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Abstract
Pedestrian navigation with handheld sensors is still particularly complex. Pedes-
trian Dead Reckoning method is generally used, but the estimation of the walk-
ing direction remains problematic because the device’s pointing direction does
not always correspond to the walking direction. To overcome this difficulty, it
is possible to use gait modeling based approaches. But, these methods suffer
from sporadic erroneous estimates and their accumulation over time. TheHEAD
(smootH Estimation of wAlking Direction) filter usesWAISS andMAGYQ angu-
lar estimates as observations to correct the walking direction and to obtain more
robust and smooth results. TDCP updates are applied to constrain the walk-
ing direction estimation error while pseudo-ranges directly update the position.
HEAD is tested by 5 subjects over 21 indoor/outdoor acquisitions (between 720m
and 1.3 km). A 54% improvement is achieved thanks to the fusion in texting
mode. The median obtained angular error is 5.5◦ in texting mode and 12◦ in
pocket mode.
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1 INTRODUCTION

Pedestrian navigation using smartphone type sensors is
a particularly active area of research. Indeed, while the
use of GNSS (Global Navigation Satellite System) is very
effective in the case of vehicle tracking and in a favorable
environment, the location of pedestrians remains prob-
lematic. Several constraints explain these difficulties. The
environment in which pedestrians operate, first of all, is
complex and mainly indoor (Klepeis, Nelson, Ott Wayne,
& Robinson, 2001). Under these conditions, GNSS signals
are too degraded to be used. In addition, the random and
complex behavior of pedestrians requires a high localiza-
tion accuracy (ideally in the order of 1m) and limits the use
of the map-matching methods generally applied to road

tracings. The use of inertial and magnetic sensors makes
it possible to avoid the use of GNSS signals. These sensors
have the advantage of being present in smart objects and
do not require any external infrastructure such as BLE
(Bluetooth LowEnergy) orWi-Fi technologies for example
(Yassin et al., 2017). However, their use leads to new dif-
ficulties related to the accumulation of errors of low-cost
sensors and the use of handheld sensors. Indeed, the main
method for localization with a handheld sensor is the
PDR (PedestrianDead Reckoning)method (Deepak, 2017),
which consists in estimating each successive position from
the previous one by projecting a displacement vector using
two elements: the step length and the walking direction.
In the case of a handheld sensor, this walking direction
does not always correspond to the orientation of the sensor
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and is difficult to estimate. Existing methods are either
extracting the main component of accelerations assuming
this is correlated with the walking direction or modeling
the human gait at step frequency. These two approaches
are interesting but fail to address the intraindividual
variations occurring when the way of holding the sensor
in hand changes or due to physiological (e.g., fatigue)
or environmental (e.g., nature of the ground surface)
changes.
This paper proposes an innovative method for esti-

mating the walking direction using a Kalman filter. For
this purpose, the estimates of the walking direction and
the attitude of the device from the WAlking direction
estimation based on Inertial Signal Statistics (WAISS)
(Christophe & Valerie, 2017) and the Magnetic, Accelera-
tion fields and GYroscope Quaternion (MAGYQ) (Valerie
& Christophe, 2014) methods are used as observations in
order to make corrections to the walking direction. The
addition of the velocity in the state vector also allows
TDCP (Time Differencied Carrier Phase) measurements
to be used to correct the orientation. This article is an
extended version of recent work from the authors (Perul
& Renaudin, 2019). It comprises the detailed presentation
of the filter design and the equations. It is also completed
with a newFault, Detection andExclusion (FDE) approach
for PDR positioning with a handheld device. The filter
includes also the use of pseudo-range measurements. The
method is also applied to a larger number of subjects and
to a new sensor carrying mode.
The innovations of the paper are:

∙ A hybridization filter of MAGYQ quaternion-based atti-
tude estimation filter of a handheld device (Valerie &
Christophe, 2014) with WAISS gait model-based walk-
ing direction estimation (Christophe & Valerie, 2017) for
robust pedestrian dead reckoning estimation,

∙ Processing of GNSS Time Difference Carrier Phase
(TDCP) measurements in urban spaces for improving
the walking direction estimation,

∙ A novel fault, detection, and exclusion approach that
discards distorted TDCP and distorted Between-Satellite
Pseudo-range Difference (BSPD) measurements using
aggregated filter innovations over a pedestrian’s
step.

