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Abstract—The need for accurate indoor localization increases
as we get used to accessible outdoor localization, and the number
of applications depending on localization grows. Indoor localiza-
tion is challenging because of frequent line of sight obstructions
and dynamic changes in the environment. Magnetometers can
be found in many modern electronic devices and provide a
simple way to measure the geomagnetic field intensity. Due
to distortions in this magnetic field, these measurements often
provide enough information to enable identification of a location
using pattern matching. We show the feasibility of using these
magnetic field intensity measurements in localization and SLAM
applications. Our SLAM system of choice is the biologically
inspired RatSLAM, as it allows pattern matching as scene
recognition. We demonstrate a number of experiments in various
environments, including a suburban house and a university
lab. We conclude that geomagnetic localization and SLAM are
feasible in environments with many distortions in the magnetic
field. Such locations are easier to identify than locations with
little distortions, which will have the same pattern of magnetic
field over larger areas.

Keywords—Indoor localization; Indoor SLAM; Magnetic field
intensity; Geomagnetic indoor localization; RatSLAM.

I. INTRODUCTION

As we state in our AMBIENT 2013 paper [1], the outdoor
global positioning system fails when used indoors. In addition,
localization systems based on a single technology are prone
to failure [2]. The last decade localization related research is
focusing more and more on indoor localization, since most
use cases concerning people or asset tracking also require an
indoor location estimation.

Indoor localization can be performed by detecting the pres-
ence of radio frequency devices, of which Wi-Fi is probably
the most common. Such technologies have been developed in
an opportunistic sensor fusion system in [3]. These systems
can be enhanced by additional localization measurements. The
earth’s magnetic field is even more ambient than Wi-Fi access
points, and research shows that animals use this magnetic field
for orientation [4, 5]. This leads to the idea that the earth’s
magnetic field can be used for indoor localization, a technique
referred to as geomagnetic indoor localization.

In the field of geomagnetic indoor localization it is actually
the distortions of the magnetic field that are used to find
a location [6–11]. These distortions are usually created by
concrete buildings, metal objects, electrical wires, etc. Our

own research confirms these findings for different sensors and
environments [1].

If a technology can be used for localization, it can often
be used for simultaneous localization and mapping (SLAM).
In localization, a map of the environment is available, with
corresponding localization hints, such as access point locations
or signal attenuation patterns [3]. In SLAM, this map is not
available but is built simultaneously with the calculation of
a path [12, 13]. Typical algorithms of SLAM are Extended
Kalman Filter SLAM (EKF-SLAM), such as in [14]; Graph-
SLAM, such as in [15], which uses an information matrix;
and FastSLAM [16], which uses a Monte Carlo particle filter.

A biologically inspired SLAM variant is RatSLAM [17],
which is based on a rat’s hippocampus. The hippocampus is
the part of the brain where, among other things, the local-
ization and mapping is done. This functionality is mimicked
by the RatSLAM algorithm to create semimetric, topological
maps of the environment. RatSLAM’s original input is a sim-
ple web camera, which performed great even when mapping an
entire suburb [18]. The camera input has also been replaced by
a biomimetic sonar, an algorithm termed BatSLAM [19, 20].
Work has also been done to enable RatSLAM to use other
sensors, like laser range finders, depth cameras, and simple
sonars, in a sensor fusion system [21]. To summarize, the key
difference between geomagnetic localization and geomagnetic
RatSLAM is the need for an a priori known magnetic field
intensity map for geomagnetic localization, which is not re-
quired for geomagnetic RatSLAM as such a map will be build
implicitly by the system while exploring the environment.

This paper represents an extension of the work reported
on in the paper [1] by applying the sensor model used for
localization to the RatSLAM algorithm. This way, we can
create maps suitable for geomagnetic indoor localization for a
specific environment while simultaneously localizing on that
map. Another advantage of such a system is that the magnetic
maps used for indoor localization can at all times be kept up
to date. Other geomagnetic SLAM approaches exist, one using
a Monte Carlo particle filter [22] and another using a SLAM
algorithm called FootSLAM [23, 24].

The structure of this paper is as follows. In Section II, we
give some background on the earth’s magnetic field and details
on the RatSLAM algorithm, with a focus on the location
recognition process. In Section III, we explain our pattern
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matching measurement model. In Section IV, we provide
detailed results for both localization and RatSLAM using
the earth’s magnetic field. In Section V, we come to our
conclusion and discuss some of our future work.

II. BACKGROUND

In this section, we discuss the main techniques that support
our results, the sensing of the earth’s magnetic field. Addi-
tionally, we describe how pattern matching localization was
performed. Lastly, we explain the RatSLAM algorithm with a
focus on the location recognition process.

A. Magnetic field sensing

In this section, we will discuss some issues to consider
when measuring the magnetic field. Firstly, we will briefly
discuss the magnetic field. Subsequently, we will explain how
magnetometers measure this magnetic field and how they are
influenced. Lastly, we will focus on the indoor magnetic field
intensity, as this is our area of interest.

1) Magnetic B field: The earth’s magnetic field is com-
monly called the magnetic B field. It originates from currents
in the fluid outer core of the earth, which are created by both
temperature, pressure, and composition of the fluid and the
spin of the earth [10]. The magnetic B field is defined by
its direction and intensity. The direction always points to the
magnetic north; the intensity is measured in Tesla [T], and
ranges between 22 µT and 67 µT according to [25].

The geomagnetic field vector, Bm, has seven components,
illustrated in Figure 1. The X intensity’s axis points to the
geographical north, which is at the north end of the axis around
which the earth spins. The Y intensity’s axis points to the
corresponding geographical east. The Z intensity’s axis points
to the earth’s nadir. Derived from X , Y , and Z are the total
intensity F ; the horizontal intensity H , which is the projection
of F on the plane described by X and Y ; the inclination I ,
which is the angle between F and the plane described by X
and Y ; and the declination D, which is the angle between
X and H [25]. Note that H will point to the magnetic north
of the earth, while X points to the geographical north of the
earth.

