [0⊤

3 ,q
⊤
0 ]

⊤ and the
importance weights as w

[i]
0 = 1

Np
.

3 Initialize the maps

M [i]
m ← N (0m+3, P

[i],(1)
0 )

M [i]
u ← (M [i],(1)

u = 18)

4 end
5 for k ∈ {1 . . . NT } do
6 for i ∈ {1 . . . Np} do
7 Propagate each particle using the motion model (2).
8 Check if the new particle pose is in a new magnetic

(motion) hexagonal tile. If yes, initialize the new
tile and add it to the magnetic (motion) map.

9 Determine zu
k for the particle based on the change in

the particle position.
10 Compute the importance weight wm,[i]

k using the GP.
11 Assign the importance weight wu,[i]

k using
corresponding probabilities computed according
to (21).

12 Compute the importance weights for each particle
according to (16).

13 Update the maps Mm using (19) and Mu by
updating N

(d)
j .

14 end
15 Normalize the importance weights.
16 if Neff <

3
4
Np then

17 Resample the particles (with replacement) with
probabilities proportional to the weights.

18 end
19 end

Our SLAM algorithm builds the maps of the environment
with respect to the initial pose of the pedestrian’s foot.
Therefore, it is possible to move or rotate the estimated
maps while simultaneously moving or rotating the initial pose,
i.e., the absolute position and orientation are not observable.
Consequently, we align the initial position and orientation of
the pedestrian’s foot to the world frame. The proposed SLAM
algorithm is summarized in Algorithm 1 where 0n,1n denotes
all zeros and all ones n-vectors respectively and q0 = [1,0⊤

3 ]
denotes the quaternion of zero rotation.

IV. EXPERIMENTAL RESULTS

To evaluate the performance of Algorithm 1, two data sets
were collected with the ground truth recorded using an optical
motion capture system in the limited space of a motion capture
lab as well as a longer data set collected without ground truth
data. In order to accurately evaluate the performance of the
proposed algorithm and to capture the stochasticity of the
particle filter, Algorithm 1 was run 10 times for each data
set. For both data sets we compute the average RMSE in both
position and orientation over these 10 runs. As for the long
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Figure 2. The experimental setup used to validate the proposed algorithm
(left) and the visual markers fixed on top of the IMU for collecting the ground
truth data (right).

data set, since no ground truth data is available, we designed
the path such that the end point is the same as the start point
to validate the performance of the algorithm with the deviation
between the end point estimated by the algorithm and the
known starting point.

The experiments were performed using a foot-mounted
IMU (MTi-100 Xsens). The ground truth data were collected
using markers fixed on a cardboard sheet fixed on top of the
sensor. The experimental setup is shown in Figure 2. The foot-
mounted odometry was computed using the OpenShoe open
source implementation [2], [4].

For each of the sequences with the ground truth data, the
GP hyperparameters of the magnetic map in (7) and (8) are
determined by optimizing the marginal likelihood with the
ground truth poses [17]. For the longer sequence, the length
scale was set to ℓ = 0.3, and the magnitude scales were set
to σSE = 1.0 and σlin. = 0.5.

The dimensions of the hexagons were chosen as rm = 5 m,
ru = 0.5 m, Lm

z = 2 m and Lu
z = 0.125 m. The number

of particles used is Np = 100, the measurement noise of the
magnetometer was set to Rm = 0.1 I3×3 which was also
determined using the hyperparameter optimization from the
short sequences, the vertical motion probability pv was set
to 0.001, and the process noise covariance matrix used is
Q = diag([0.001, 0.001, 0.01, 2× 10−6, 2× 10−6, 2× 10−6]).
The choice of the process noise covariance was based on the
output of the ZUPT-EKF odometry which showed more drift
in the vertical direction compared to the drift in the horizontal
direction. The orientation covariance was chosen to reflect
the relatively accurate orientation estimation provided by the
ZUPT-EKF algorithm.

A. Experimental sequences with ground truth data

Figure 3 shows the position estimates as well as the position
estimation errors of Algorithm 1 for sequence I. It can be seen
that Algorithm 1 decreases the position estimation error that
was present in the odometry. It can also be seen, however,
that the error increases slightly in the last 10 seconds, which
is due to some inaccuracies in the estimated magnetic field
map. Algorithm 1 was still able to reduce the error in the
estimated trajectory from a translation RMSE of 0.56 m in
the case of the ZUPT-EKF to 0.41 m (see Table I).

Figure 3. Top: The estimated path of sequence I using the ZUPT-EKF
algorithm (black) and Algorithm 1 (red) plotted along with the ground
truth (GT) (blue). Bottom: The translation error for the estimated paths by
Algorithm 1 and the ZUPT-EKF.

Tables I and II contain the translation and orientation RM-
SEs in sequence I for Algorithm 1 as well as the RMSE for the
SLAM algorithm using the magnetic map only and using the
motion map only. For each of the SLAM algorithms, the av-
erage and standard deviation of the translation and orientation
errors are reported. The proposed SLAM algorithm yielded
more accurate pose estimation results both for translation and
orientation which shows the complementary performance of
both maps in achieving accurate pose estimation results. The
accuracy of the estimated orientation by the odometry is high
and the output of the SLAM algorithms did not improve it,
however, the output is almost as accurate as the odometry.

Figure 4 shows the position estimates as well as the po-
sition estimation errors of Algorithm 1 for sequence II. This
sequence is composed of two loops with a sloped turn during
the second loop to test the performance of the algorithm
against non-repetitive paths as this makes it more difficult for
the motion map to model the motion of the pedestrian. Even
with the sloped turn, the algorithm was capable of accurately
estimating the path of the pedestrian and correctly closing the
loop when the pedestrian returned to the original rectangular
path taken during the first loop. In sequence II, the translation
RMSE was reduced from 0.6 m in the ZUPT-EKF odometry
to 0.32 m in the case of Algorithm 1.

