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ARTICLE INFO ABSTRACT

Dataset link: HINNet_Dataset (Original data) Human inertial navigation systems have been developing rapidly in recent years, and it has shown great
potential for applications within healthcare, smart homes, sports, and emergency services. Placing inertial
measurement units on the head for localisation is relatively new. However, it provides a very interesting
option, as there are several everyday head-worn items that could easily be equipped with sensors. Yet, there
remains a lack of research in this area and currently no localisation solutions have been offered that allow for
free head-rotations during long periods of walking. To solve this problem, we present HINNet, the first deep
neural network (DNN) pedestrian inertial navigation system allowing free head movements with head-mounted
inertial measurement units (IMUs), which deploys a 2-layer bi-directional LSTM. A new ’peak ratio’ feature is
introduced and utilised as part of the input to the neural network. This information can be leveraged to solve
the issue of differentiating between changes in movements related to the head and those that are associated
with the walking pattern. A dataset with 8 subjects totalling 528 min has been collected on three different
tracks for training and verification. The HINNet could effectively distinguish head rotations and changes
in walking direction with a distance percentage error of 0.46%, a relative trajectory error of 3.88 m, and
a absolute trajectory error of 5.98 m, which outperforms the current best head-mounted Pedestrian Dead
Reckoning (PDR) method.
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1. Introduction

Recent advances in sensor technologies and algorithms have en-
abled the development of localisation services that can be used for
human monitoring. These algorithms aim to determine the position
of an individual within a “global” reference frame. The most obvious
applications within this space are focused on tracking for navigation
purposes or for monitoring. These applications can be used in different
environments, such as at home or in the hospital (Romme et al., 2014),
as well as for keeping track of emergency services personnel (Fer-
reira et al., 2017). However, the unpredictability of human behaviour
in dynamic environments makes this a complex task, especially for
indoor/outdoor environments where there is little or no technical
infrastructure.

Inertial navigation system (INS) is a human position tracking tech-
nology, which is agnostic to the exact infrastructure that is available
in a specific environment. Unlike localisation methods with GNSS (Hsu
et al., 2016), WiFi (Zhuang and El-Sheimy, 2015), cellular (Abdallah
et al., 2022), Bluetooth (Yadav et al., 2019), Radio Frequency Identi-
fication (RFID) (Huang et al., 2016), Ultra-wideband (UWB) (Corrales
et al., 2008), infrared (Namie and Nakagawa, 2013) or radar (Zhou
et al.,, 2010), which all rely on external aiding signals, information,
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or infrastructure, the INS is a self-contained navigation technique and
only requires Inertial Measurement Units (IMU). This makes it possible
to navigate in places where external signals are severely affected or
where there is no infrastructure available. Unfortunately, some of the
use cases, such as those that can be found in healthcare, sports or
emergency services, also come with a potential additional level of
behavioural complexity. The INS is more sensitive to variations in
behavioural patterns, as it builds-up the positional estimated from the
information that is extracted from locomotion. These estimates can
become more less accurate, as gait patterns become more diverse.
Traditional pedestrian inertial navigation methods utilise integra-
tion of measurements from accelerometers and gyroscopes, or apply
model-based pedestrian dead reckoning (PDR). For example, Hou and
Bergmann (2020a) adopted peak detection to detect steps, combined
with a complementary filter (Mahony et al., 2008) to determine ori-
entations and a Weinberg model to subsequently detect step lengths
with head-mounted sensors. Kang and Han (2015) and Park et al.
(2021) used IMUs in smartphones to track users also with a step and
heading system, while (Hardegger et al., 2015) used a single foot-
mounted IMU and a hip-worn smartphone for tracking with a zero
velocity update, action recognition algorithm and Particle filter. Goyal
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et al. (2011) used extended Kalman filter (EKF) and Weinberg model
with a waist-worn IMU. Foot-mounted IMUs can also be used, as
shown by Fan et al. (2019), indicating that a range of possible sensor
placements are available for inertial navigation. Diaz et al. (2019)
provided a good overview of the methods in inertial tracking, with a
particular focus on indoor tracking. It highlighted the ongoing problem
caused by the accumulated drift error on the estimated position that
is obtained by the sensors. A variety of calibration methods have been
invented to increase the accuracy of pedestrian inertial navigation, such
as the (Foxlin, 2005), Zero Angular Rate Update(ZARU) (Rajagopal,
2008), Heuristic Drift Reduction (HDR) (Borenstein et al., 2009). Al-
though, those methods may have accurate results under experimental
environments, their performance can reduce quickly in real-world sce-
narios with longer run times. Performance is also negatively affected if
there are more varied users, if there is an increased unpredictability of
the environment or if the user activities themselves becomes less pre-
dictable. Because model-based pedestrian inertial navigation methods
represent the functional relationships between inertial measurement in-
puts and estimated localisation information, outputs with simple fitting
equations with different parameters are needed for each person. This
means the output suffers from sensor drifts and accumulated errors.
For example, Weinberg step length model estimates the step length
only with a fourth root of the difference between the maximum and
minimum vertical accelerations in one step, which multiplies with a
parameter k. This will be different for each participant (Weinberg,
2002).