2 STATE OF THE ART

Classical attitude estimation filters cannot be used for PDR
methods with handheld sensors because these methods
require the device to be aligned with the walking direc-
tion, which is not the case in everyday life. To overcome
this constraint, methods based on the observation of hand

movement during walking have been studied. Indeed, the
study of hand accelerations shows that the distribution of
horizontal accelerations during the walking movement is
related to the walking direction.
The Principal Component Analysis (PCA) is conducted

on horizontal accelerations according to methods based
on the main components analysis, which estimates that
the strong oscillations visible in the horizontal plane are
aligned with the walking direction. Consequently, the
heading is determined by maximizing the signal energy
in the horizontal plane. This method deteriorates because
of the influence of high acceleration values; hence, it can-
not be used if the lateral oscillations are too high. Zhi-An,
Guofeng, Ying, and Di (2015) propose a newmethod based
on the usage of a rotation matrix and PCA. It describes
a calibration procedure that transforms the local walking
direction into a global one without using strident magne-
tometer measurements. Another approach that breaks the
analysis down in several steps is WalkCompass (Nirupam,
He, & Romit, 2014). The area in which the sensor is held
is identified by the human walk analysis (HWA). In order
to extract the walking direction, the best fraction of the
acceleration signal is selected by Local Direction Estima-
tion (LDE). To convert this displacement vector into the
horizontal plane, one uses the gyroscope measurements.
Finally, this direction is compared to the magnetic North
using magnetometer data. In this regard, magnetic distur-
bances coming from the environment are adjusted using
an iterative magnetic triangulation method (IMT). This
method shows satisfying results; however, these achieve-
ments strongly depend on several thresholds settled in
diverse algorithms as well as it stays dependent on how the
device is held in hand. In the FIS method based on Fre-
quency analysis of Inertial Sensors, there are used cyclic
gait models with frequency analysis in order to search for
the walking direction. Its performance is connected to the
quality of the walking frequency estimate as well as the
legitimacy of the hypothesis declaring that oscillations at
thewalking frequency aremaximumalong the direction of
displacement. Even though these methods are formed on
the analysis of walking mechanisms, they do not take into
consideration the user and the differences between indi-
viduals. Other methods are based on modeling individual
gait signature.
If the assumption is made that the hand’s accelerations

are cyclic over stride, a development of a temporal model
using their main frequencies in the horizontal plane can
be made. The Forward and Lateral Acceleration Modeling
(FLAM) method (Kourogi & Kurata, 2014) represents a
two-step process. The walking direction is estimated after
the learning phase by maximizing the correlation between
the model and the horizontal acceleration. However, the
performance of this method is aggravated because of large
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hand variations and false detected steps. The main issue
is raised from distinctions between a rather simple gait
modeling and an actual human gait complexity. To cap-
ture this gait diversity, the Walking Direction Estimation
Based on Inertial Signal Statistics (WAISS) (Christophe
& Valerie, 2017) has been developed and considers every
person as unique in the way they walk.
However, various problems due to the use of PDRmeth-