Table III and IV shows the translation and orientation
RMSEs for sequence II. The motion map is based on the
assumption that it’s more likely to traverse the same path
multiple times. Violation of this assumption, therefore, can
be seen to degrade the results of Algorithm 1 without the
magnetic map. It can also be seen to have a slightly negative
effect on the results from Algorithm 1 as compared to only
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Table I
TRANSLATION RMSE FOR 10 RUNS OF SEQUENCE I.

RMSE Horizontal [m] Vertical [m] Total [m]

Odometry 0.49 0.26 0.56
Algorithm 1
(no mag. map) 0.66 ± 0.19 0.09 ± 0.01 0.66 ± 0.19

Algorithm 1
(no motion map) 0.43 ± 0.10 1.50 ± 0.38 1.57 ± 0.33

Algorithm 1 0.40 ± 0.06 0.08 ± 0.01 0.41 ± 0.06

Table II
ORIENTATION RMSE FOR 10 RUNS OF SEQUENCE I.

RMSE Roll [deg] Pitch [deg] Yaw [deg]

Odometry 7.75 3.05 7.24
Algorithm 1
(no mag. map) 7.85 ± 0.15 3.34 ± 0.57 7.54 ± 0.44

Algorithm 1
(no motion map) 7.80 ± 0.07 3.39 ± 0.42 7.99 ± 1.04

Algorithm 1 7.80 ± 0.05 3.26 ± 0.25 7.56 ± 0.37

using the magnetic field map. However, this negative effect
can be seen to be small.

As shown in Tables I and Table III, using Algorithm 1
without the motion map, the position estimation results can
be seen to suffer from poor odometry in the vertical direction.
On the other hand, using Algorithm 1 without the magnetic
field map can be seen to result in low position accuracy in
the horizontal direction. This can be explained by the fact that
the accuracy of this algorithm is limited by the size of the
hexagonal tiles. Algorithm 1 can be seen to overcome both
limitations and result in a lower RMSE.

B. Largescale experiment

Figure 1 shows a longer testing sequence collected without
ground truth data. The figure shows the overall operation of the
proposed SLAM algorithm where the large black hexagons are
the hexagonal tiles of the magnetic field map while the smaller
blue tiles are the motion map tiles. The estimated magnetic
field is shown by the heat map. Like the underlying assumption
in [12], there are indeed magnetic field variations present in
the environment which are used by Algorithm 1 as position
information. The sequence was designed so that the starting
point (shown as a circular green mark in Figure 1) is the same
as the end point of the path. As can be seen in the figure, the
output of Algorithm 1 estimated a path that ends closer to the
actual end point with a deviation of 0.5 m compared to the
output of the odometry which was 2.1 m.

Figure 4. Top: The estimated path of sequence II using the ZUPT-EKF
algorithm (black) and Algorithm 1 (red) plotted along with the ground
truth (GT) (blue). Bottom: The translation error for the estimated paths by
Algorithm 1 and the ZUPT-EKF.

Table III
TRANSLATION RMSE OF 10 RUNS OF SEQUENCE II.

RMSE Horizontal [m] Vertical [m] Total [m]

Odometry 0.41 0.44 0.60

Algorithm 1
(no mag. map) 0.52 ± 0.20 0.08 ± 0.00 0.53 ± 0.20

Algorithm 1
(no motion map) 0.33 ± 0.05 1.52 ± 0.09 1.56 ± 0.08

Algorithm 1 0.31 ± 0.06 0.08 ± 0.01 0.32 ± 0.06

Table IV
ORIENTATION RMSE OF 10 RUNS OF SEQUENCE II.

RMSE Roll [deg] Pitch [deg] Yaw [deg]

Odometry 1.46 1.15 1.71

Algorithm 1
(no mag. map) 2.04 ± 0.46 1.82 ± 0.51 2.89 ± 1.46

Algorithm 1
(no motion map) 1.86 ± 0.61 1.63 ± 0.71 2.96 ± 1.77

Algorithm 1 1.95 ± 0.29 1.76 ± 0.38 2.61 ± 0.85

V. CONCLUSION AND FUTURE WORKS

In this paper, an indoor SLAM algorithm was developed for
pedestrians using a foot-mounted IMU and magnetic measure-
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ments. The algorithm estimates the pose of the pedestrian’s
foot while building two maps, namely, a magnetic field map
and a motion map. The magnetic map models the magnetic
field in the environment using Gaussian process regression
and magnetometer measurements. The motion map models the
map of the indoor environment based on the typical directions
of motion of the pedestrian. The algorithm is validated using
experimental sequences with the ground truth data collected
using an optical motion capture system as well as a long
sequence without the ground truth data. A comparative study
of the performance of the algorithm is performed and the
localization results of using only the motion map, the magnetic
map, and the proposed algorithm are reported. The results
show that the algorithm reduces the drift from the odometry
and provides more accurate position and orientation estimates
of the pedestrian.

In future work, the motion map can be further extended to
model the orientation in addition to the position. Furthermore,
the proposed algorithm can be extended to multiple floors
scenarios where the motion map would also detect the pres-
ence of stairs or elevators in the environment and utilize such
information for position and orientation estimation.
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[4] J.-O. Nilsson, I. Skog, P. Händel, and K. Hari, “Foot-mounted INS
for everybody an open-source embedded implementation,” in Proc. of
IEEE/ION PLANS, 2012, pp. 140–145.

[5] S. Garcı́a, M. E. López, R. Barea, L. M. Bergasa, A. Gómez, and
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