Recently, machine learning has proved its impressive potential in
solving tasks in a variety of fields like natural language processing (De-
vlin et al., 2018), image processing (Zhou et al., 2022), and health-
care (Porebski et al., 2018; Hou et al., 2019; Qi and Su, 2022). One
of the key benefits consists of the ability to model complex non-linear
relationships with large volumes of data. The precise identification
of patterns or trends indicates the suitability for it to be utilised in
pedestrian inertial navigation. Chen et al. (2018) adopted a 2-layer Bi-
LSTM to learn human odometry with IMUs that were either hand-held,
in a pocket, in a handbag or on a trolley. Herath et al. (2020) estimated
horizontal positions and heading direction of a moving subject from
a sequence of IMU sensor measurements using a phone with ResNet,
long short-term memory (LSTM) and Temporal Convolutional Network
(TCN). The feasibility and performance of human odometry estima-
tion with machine learning have been demonstrated in these previous
published studies. It also showcases the ability to collect this data
with different sensor placements. The selection of placement should be
routed in the applicability of that sensor for use in complex real-world
activities.

The head is a location that provides potential universal applicability
for sensor placement, as there are several everyday worn objects that
could easily be merged with sensors. According to a survey about where
people would like to wear sensor technologies, locations that would
allow the sensor system to be small, discreet, and unobtrusive were pre-
ferred, with many people referring back to everyday objects. Bergmann
et al. (2012) It also provides an acceptable location for use in health-
care, sports, or work. A clear example for sensor integration is the
emerging use of smart glasses. Glasses are a requisite to people who
need to correct for certain visual impairments, and there are already
several smart glasses products on the market, such as Google Glasses,
Vuzix Blade, Epson Moverio BT-300, etc. The field of smart glasses
also links in well with the growing interest in providing tracking in
virtual reality (VR) or augmented reality (AR). Glasses are also used in
many industries to protect the eyes. Protective gear is often located on
the head. Helmets, masks and mouthguards are some of the obvious
devices that are used both in industry and sports. Smart mouthguards
are already being equipped with sensors for a range of purposes (Davies
et al., 2018; Hou and Bergmann, 2020a). For contact sports, watches
or other wearable objects are not allowed, as it could cause injuries
and therefore form a risk to players. However, the mouthguard is often
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required to be worn in order to protect the teeth, which makes it a
very suitable piece of equipment for sensor integration. This integration
would provide an unobtrusive, head-mounted sensor system that can
be worn on-field. There is a range of other objects that can be used as
well, such as earrings, earphones, hearing aids, caps, etc. This makes a
head-mounted system very generalisable across use cases.

However, according to a recent systematic review, there are only
a few papers (Hasan and Mishuk, 2018; Zhu et al., 2014) that are
exploring inertial navigation with head-mounted sensors (Hou and
Bergmann, 2020b). That can be attributed to the issue that rotational
head motions (used to change the visual field) could be mistaken with
body rotations (related to a change in walking direction). This is not or
less of a problem for sensor attachments to the feet, waist or chest. The
“heading” direction of the head may not always align with the body
orientation, which can lead to an obvious position error in pedestrian
localisation. The three papers with head-mounted sensors mentioned
above are all based on traditional pedestrian inertial navigation meth-
ods with step-and-heading systems, which lack generalisability in more
complex real world scenarios. None of them solved the problem of the
misalignment of the head and body orientation, as they simply ignored
head rotations during walking.