At our location, Antwerp, Belgium, the declination H is
0◦ 19′ and inclination I is 66◦ 25′. The average total intensity
F is 48.73 µT [1].

2) Magnetometers: The geomagnetic field vector Bm can
be measured by magnetometers in the form of X ′, Y ′, and Z ′

intensities. These intensities are measured along the reference
axes of the magnetometer and can only be translated to X ,
Y , and Z intensities by tilt compensation and turning the X ′

intensity’s axis to the geographical north. Correspondingly, the
F and H ′ intensities can be calculated as the euclidean norm:

F =
√
X ′2 + Y ′2 + Z ′2 (1)

H ′ =
√
X ′2 + Y ′2 (2)

where X ′, Y ′, Z ′, and H ′ indicate intensities measured
relative to the orientation frame of the magnetometer. The
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Figure 1. The components of the geomagnetic field vector Bm, based
on [25].

F intensity is the same for any orientation. Many recent,
high level electronic devices, such as smartphones and tablets,
feature magnetometers. This widespread availability of mag-
netometers makes them attractive to use for localization ap-
plications.

For the localization research, we use two different mag-
netometers on two different platforms. These are a Honey-
well HMC5843 magnetometer, found in a Shimmer 9 DOF
Kinematic sensor, and a AK9873 magnetometer, found in
a Huawei Sonic U8650 smartphone. The behavior of both
sensors was tested to determine if the localization performance
was platform independent. For the RatSLAM research, a
similar sensor is used. This is a AK9863 magnetometer, found
in a LG Google Nexus 5 smartphone.

We will repeat here our extensive testing of the sensors used
for the localization research [1]. The first test is conducted
in an indoor bedroom apartment where both sensors are
individually placed on a wooden desk, away from any possible
interference factors like metal objects or electronic devices.
The sensor sends data back via Bluetooth to a computer
where all data was recorded. Both sensors are placed on the
desk with their X ′ intensity’s axis manually pointed towards
geographical north.

Table I shows the average magnetic field intensity of the
first test. Test results show that magnetic field intensity mea-
surements are not the same for both sensor platforms. This
can be expected, as both sensors have a unique electronic
and metal composition, which might distort sensor readings.
These distortions are called hard iron effects and are caused
by the internal structure of the sensor. Compensation for
these hard iron effects is needed. If no compensation for
hard iron effects is performed and we use a different sensor
for both offline training and online localization phase, we
might have an inconsistency between the two data sets. Thus,
compensating for hard iron effects is crucial for geomagnetic
indoor localization.

Hard iron characteristics can be found by rotating the sensor
around its x′, y′, and z′ axis. These axes are defined relative
to the sensor’s reference frame, hence the apostrophe, and
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Table I. AVERAGE MAGNETIC FIELD INTENSITY FOR BOTH SENSORS
DURING STATIC TEST. VALUES ARE EXPRESSED IN µT.

Intensity Shimmer Smartphone
X′ -1.05 0.50
Y ′ 7.34 19.19
Z′ -57.61 -41.50
F 58.09 42.32

can be found in its documentation. If no hard iron effects are
present, rotating a magnetometer 360 degrees and plotting the
resulting data as y′ axis versus x′ axis, will result in a circle
centered around the origin. Figures 2 and 3 show the resulting
circles of rotating the Shimmer and the smartphone sensor in
the x′y′ plane, before and after compensating for hard iron
effects. Table II shows the compensation values for each axis
of both sensors.

After compensating both sensors for these hard iron effects
by subtracting the compensation values from the raw data, the
first test is repeated. The results are shown in Table III. We
can see that both sensors give very similar measurements at
the same position.

Often, magnetometers are also calibrated to compensate for
the presence of external metal or electronic distortions, called
soft iron effects. For this research, this is an undesired cali-
bration as the goal of geomagnetic localization is to measure
and map these distortions.

If we do not look at the previous test data, we expect the
smartphone to have a higher variance because of its more
advanced electronic composition, which might influence the
sensitive magnetometer. We note that the shimmer sensor has
a slightly larger variance, which is unexpected. Additional
tests are conducted with all receivers of the smartphone turned
on, in an attempt to maximize the variance. Table IV shows
the magnetic field intensity measurements of the smartphone
with receivers disabled and enabled. Note that the Bluetooth

Magnetic field intensity X' [µT]

Magneti
c field in

tensity Y
' [µT]

-40 -30 -20 -10 0 10 20 30 40-40-30-20-100
10203040

uncompensated datacompensated datacenter
Figure 2. Shimmer hard iron compensation.

Table II. HARD IRON COMPENSATION FOR BOTH SENSORS. VALUES ARE
EXPRESSED IN µT.

Correction Shimmer Smartphone
X′ 15.00 3.67
Y ′ 7.25 0.16
Z′ -11.25 4.52

Magnetic field intensity X' [µT]

Magneti
c field in

tensity 
Y' [µT]
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10203040

uncompensated datacompensated datacenter
Figure 3. Smartphone hard iron compensation.

Table III. AVERAGE MAGNETIC FIELD INTENSITY AND CORRESPONDING
STANDARD DEVIATION FOR BOTH SENSORS DURING STATIC TEST, AFTER

HARD IRON COMPENSATION. VALUES ARE EXPRESSED IN µT.

Intensity Shimmer Smartphone
µ σ µ σ

X′ -0.33 0.56 -0.80 0.48
Y ′ 17.12 0.52 18.01 0.51
Z′ -45.97 0.57 -44.46 0.51
F 49.06 0.57 47.98 0.52

receiver is enabled in both scenarios as it is used to send back
the data to the computer. Although the variance in the data
rises slightly when both receivers are activated, it does not
significantly affect our measurements.