To solve this interesting problem, we propose the first deep neu-
ral network (DNN) framework for pedestrian inertial navigation with
head-mounted sensors allowing for free head movements: HINNet.
Previous studies on pedestrian navigation with head-mounted sensors
all depended on traditional pedestrian inertial navigation methods
with step-and-heading models, and only work when the head is facing
forward. This paper is the first study to propose deep learning methods
in pedestrian navigation with head-mounted sensors, and allow for free
head rotations during walking. In this study, the relative trajectory
error (RTE) and percentage for the HINNet and PDR are determined
against a ground truth measurement during long-period walking trials.
This paper introduces a DNN with a set of new features to address
the issue of separating the head rotation signals from the walking data
for head-mounted IMUs. This information is then used for positional
tracking.

2. Methods

The HINNet system is summarised in Fig. 1. It provides an overview
of how data from the head-mounted sensor is processed to estimate
trajectories.

2.1. Roll and pitch compensation

The raw IMU sensor data was first transformed into a normalised
coordinate system in which the z-axis is perpendicular to the horizontal
plane, which was accomplished by Eq. (1) and Eq. (3), where a and
® are 3 = length,,, vectors representing accelerometer data and
gyroscope data.

Aporm = Ra_l *Araw (1)
cos 0 —sinf
R, =R, (P)R,(0) =|singsind cos¢ singcosd 2)
cos¢psind —sing cosgcosf

Dporm = R;l * Wray 3)
1 0 —sinf

R,=]|0 cos¢ singcosé 4
0 —sing cos¢cosb

After compensation, the normalised z-axis of the IMU will be aligned
with the gravity direction. The heading direction (yaw angle y) is
considered in reference to the angular velocity w, and there is no
expected gravity component on the normalised x-axis and y-axis, which
will be used later for peak ratio calculation in Section 2.2.

In this part, the input (a,,,, ®.q.)s i the 6-dimensional raw IMU
data, the output (g )¢ is the 6-dimensional normalised IMU
data.

norm?> wnorm
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Fig. 1. Overview of the HINNet, a deep neural network for pedestrian inertial
navigation with head-mounted sensors that allows for free head movements. The
Inertial Measurement Unit (IMU) placed on the head is shown in the top left corner.
After normalisation, the IMU Data is first transformed into frequency domain with a
fast Fourier transform (FFT) to generate the peak ratio feature. The peak ratios and
normalised IMU data form the input into the Long Short-Term Memory (LSTM) model.

2.2. Feature of peak ratio

The key is to be able to distinguish the head rotation from the
whole body rotation. This can be done by finding the difference in
the walking patterns, which are recorded by the head-mounted IMU.
There are two obvious kind of body movements during walking that
can generate regular acceleration waves. They are generated by (i) the
body swinging from left to right, (ii) the variation in linear acceleration
in the front-to-back direction caused by stepping. The change in signals
that are recorded on the x and y axis when the head is rotating is
shown in Fig. 2. Only stepping will be recorded on x axis when the
head is held “straight” during walking. Alternatively, both stepping and
side swing will be measured on x axis when walking with the head
facing sideways. This concept is used to help determine whether (i)
a rotation occurred due to a head movement without any change in
walking direction, or (ii) if the head relative to body remained aligned
and a change in walking direction took place (Windau and Itti, 2016).

One full wave of a swing requires one stride (two steps) and a full
stepping wave requires one step. The frequency difference between
stepping and side swings gives us the possibility to visualise these
two motions in the frequency domain. The spectrums of accelerometer
sensor data in the horizontal plane (x-axis and y-axis) are shown in
Fig. 3.

The relation of the two peaks in Fig. 3 can be represented by the
peak ratio P, in Eq. (5) (Windau and Itti, 2016).

atio
P, ..
swing
P ratio — P— 5
stepping

The applied method for this paper consists of the following steps:
For each time point ¢, the accelerations on the x axis in a 2s window
[t — 2s,1) prior to t are transformed into the frequency domain using
a FFT. Then the two peaks P, and Py,,,,, are extracted from the
generated frequency spectrum. These are subsequently used to calculate
a Prl;i{:’e, which represents the 2 s prior to 7. The same operation is
conducted on the 2s window (¢,7 + 2s] after time point ¢, for which we
get a Pr’;{fo‘" The gyroscope data is used to determine if a rotation took
place at time point ¢. If the Prb:”fo‘”e and Pr‘:l{f(f' are very similar then it
is likely that the walking direction has changed. Essentially, only the
“stepping” information should be projected on the x axis before and

after rotation (see top image in Fig. 2). In the case of pure head rotation,
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Fig. 2. The images show a person walking forward at two different arbitrary time
points. The top image shows them with the head facing in the same direction as they
are walking. The bottom image still depicts a forward walking direction, but with the
head rotated to the left. Different magnitudes of side swing and stepping are projected

on the x and y axes of the head-mounted IMU depending on the orientation of the
head.

Swing X
1.75 T

1.50 A
1.25 A

1.00 A

Magnitude

S

<

3
f

0.50 A

0.25 A

0.00 A

0 5 10 15 20
Frequency (Hz)

Fig. 3. Frequency spectrum of accelerations obtained from the x and y axes. This
information was produced by a Fast Fourier Transform (FFT) taken from the normalised
accelerations. The peak in the red circle is generated by swings and the peak in the
yellow circle is produced by steps.

a/ter \which will

(see bottom

the “side” swing projection on x axis will alter the P -’
create a different outcome when compared to the Prbaen.o‘”e
image in Fig. 2).

The (P,;;,,), (see Fig. 1) consists of both the P*/'" as well as the

ratio

PP/ This information is then used in the LSTM.

ratio

2.3. Deep neural network framework

After pre-processing and feature generation, a sequence of nor-
malised IMU data and peak ratio features were fed into the neural
network as input. The recurrent neural network (RNN) would be the
best choice for this task, since it was designed to process sequential
data or time series data, and has already been successfully applied in
e.g. speech recognition (Sak et al., 2014) and machine translation (Wu
et al., 2016). The LSTM was leveraged in this research instead of vanilla
RNN to prevent the vanishing gradient problem. The LTSM is a special
kind of RNN, capable of learning long-term dependencies (Hochreiter
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Fig. 4. Overview of HINNet neural network. In each window, 120 frames of normalised
IMU data and peak ratios are sequentially inputted into a 2-layer bidirectional LSTM,
which outputs the displacement and orientation variation.
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Fig. 5. The exact map of each of the walked paths is shown in this figure. The
volunteers were asked to follow these paths during data collection.

and Schmidhuber, 1997). The LSTM works as a function f, mapping
normalised accelerometer data a, gyroscope data w and peak ratio
features P,,;,, to walking distance A/ and rotation Ay over a window,

Fy
(@norm> Pnorm> Pratios)gx120 — (AL, Ay)y, (6)

where a window length of 120 frames (2s) was used. To leverage each
sample’s past and future contexts, a bi-directional LSTM network was
adopted in the study, with 2-layers stacked to add levels of abstrac-
tion of input observations over time. Each layer had 128 nodes. The
framework overview is shown in Fig. 4.

After getting (41, Ay), in every window, the whole trajectory could
be generated by connecting them sequentially.

3. Experiment conditions
3.1. Data collection site

The data collection was conducted in three different environments
with different sizes and paths to ensure a broader ability to generalise.
Fig. 5 shows the shapes and dimensions of trajectories of the three
scenarios. The trajectories include straight routes, curves, and turnings
with different angles, which increases the complexity and applicability
of the tests.