As the focus of the localization research is handheld smart-
phones, tests are conducted to see if human hand contact
would significantly affect the measurements. During the offline
calibration phase measurements can be taken either with or
without contact by a human hand. Magnetic field intensity
measurement are taken with and without contact by a human
hand, without changing the position of the hand. The results of
the 200 samples are presented in Table V. The test results show
that there was no significant change between both scenarios.

Table IV. AVERAGE MAGNETIC FIELD INTENSITY AND CORRESPONDING
STANDARD DEVIATION FOR THE SMARTPHONE MAGNETOMETER, WITH OR
WITHOUT ADDITIONAL ELECTRONIC ACTIVITY. VALUES ARE EXPRESSED

IN µT.

Intensity Wi-Fi and GPS disabled Wi-Fi and GPS enabled
µ σ µ σ

X′ 15.07 0.47 15.14 0.48
Y ′ 2.35 0.43 2.43 0.54
Z′ -32.94 0.49 -32.91 0.55
F 36.31 0.50 36.32 0.56

Table V. AVERAGE MAGNETIC FIELD INTENSITY AND CORRESPONDING
STANDARD DEVIATION FOR THE SMARTPHONE MAGNETOMETER, WITH OR

WITHOUT HUMAN HAND CONTACT. VALUES ARE EXPRESSED IN µT,
DIFFERENCES IN %.

Intensity No hand contact Hand contact Difference
µ σ µ σ ∆µ ∆σ

X′ 14.33 0.55 14.48 0.48 98.96 114.58
Y ′ 1.21 0.50 0.93 0.55 130.11 90.91
Z′ -33.80 0.52 -33.32 0.52 101.44 100.00
F 36.74 0.54 36.35 0.51 101.07 105.88
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3) Indoor magnetic field intensity: While indoor environ-
ments pose good candidates for geomagnetic localization,
magnetic field intensity measurements must be stable over
long periods of time. [10] conducted experiments where
indoor magnetic field intensity was measured in different
environments. The results show stable magnetic field intensity
measurements over a 24 hour period. The experiments are
repeated three months later, and no significant change was
detected.

To achieve indoor localization, it is important that mag-
netic field intensities change considerably from position to
position. If the magnetic field intensity measurements do not
change considerably, the fingerprint might not contain enough
information to overcome the cumulative error of the estimated
position and indoor localization cannot be achieved [2].

A dynamic test is performed to see if magnetic field
intensity measurements vary over the length of two hallways.
The Shimmer sensor is placed on an office chair and is elevated
to a height of 1.2m. This height is similar to a person holding
a smartphone. The elevation also made sure there is as little
interference as possible from the chair itself.

The chair is moved at a constant velocity of 0.3 cm/s through
the hallway. The speed is not always constant as human error
is inevitable. The first hallway is expected to have changing
measurement values because of the reinforced concrete floor
and metal furniture in the rooms next to the hallway. The
second hallway is expected to have less varying measurements
because of the wooden floor and the absence of metal furniture.

Figures 4 and 5 show the measurements of the X ′, Y ′, and
Z ′ intensities taken through respectively the first hallway and
the second hallway. The test results show changing magnetic
field intensity measurements for hallway A. These peaks and
drops in magnetic field intensity allow us to identify certain
areas inside the hallway and accordingly allow for localization.
The measurements of hallway B tell a different story. Since
there are no distinct fluctuations to identify certain areas,
accurate localization seems improbable.

Additionally, indoor environments are places where objects
are often moved or replaced. This will result in changes
in the magnetic field intensity maps, decreasing localization

Distance [m]

Magneti
c field in

tensity [
µT]

0 1.3 2.7 4.1 5.5 6.8 8.2 9.6 11-60-40-200
204060

X'Y' Z'F
Figure 4. Magnetic field intensity dynamic test of hallway A.

Distance [m]

Magneti
c field in

tensity 
[µT]

0 1,3 2,7 4,1 5,5 6,8 8,2 9,6 11-60-40-200
204060

X'Y' Z'F
Figure 5. Magnetic field intensity dynamic test of hallway B.

performance, as discussed below.
Tests are conducted to investigate these interferences. Three

objects are tested: a perforator, a mobile phone, and a hard
drive. These objects are chosen because they can represent
normal household objects which are often moved within an
indoor environment. These differently sized objects are moved
at a constant speed towards a Shimmer sensor to investigate
the range and magnitude of the interferences. Figure 6 shows
the results of the hard drive test. The hard drive is moved
closer to the sensor at a constant speed, reaching the sensor
after 50 s. Magnetic field intensity changes drastically as the
hard drive moves closer to the sensor. As can be expected the
change in magnetic field intensity was less significant for the
smaller objects. Table VI shows the interference range of all
objects.

Test results show that the size and magnetic composition
of the object determines the range and magnitude of the
interference. Small sized objects only caused interference
starting from a range of about 15 cm, while larger objects

Time [s]

Magneti
c field in

tensity [
µT]

0 5 10 15 20 25 30 35 40 45 50-100-500
50100150200 X'Y' Z'F

Figure 6. Metal and electronic object interference test of the hard drive.

Table VI. METAL AND ELECTRONIC OBJECT INTERFERENCE TEST
RESULTS.

Object Perforator Phone Hard drive
Average velocity [cm/s] 1.48 1.66 1.37
Start of interference [s] 29.00 24.00 23.00
Interference range [cm] 12.00 15.10 23.50
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cause interference starting from about 25 cm. Small objects
have a negligible influence for a room sized environment, yet
the interference of larger objects cannot always be ignored.

B. Fingerprinting

In radio frequency (RF) based localization, fingerprinting
is performed by measuring a pattern of RF signals and
matching them to a database of such measurements. These
measurements are called RF fingerprints, and consist of all
pairs of received signal strength (RSS) value and media access
control (MAC) address that can be seen at a certain location.
This idea was originally published in [26].

Fingerprinting localization has an offline and an online
phase. During the offline phase, fingerprints are recorded at
reference locations and stored in a database. These fingerprints
together form a radio map of the environment, which is used
during the online phase. During this online phase, devices that
need to be localized measure fingerprints at their location and
compare these fingerprints with the radio map in the database.
Due to measurement noise and fluctuations in RF signals, these
fingerprints are usually not exactly the same as fingerprints in
the the database, so a set of measurements is used to estimate
a true location. This method is described in more detail in [3].

As shown by [8], this localization technique can be directly
applied to magnetic field localization. Instead of RF finger-
prints, magnetic field fingerprints are used, by measuring the
X , Y , and Z intensities of the geomagnetic field vector Bm,
as explained above.

As described in [1], magnetic field intensity maps were
created by measuring the magnetic field intensity at predefined
locations. The sensor remained still during these measure-
ments.

Three different locations are chosen for experimentation: the
ground floor of a suburban house, with an area of 14× 16m;
the second floor of a city centered apartment, with an area of
9 × 12m; and the second floor lab at the university campus,
with an area of 6× 19m. These locations are chosen because
they represent distinct environments where indoor localization
might be required. It is important that all locations have
multiple rooms and are medium to large size, i.e., above 20m2.
Figure 7 shows the recorded fingerprints of the suburban
house. A slash is drawn through areas where no fingerprint
measurement could be obtained because of built in cabinets,
wardrobes or other furniture. For simplicity, the color map
shows only the magnetic field F intensity measurements
taken at one meter spacing. We do not explicitly research
the maximum accuracy of geomagnetic localization for this
feasibility research.

The fingerprint in Figure 7 shows that the magnetic field
intensity characteristics change from position to position.
There is a big metal stove located between the dining room
and the kitchen. We measured a high magnetic field intensity
at that location, which results in a light square. A test is done
to determine if these characteristics are unique for an indoor
environment. A fingerprint is created in a garden, with an area
of 4 × 6m, and in a small part of a street, with an area of

120
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Tv Room
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LaundryKitchen
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16 m

14
 m

Figure 7. Magnetic field F intensity fingerprint map of the ground floor of
the suburban house.

5×15m. Figure 8 shows the fingerprint obtained at the street.
The outdoor results are very different from the indoor results.
The magnetic field intensities do not change significantly with
position. Tables VII and VIII show the magnetic field intensity
standard deviation of the recorded measurements for both the
indoor and the outdoor fingerprints. The indoor environments
clearly have more varying measurements than the outdoor
environments.

Fingerprint maps are also created to confirm the findings on
metal and electronic objects’ interference mentioned above.
A fingerprint is taken from a small bedroom with an area
of 3.5 × 3.5m. Magnetic field intensity measurements of the
X ′, Y ′, and Z ′ intensity are taken at 0.5m spacing. Figure 9
shows the interior setup of the room and the resulting magnetic
field intensity fingerprint of the F intensity. As it can be seen
form this fingerprint, the two speakers cause a clear magnetic
field intensity interference pattern. The size of this distortion

15 m

5 
m

Figure 8. Magnetic field intensity fingerprint map of a part of a street. The
intensity color scale is the same as in Figure 7.

Table VII. MAGNETIC FIELD INTENSITY STANDARD DEVIATION VALUES
FOR INDOOR LOCATIONS. VALUES ARE EXPRESSED IN µT.

Intensity House Apartment Lab
X′ 5.70 5.49 6.99
Y ′ 4.63 5.52 4.84
Z′ 5.11 4.65 8.08
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Table VIII. MAGNETIC FIELD INTENSITY STANDARD DEVIATION VALUES
FOR OUTDOOR LOCATIONS. VALUES ARE EXPRESSED IN µT.

Intensity Garden Street
X′ 1.45 3.53
Y ′ 1.28 3.30
Z′ 0.55 2.65

is rather large, as speakers are often constructed with strong
magnets inside of them. After creating the first fingerprint map,
one of the speakers was moved to a different location within
the room. Subsequently, a new fingerprint map was created.

Figure 10 shows the new interior setup and the resulting new
fingerprint. The interference pattern of the moved speaker is
clearly visible in the new fingerprint. These test results give
an example of how the repositioning and removal of objects
inside a room can form an obstacle for indoor geomagnetic
localization. When the interior setup of a room changes
significantly, a new fingerprint should be taken. Of course,
a SLAM algorithm could perform continuous mapping of the
environment, while simultaneously performing localization.

C. RatSLAM

RatSLAM is a biologically inspired SLAM algorithm, mod-
eled after spatial cognition in rats [27, 28]. It consists of three
elements, called the local view network, the pose cell network,
and the experience map, as shown in Figure 11. We will give
a brief overview of the pose cell network and the experience
map, and refer the reader to [28] for additional details. We do
present a more in-depth discussion of the local view network
as this is the only component that is modified for this research.

1) Pose cell network: The pose cell network is a three
dimensional continuous attractor network (CAN) [29, 30],
representing pose consisting of position in the plane (x, y) and
orientation (θ). The activity pattern in this network represents
the local pose estimate, or estimates if the pose is ambiguous.
It can be visualized as a cube in which activity packets are
created, moved around and destroyed. The connectivity pattern
between the nodes in a CAN is such that activity packets
can be considered as discrete blobs of activity that keep their
shape when moved around the network. The activity packets
in the pose cell network are moved in accordance with the
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Figure 9. Magnetic field intensity fingerprint of bedroom, with the speaker
on its original position. The intensity color scale is the same as in Figure 7.
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Figure 10. Magnetic field intensity fingerprint of bedroom, with the
speaker on its new position. The intensity color scale is the same as in

Figure 7.