3.2. Participants

There were 8 volunteers participating in the experiments, with the
demographic information of the participants given in Table 1. Accord-
ing to the result from a recent systematic review (Hou and Bergmann,
2020b), 128 out of 145 papers about human inertial navigation used
less than 8 subjects. The amount of subject in this study exceeds 88%
papers in this domain. All participants signed a consent form before the
data collection started, and they were given the opportunity to ask any
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e

Fig. 6. Schematic of the sensor placement. A IMU (Xsens Dot sensor) was attached on
the head using a strap, while another IMU is attached by applying a chest harness.
This harness also holds a phone to collect positional reference data.

Table 1

Demographics of participants. (M = male, F = female)
Subject Age (years) Height (m) Weight (kg) Gender
1 42 1.79 73 M
2 27 1.65 60 F
3 25 1.79 77 M
4 24 1.77 62 F
5 48 1.75 85 M
6 49 1.60 58 F
7 30 1.70 66 M
8 21 1.65 65 F

questions before deciding to be involved in this study. Ethical approval
was obtained from the University ethics committee and this experiment
was part of a larger study (R70833/RE001).

3.3. Devices

Xsens Dot sensors (Xsens Technologies BV, Enschede, Netherlands)
were used in the experiments. They logged the 3D angular velocity
from a gyroscope, 3D acceleration from an accelerometer and 3D (local)
magnetic field from a magnetometer. Data was collected at 60 Hz and
transferred to a mobile phone by Bluetooth. An Xsens Dot was firmly
attached to the forehead with a strap and another one was placed on
the chest for reference. The placement is shown in Fig. 6. A phone was
also firmly attached on the chest with straps.

An application developed in Unity 3D game engine (Unity Technolo-
gies, San Francisco, CA, USA) based on Google ARCore was installed in
the phone for ground truth generation. The ground truth trajectories in
Fig. 5 were generated using this information.

3.4. Experimental setup

Before the experiment started, participants were asked to put on
the straps with sensors. They were requested to place one Xsens Dot
on their head in such a way that it remained comfortably in contact
with the head during walking. In each test, subjects were requested to
walk the predetermined trajectories for 5 to 10 min. Each volunteer
was tested between 4 to 16 times. In all the tests participants were
instructed to walk at a normal and constant, speed whilst rotating their
head in a random manner. A total of 79 datasets were collected across
all experiments, with a total time of around 528 min. Each dataset
contained both the data from the Xsens Dots, as well as from the phone.
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Fig. 7. The walking distance in each 2 s window (Delta Distance) and the variation of
orientation in each 2 s window (Delta Orientation) from one of the test dataset. Orange
lines represent the values from ground truth. Blue lines show the values estimated by
HINNet.

4. Results

A recently published PDR system (Hou and Bergmann, 2020a) was
selected as current baseline method for comparison, which is based
on traditional step-and-heading systems, with peak detection to de-
tect steps, complementary filter (Mahony et al., 2008) to determine
orientations and Weinberg model to subsequently detect step lengths
with head-mounted sensors. This particular method is the most ac-
curate inertial tracking method available for head-mounted sensors,
as the algorithm has been adapted to this specific sensor location, as
shown in Hou and Bergmann (2020a). Current PDR algorithms are not
agnostic to sensor placement, since the signals can drastically change
depending on where the sensor is attached to the body. Percentage
errors of total distances, relative trajectory errors (RTE) and absolute
trajectory errors (ATE) were computed for the PDR and HINNet. RTE
and ATE are standard position evaluation metrics in navigation (Zhang
and Scaramuzza, 2018). RTE IS defined as the average root mean
square error (RMSE) over a fixed time interval of 1 min. ATE is the
RMSE between the whole ground truth trajectory and the estimated
trajectory. These particular metrics have been widely utilised in other
tracking studies, thus deemed to be a suitable output for this research.

Fig. 7 shows the estimated and real walking distance (Delta Dis-
tance) and variation of orientation (Delta Orientation) in each 2s from
one test dataset.

The estimated trajectories of different methods under the three
scenarios are shown in Fig. 8.

RTE, ATE and percentage error of total distance of each method
were summarised in Table 2.

An ablation study was conducted to investigate the contribution of
peak ratio features in the neural network. A model without peak ratio
feature input was trained with the same parameters as the one with the
features. Results are shown in Table 3.