Local view network

Pose cell network

Experience map

Measurement Match?/New?

Odometry

Figure 11. RatSLAM consists of three elements, called the local view
network, the pose cell network, and the experience map.

odometry information. The boundaries of the network are
wrapped around, so that an activity packet that reaches the end
of the network is wrapped back to the start. Hence, multiple
positions and orientations in the real world are mapped upon
the same nodes in the pose cell network. Extra activity is
injected by the local view network, i.e., new activity packets
are created when new sensor measurements correspond with
memorized sensory signatures, as explained below.

2) Experience map: The experience map is a graph that
represents a global topological map of the environment, based
on information from the local view network, the pose cell
network, and the odometry information. It creates new nodes
based on the state of the local view network and connects them
with new edges to nodes already present in the experience map
by using the metric odometry information. This information
is continuously updated on the basis of new sensor data, the
state of the local view network and activity in the pose cell
network. Hence, this topological map acquires semi-metric
properties, i.e., progressively more accurate (x, y) coordinates
are associated with the nodes that lie on paths that have been
repeatedly traveled. A detailed overview of the functioning of
the experience map can be found in [31].
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3) Local view network: The local view network acts as
a database of scenes that have been observed during the
exploration of the environment. The measurement (see Fig-
ure 11) contains the sensor information about the current
scene; typically, the measurement is a camera image. When
a new measurement is taken, it is compared with previous
measurements as stored in the local view templates associated
with the local view cells. The activation of each local view cell
depends on the quality of this match. If the smallest difference
between the measurement and the local view cells is greater
than a certain threshold, the measurement is said to correspond
with an as yet unobserved scene. In that case, a new local
view cell is created and the measurement is copied into the
associated local view template. The local view cell is also
linked to the position of the activity packet, i.e., the local
pose estimate, in the pose cell network that is at that time
the dominant packet. Alternatively, if the difference between
the measurement and the local view cells is smaller than the
threshold, a match is said to be found with the local view cell
that had the smallest difference with the measurement. In this
case, the local view network will inject activity into the pose
cell network at the pose linked previously with this local view
cell.

When traveling through previously mapped terrain, a se-
quence of familiar scenes will be observed by the sensor.
However, if the state of the pose cell network differs too
much from the true position this will result in the creation
of a new activity packet. Indeed, activity being injected in
the particular order at the particular places in the pose cell
network corresponding with this sequence of familiar scenes
will effectively increase the activity in the newly created
activity packet. Subsequently, this activity packet will become
the strongest and the specific mechanics of the pose cell
network will suppress the old activity packet. This mechanism
avoids cumulative build-up of odometric errors in the pose
estimate when traveling through familiar terrain. Again, more
details can be found in the literature [17, 18, 27, 28, 31].

The typical camera image that serves as measurement in
the original RatSLAM implementation has been replaced by
several other sensor modalities: a biomimetic sonar system
modeled after the echolocation abilities of bats [19, 20], the
fusion of a laser range finder, a simple sonar array, a depth
camera and a normal camera [21]. In this research, we propose
to replace the camera images with magnetic field fingerprints
as used in the magnetic field localization system.

III. METHOD

In this section, we will discuss the methods used to perform
both geomagnetic localization and geomagnetic RatSLAM.
Slightly updated, the section on geomagnetic localization is
also presented in [1].

A. Geomagnetic localization

The magnetic field intensity results discussed above suggest
that magnetic field intensity measurements can be used to

achieve indoor localization. It is important to note, how-
ever, that the quality of the localization often depends on
the number of measured components that can be used as
reference points [2]. Having many values to compare against
can obviously increase the chance of identifying the actual
position. The number of components that can be recorded
by a magnetometer is rather small. Only the X ′, Y ′, and
Z ′ intensities of the earth’s magnetic field, in the reference
frame of the magnetometer, can be measured. There are some
practical consequences to be considered during the localization
and fingerprinting phase when using these three intensities.

As stated before, a magnetometer will measure the magnetic
field intensities relative to its own orientation. So, to use the
three intensities requires that the orientation of the sensor is
exactly the same during the fingerprinting and the localization
phase. This is a requirement that cannot be met easily. A user
will walk around in different directions and the orientation
of the device will follow along with him. The way the user
holds the device is also not always the same. Determining the
orientation of the device will be key to using all three compo-
nents. If no information is available about the orientation of
the device in none of these two phases, we can only use the
F intensity. This would reduce the number of components to
be used for localization to only one.

To resolve this issue, a tilt compensated magnetometer can
be used. Such a magnetometer uses accelerometers to detect
the vertical orientation of the device by measuring the force of
the earth’s gravity. Using tilt compensation allows us to use
two components, the Z intensity and the H ′ intensity [10].
To use all three components the horizontal orientation of the
device needs to be known as well. To determine the horizontal
orientation, the magnetometer can be used as a compass. A
compass can determine the direction of the magnetic north,
and can consequently determine the horizontal orientation of
the device. To do this, the user has to manually point the
device to a reference point on the map, e.g., geographic north.
By defining a reference point the horizontal orientation can be
determined.

This research shows, however, that indoor environments
can cause interference in the magnetic field intensity mea-
surements. These interferences are called soft-iron effects.
Compensation has to be done to remove these interferences to
get an accurate heading. It is important to note, that when soft-
iron compensation is done, there needs to be a clear distinction
between the compensated data and the raw data. Orientation
requires soft-iron compensation while localization requires no
soft-iron compensation.

All aforementioned information can be combined to define
a measurement model for geomagnetic indoor localization.
Defining a measurement model can provide a technology
interface for sensor fusion systems [3]. Algorithm 1 describes
the measurement model. The measurement model is used to
find the probability of a position xt = {xt, yt}, where x and
y are spatial coordinates, given a measurement zt, which can
be any of:
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zt = {zXt , zYt , zZt } (3)

zt = {zH
′

t , zZt } (4)

zt = {zFt } (5)

where X , Y , and Z indicate intensities of the magnetic B field.
Equation (3) can be used when both tilt compensation and
heading compensation are performed. Equation (4) can be used
when only tilt compensation is performed. Equation (5) can
be used when no compensation is performed. The algorithm
uses a Gaussian kernel distribution p(zkt |xt):

p(zkt |xt) = exp(
zkt − zkdB
2 ∗ σ2

) (6)

where zdB is the fingerprint in the database corresponding
with xt and k is any of X , Y , Z, H ′, or F .

Algorithm 1 Geomagnetic measurement model (xt,zt).

1: function CALCULATEWEIGHT(xt, zt)
2: if zt == {zXt , zYt , zZt } then
3: wX = p(zXt |xt)
4: wY = p(zYt |xt)
5: wZ = p(zZt |xt)
6: return wX · wY · wZ

7: else if zt == {zH′

t , zZt } then
8: wH′ = p(zH

′

t |xt)
9: wZ = p(zZt |xt)

10: return wH′ · wZ

11: else if zt == {zFt } then
12: wF = p(zFt |xt)
13: return wF

14: end if
15: end function

Although magnetic field intensity measurements remain
stable over long periods of time, big, moving metal objects
like an elevator cause variations in these measurements. These
sources of errors can cause a mismatch in the magnetic field
intensity measured at the same position. The accumulated error
can be modeled as a Gaussian kernel distribution. The standard
deviation of this distribution has to represent the maximum
variation that can be expected. The standard deviation σ was
set to 2 µT as this was the maximum standard deviation
reported at 2m from an elevator by [10].

B. Geomagnetic RatSLAM

We use our Pioneer 3DX mobile robot to collect measure-
ments and to provide a reliable odometry source for our geo-
magnetic RatSLAM implementation. The Pioneer 3DX serves
as robot platform, with a consumer grade laptop mounted
on top to save the measurements. Elevated by a cardboard
box, we place our sensor at a safe distance to avoid soft
iron interference in the magnetic field caused by the metal
parts of the robot. The setup is shown in Figure 12. The
robot is also equipped with a laser range finder to serve as a

comparison tool using an established laser range finder based
SLAM method.

The local view network of the original RatSLAM algorithm
uses camera images to recognize scenes. This functionality
has to be replaced with an algorithm capable of recognizing
magnetic field intensity measurements. Assuming that our
magnetometer will always be in the same position relative to
the robot, we can simplify the measurement model. Similar
to how a 60◦ angle of view camera can only observe one
direction at a time, we choose to match only to magnetic
field intensity measurements that are oriented in the same way
during initial measurement and during subsequent comparison.
In other words, our algorithm will not attribute a high match
quality to the measurements from one location when it is being
traversed in a different orientation. This results in zt to have
only one option:

zt = {zX
′

t , zY
′

t , zZ
′

t } (7)

which is different from Equations (3), (4), and (5) by always
using the magnetometer reference frame defined by X ′, Y ′,
and Z ′, which is allowed since we only want matches when the
magnetometer has the same orientation for the measurements
being compared. In fact, we can assume Z ′ = Z, since Z ′ is
always oriented to nadir. We do not explicitly model it that
way, however, so that our approach is more general even for
differently oriented magnetometers. The same Gaussian kernel
distribution p(zkt |xt) as in Equation (6) is used, with σ =
0.67 µT. This difference in standard deviation is created to be
more selective in matching local view cells.

We use the Robot Operating System (ROS, [32]) as a frame-
work to read magnetometer messages from the smartphone
and to operate the robot. The freely available OpenRatSLAM
source code [31] is modified to create RatSLAM results.

IV. RESULT

Here, we will present the results we have obtained for both
geomagnetic localization and geomagnetic RatSLAM. Firstly,
the geomagnetic localization results are shown, originating
with slight modification from the original paper [1]. Next, we
present the new geomagnetic RatSLAM results.

Figure 12. The Pioneer 3DX mobile robot platform.
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A. Geomagnetic localization

The measurement model in Algorithm 1 is used to inves-
tigate the feasibility of geomagnetic indoor localization. To
test the feasibility we use the suburban house, the apartment,
and the university lab as experimental environments. Each
individual fingerprint position and its accompanying magnetic
field intensity measurement is used as a test position. Each
test position is compared to all measurement positions in
the fingerprint using the measurement model described in
Algorithm 1. The measurement model will give a high weight
to fingerprint positions that had magnetic field intensity mea-
surements similar to the test position. The weight represents
the likelihood of the sensor reading zt given the position xt.
The final estimated position xt is calculated as the weighted
average of all fingerprint positions, using Equation (8). Posi-
tions with a high probability will contribute more to the final
estimated position [3].

xt =

∑N
i=1 w

[i]
t · x

[i]
t∑N

i=1 w
[i]
t

(8)

where N is the number of positions.
The coordinates of the final estimated position are compared

to the real coordinates of the test position and the error is
stored. The process will be repeated for all measurement
positions within the fingerprint. The maximum, minimum and
average errors for every location are determined. The amount
of estimated positions that are within 1 m and the amount
of estimated positions that are in the same room is also
determined. Table IX shows the results that are obtained from
the three fingerprints that are recorded.

It is clear from the results that using three components gives
the best localization results and results deteriorate when fewer
components are used. The maximum and minimum errors
stay relatively the same for all amounts of components. All
localization results are combined to form a cumulative density
function in Figure 13.