5. Discussion

We presented the first pedestrian inertial navigation system for a
head-mounted IMU that allows for free head-movements by applying a
DNN. HINNet performs much better than a dedicated PDR on walking
distance estimation, with a distance error of 0.46%. The PDR requires
tuning of specific parameters for each individual, while HINNet does
not need human input to tune any parameters manually. The difference
in performance can also be observed in the lower RTE and ATE of HIN-
Net compared to that of the PDR. However, the biggest improvement
accomplished by HINNet is possibility to eliminate head motion that
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Fig. 8. Estimated trajectories of different methods. The light blue lines represent the
ground truths. Green lines show trajectories estimated by the HINNet. Orange lines are
the trajectories generated by the PDR.

might be due to “sightseeing” while walking. In Fig. 8, there are a
lot of small curves in the PDR trajectories. These represent the head
motions that are not related to the walking and thus they lead to false
additional trajectories. While the trajectories estimated by HINNet are
a lot more similar to the shape of the ground truth, which implies its
ability to distinguish head rotations that are independent of walking.
These promising results need to be considered carefully due to the
relative small sample size.

The curves that are present in the PDR trajectories have different
sizes and frequencies, which indicates the variation in head rotation
behaviours between different volunteers. Interestingly, the data showed
that when people were specifically told to rotate their head, head
rotations were more frequent with larger angles comparing to previous
tests where volunteers were just asked to walk as they normally do. It
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Table 2
Relative trajectory error (RTE), absolute trajectory error (ATE), and percentage error
of total distances of HINNet and PDR.

Methods RTE (m) ATE (m) Distance error (%)
HINNet 3.88 5.98 0.46
PDR 5.76 9.89 6.05

Table 3

Ablation study on the peak ratio feature. Relative trajectory error (RTE), absolute
trajectory error (ATE), and percentage error of total distances of HINNet with and
without peak ratio feature.

Methods RTE (m) ATE (m) Distance error (%)
With peak ratio 3.88 5.98 0.46
Without peak ratio 4.47 7.94 0.61

indicates that the instructions given to subjects should be composed
carefully to avoid implications leading to biased data. Nonetheless,
for this study the additional head rotation was requested to better
assess the performance between the algorithms. It should also be noted
that these increased head motions might very likely when people are
e.g. sightseeing or navigating busy streets.

Although HINNet could effectively differentiate head motions, lim-
itations still exist when head and body rotate separately compared to
synchronised motion. Overlaps of head and body movements lead to
a confusion in estimation and can benefit from further information
produced by other sensors (e.g. Magnetometer, GPS) to maintain a
correct heading direction.

It should also be noted that the position error is still accumulating
over time although the head rotation error has been eliminated. To
improve this, additional information or complementary sensors could
be leveraged, such as Bluetooth RFID, GPS, etc. Another option would
consist of using self calibration methods like the HeadSLAM (Hou and
Bergmann, 2022).

Increasing the dataset is important if we aim to increase the ac-
curacy of neural inertial navigation system in the future. The scale
of parameters of the DNN could then be enlarged to contain more
information in a higher dimension, thus allowing more complex move-
ments from a variety of people to be correctly estimated. In the natural
language processing area, one of the biggest language model OpenAl
GPT-3 has 175 billion parameters and was trained on dataset with 499
billion tokens, making its language processing ability approximate a
real human (Brown et al., 2020). If a similar size of dataset would be
adopted in human motion estimations, a variety of unimaginable tasks
may be fulfilled by a much larger model. This study has shown that this
research direction can be very promising for human position tracking.

Besides the above research directions, future studies could also
focus on developing robust tracking methods to include more complex
motions like running, jumping, sitting, etc. Furthermore, extending
the tracking system to a three-dimensional space would also provide
real-world monitoring benefits, as it would allow for incorporation of
information related to e.g. stair climbing or walking on slopes.

6. Conclusion

This study highlighted the performance increase that can be ob-
tained by considering the sensors placement and selecting suitable
algorithms that can overcome identified biases in localisation that
result from these placements. It showed that the HINNet could cope
with head rotations for head-worn sensors outperforming the current
best head-mounted Pedestrian Dead Reckoning (PDR) method.
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