This test is repeated, with this difference that the room
of each test position is known. Table X shows the results
of this test. Only measurement positions in the same room
as the test positions are compared to the test position. Test
results improve significantly, so that even using only one
component, localization close to 1m can be achieved. These
results indicate that geomagnetic localization might be more
suited for localization within a room. Figure 14 show the
cumulative density function when the room is known.

Table IX. GEOMAGNETIC LOCALIZATION FEASIBILITY RESULTS FOR
DIFFERENT ENVIRONMENTS, USING ONE, TWO, OR THREE COMPONENTS

IN THE MEASUREMENTS MODEL.

Properties Suburban house Apartment Lab
1 2 3 1 2 3 1 2 3

mean [m] 4.8 4.3 3.1 3.7 3.3 2.5 4.5 3.4 2.5
min [m] 0.1 0.0 0.0 0.1 0.1 0.0 0.2 0.0 0.0
max [m] 9.3 9.4 8.8 7.2 7.4 7.0 10.5 11.3 11.8
< 1 m [%] 4.0 9.0 17.0 7.0 13.0 23.0 9.0 20.0 32.0
room [%] 10.0 18.0 44.0 21.0 31.0 49.0 73.0 74.0 82.0

Error distance [m]

Probabi
lity

0 2 4 6 8 10 1200.10.20.30.40.50.60.70.80.91

Figure 13. Cumulative density function of the error of localization. The
green line is using one component; the blue line is using two components;

the red line is using three components.

Table X. GEOMAGNETIC LOCALIZATION FEASIBILITY RESULTS WHEN
THE ROOM IS KNOWN FOR DIFFERENT ENVIRONMENTS, USING ONE, TWO,

OR THREE COMPONENTS IN THE MEASUREMENTS MODEL.

Properties Suburban house Apartment Lab
1 2 3 1 2 3 1 2 3

mean [m] 1.4 1.0 0.8 1.4 1.0 0.6 2.2 1.4 0.9
min [m] 0.1 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0
max [m] 3.2 2.8 2.3 5.2 3.9 2.1 5.4 5.2 3.7
< 1 m [%] 30.0 47.0 67.0 35.0 50.0 74.0 21.0 42.0 61.0

Although previous results give a good indication of how
feasible geomagnetic indoor localization can be, they are
largely theoretical. To verify these findings, a more practical
test is performed. A route is recorded through the suburban
house. On this route, magnetic field intensity measurements
are taken at roughly the same positions as where fingerprint
measurements are taken. The position can not be exactly
the same as human error is inevitable. Figure 15 shows
the recorded magnetic field intensity for the route and the
fingerprint.

The results show that the recorded measurements are not
exactly the same, however, the average correlation coeffi-
cient between the route and the fingerprint X , Y , and Z

Error distance [m]

Probabi
lity

0 2 4 6 8 10 1200.10.20.30.40.50.60.70.80.91

Figure 14. Cumulative density function of the error of localization when
the room is known. The green line is using one component; the blue line is

using two components; the red line is using three components.
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Figure 15. Magnetic field intensity X measurements from fingerprint map

and during route.

measurements is 0.93, which means that both recordings
are very similar. The recorded route is estimated within the
environment using Algorithm 1. Figure 16 shows the original
route in blue, and the estimated route in green. First the route
is estimated when nothing about the room is known, later
the route is estimated when the room of the measurement
is known. Table XI shows the localization results of both
scenarios.

This practical test confirms the original findings. Localiza-
tion is very dependent on the amount of components that
can be used, and results are superior when only room sized
localization is required.

B. Geomagnetic RatSLAM

Our geomagnetic RatSLAM results are collected in the same
university lab as the geomagnetic localization results. We do
not provide the algorithm with any information about the

Figure 16. Suburban house route results for three components. Left hand
side, when the room was not known. Right hand side, when the room was

known. The blue line is the recored route and the green line is the estimated
route. The intensity color scale is the same as in Figure 7.

Table XI. ROUTE ESTIMATION RESULTS.

Properties Global Room known
1 2 3 1 2 3

mean [m] 2.1 2.1 1.4 1.3 1.1 0.9
min [m] 0.2 0.1 0.0 0.0 0.0 0.0
max [m] 4.22 4.2 4.5 3.1 2.6 2.0
< 1 m [%] 13.0 13.0 38.0 43.0 43.0 62.0
room [%] 25.0 31.0 56.0 N/A N/A N/A

specific room in which measurements are taken. A point to
point quantitative ground truth is not available for the results,
but we show the path produced with only odometry and the
path produced by Grid Mapping as qualitative comparisons.
The odometry only path is expected to perform much worse,
as it has no sensor information to recognize familiar scenes.
The Grid Mapping algorithm is freely available in the ROS
framework and described in [33]. This path is expected to
perform better than our own estimation, since it utilizes the
laser range scanner high precision data.

Four separate datasets are constructed. Three of them are
simple runs up and down the lab, starting and ending in
different rooms, lasting about 15min each. A fourth dataset
drives up and down to different rooms in different order,
lasting about 30min. The first three are used to find the correct
RatSLAM parameters, by training on two of them and check-
ing on the third, switching datasets for every parameter setup.
This approach does not guarantee that optimal parameters are
found, but decreases the chance of overfitting the parameters.
To additionally prevent overfitting, the fourth dataset is used
as final check. Figure 17 shows a schematic overview of these
runs, drawn against the output of the Grid Mapping algorithm
applied to the fourth dataset.

The traveled path is the general output of the RatSLAM
algorithm. This will be discussed further on for the fourth,
challenging dataset, however, our focus was on the local view
network. These results are generally discussed using local view
cell matching diagrams, which are diagrams on which the local
view cell identification number, or template ID, is drawn as a
function of time. Horizontally, the first time a template ID is
encountered is when the local view cell is created. Subsequent
occurrences of the same template ID indicate when the local

A, E

B

D, F

C

Figure 17. The second floor university lab laser map. The first three
datasets consist of three runs going up and down the lab. The first dataset

went from A to B and back; the second dataset went from C to D and back;
and the third dataset went from E to F and back. The fourth dataset went to
all rooms in different order. The general trajectory is shown as a dashed line.
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view network decided a measurement to originate from a
location encountered before. Similarly, the experience node
identification number, or experience ID, is drawn, to indicate
when exactly the experience map was informed to create a
new location or to link to an existing location.

Figure 18 shows such matching diagrams for the first
dataset, using a camera the first time and using magnetometer
the second time as input. We observe a similar response in
both sensors, where locations encountered while going up the
run are found to be different from locations encountered while
going down the run. As explained before, this is expected
behavior. Three parallel, diagonal lines can be seen in the
figure, once for view template matches and once for experience
node matches. The first, left hand side of these lines indicates
new local view cells or experience nodes being created. The
second and third of these lines start when the robot reaches
location A again, as indicated in Figure 17, on the 300th
and 600th second mark. These lines indicate matches to the
originally created view templates or experience nodes. False
positive matches are labeled FP on the figure. They can be
found between the lines created by correct matches to the
originally created view templates.

We also note many more false positive local view cell
matches when using the magnetometer. This is explained by
the RatSLAM parameters, where we have chosen a local
view cell matching threshold for the magnetometer that favors
matches, including some false positive matches, above one that
finds few matches but avoids finding false positive matches.
This parameter setting improves experience node matching,
facilitating effective loop closure. A camera does not need
this coarse matching threshold, because it has a sample rate six
times higher than our magnetometer. Matches will be reported
many times more often than with the magnetometer.

The other two initial datasets showed similar results, so
we can test the obtained parameters on our more challenging
fourth dataset. An overview of our parameters can be found
in Table XII. A new local view cell will be created when
the weight calculated by our measurement model is lower
than the match threshold. The recency threshold prevents the
local view network from matching new measurements with
recently created local view cells. In other words, with a
magnetometer frequency of about 5Hz, the last eight seconds
of measurements are ignored when creating a match. The
dimension of the pose cell network is increased to further
cope with the false positive local view cell matches. The pose
cell injection energy is how much energy is injected into the
pose cell network on each local view match. Other parameters
are left on their default values. A detailed discussion of these
parameters when using the OpenRatSLAM system can be
found in [31].

Figure 19 shows the map created using only odometry, using
our geomagnetic RatSLAM, and using Grid Mapping. The
raw integrated odometry in Figure 19a shows some structure
of the environment when observed carefully, however, it can
in no way be used for either localization or navigation. The
trajectory created using Grid Mapping in Figure 19c shows

Table XII. PARAMETERS USED FOR THE GEOMAGNETIC RATSLAM.

Parameter Value
Match threshold 0.5
Recency threshold 40
Pose cell xy dimension 37
Pose cell injection energy 0.03

clearly what path has actually been followed by our robot.
Do note that this trajectory was created using a high preci-
sion laser range finder, in contrast to our simple smartphone
magnetometer. The trajectory created using the magnetometer
is shown in Figure 19b. It can be divided into two parts,
the coarse lower part and the precise upper part. The lower
part of the run has fewer experience node matches, i.e., loop
closure, so that different traversals of the same location are not
matched to each other. The upper part of the run has many
more experience node matches, so that different traversals of
the same location are matched to each other.

This difference is supported by the template match diagram
in Figure 18, where less experience node matches are seen in
the region when the robot is near location A (as indicated on
Figure 17), which is the 0th, 300th, 600th, and 900th second
region. The regions in Figure 17 indicated by A, C, and E
are located in a much older section of the building, with
wooden floors and thin walls, without any offices. This causes
the magnetic field intensity to be only slightly distorted in
these regions. Consequently, geomagnetic localization in these
regions is difficult.

The upper part of Figure 19b indicates a very precise
operation of geomagnetic RatSLAM. This is a more modern
region of the building, indicating that geomagnetic RatSLAM
is feasible to use as SLAM mechanism in average indoor
environments. The created experience map can subsequently
be used for both localization and navigation tasks.

V. CONCLUSION AND FUTURE WORK

In this research, we show that the geomagnetic B field is
feasible to use in both localization and SLAM applications.
We first show an extensive review of platform and sensor
independence when measuring the magnetic field intensity.
Subsequently, we show localization feasibility with tests in
various environments. Lastly, we demonstrate our newly de-
veloped geomagnetic input for the local view network of the
RatSLAM system.

Our results indicate that geomagnetic localization and geo-
magnetic RatSLAM is strongly dependent on the environment.
Environments with much magnetic field intensity distortion
will allow more accurate localization and SLAM. Such en-
vironments are rather commonplace for indoor applications:
most modern domestic or professional environments hold
enough metal and electric devices to distort the geomag-
netic field. Environments with little magnetic field intensity
distortion will not provide enough information for accurate
localization and SLAM.

We also note that geomagnetic localization performs better
when used for localization within limited areas, such as rooms.
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Figure 18. View template and experience matches for the first dataset: (a) shows the view template matches and experience node matches created using
camera; and (b) shows the view template matches and experience node matches created using magnetometer.
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Figure 19. Traveled path for the fourth dataset: (a) shows the raw integrated odometery; (b) shows the experience map created by geomagnetic RatSLAM;
and (c) shows the traveled path obtained from using the laser range finder based Grid Mapping algorithm available in ROS.

This suggests a complementarity with Wi-Fi as a localization
system, which provides a rather coarse spatial localization
and is used usually to locate up to room level [3]. In further
research we will focus on fusing the virtues of these systems
into the RatSLAM local view network. We will also look into
fusing other electromagnetic sensors in the same system.
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