ods based on the study of hand acceleration remain. The
first is that the position is determined from the previous
one at any time. As a result, the error tends to accumulate
and increase over time. To overcome this problem, differ-
ent technologies are generally coupled to the PDRmethod.
In order to remain independent of the establishment of a
particular infrastructure, GNSS data can be used. Indeed,
in some situations (e.g., in open environments) the use
of GNSS signals remains possible and allows the use
of additional information. GNSS data can be used to
perform absolute positioning updates to compensate for
the accumulation of errors. However, the observations can
also be used to correct the walking direction estimates. In
Bojja et al. (2016), for example, GNSS is used to detect and
reduce errors due to misalignment between the pedestrian
walking direction and the device orientation. For this pur-
pose, the heading from the GNSS positions data, coupled
with the associated covariance information, is used. When
a wrong estimate is detected, different possibilities are
considered: changing the covariance associated with the
operating heading, resetting the PDR filter, or using multi-
ple hypotheses. In degraded environments, GNSS data are
generally integrated using Doppler measurements, which
are more accurate than pseudo-ranges in the pedestrian
context. In Renaudin, He, and Petovello (2012), the impact
of Doppler errors on PDR results is studied. Thus, even
with noisy measurements, the use of Doppler measure-
ment reduces the error of estimating the direction of travel
and constrains the velocity vector. Recently, however,
work has shown that the use of phase measurements by
time difference can be more effective and provide a very
accurate velocity estimate (Pierluigi, Antonio, Salvatore,
& Salvatore, 2015). Thus, TDCP can be used to correct INS
measurements and errors or in a PDR approach to correct
walking direction estimation error but also the step-length
error (Angrisano, Vultaggio, Gaglione, & Crocetto, 2019;
Feng et al., 2019; Tao, Zhang, Zhu, Wang, & Teng, 2018).
Another problem with the use of the PDR method

based on hand acceleration study is the presence of errors
and miscalculations. These errors are difficult to identify
and can lead to unnatural trajectories. One objective is,
therefore, to succeed in smoothing these trajectories in
order to obtain more realistic results. One possibility to
avoid some miscalculation is the detection of specific
situations. In Yotsuya et al. (2017), for example, a method

for detecting half-turn stairs based on the study of the
characteristics specific to this movement is proposed. In
Shaikh, Salcic, and Wang (2018), a method of estimating
the walking direction using dominant trend duration
allows us to integrate a detection of backward movements.
Indeed, the direction of motion is not sufficient, it is also
necessary to know the sense of motion. Similarly, many
multiple hypothesis filters are implemented to detect
different situations and adapt the method. However, the
fusion of methods and the use of detection of particular
situations or multiple choices introduce a new problem:
that of instantaneity. Indeed, most of these methods
require a certain amount of time to be able to decide
whether we are in a particular case and which method to
implement. This delay also implies a step backward and an
often unsmoothed correction. The problem of smoothing
and instantaneity is therefore particularly important for
the PDR method when merging different processes.

3 SMOOTH ESTIMATION OF
WALKING DIRECTION (HEAD):
MECHANIZATION

3.1 Algorithm overview

The Kalman filter is an estimation method that allows the
consideration of new observations. The result is thus based
both on an evolution model and on corrections made by
new observations. Since some equations are not linear,
an Extended Kalman Filter scheme is adopted. The archi-
tecture of the filter introduced in this work is visible on
Figure 1. All parameters of the figure are defined in
the article.
The state vector is composed of five elements:

∙ the position 𝑃 (𝑋,𝑌, 𝑍),
∙ the velocity 𝑉(𝑉𝑋, 𝑉𝑌, 𝑉𝑍),
∙ the step length 𝑆,
∙ the walking direction 𝜃,
∙ the time difference of the receiver clock delay 𝑐.Δ𝑑𝑡.

The pedometrymodule consisting of step-time detection
and step-length estimation is not used in this study. Step
times are estimated by studying the acceleration norm
performed on the PERSY (PErsonal Reference SYstem), a
foot-mounted sensor, used as reference during acquisitions
(see Section 6.2). The step length is then deduced from the
reference positions calculated at these times. Thus, the
error due to step-length estimation is negligible, and only
walking direction estimation performances are studied in
this article. TDCP, BSPD (Between-Satellite Pseudo-range
difference), and HAWE (Hybridization of MAGYQ and
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F IGURE 1 HEAD algorithm architecture

WAISS estimates) modules are detailed below. The HAWE
module uses estimates from the WAISS and MAGYQ
algorithms, detailed in Christophe and Valerie (2017) and
Valerie and Christophe (2014), respectively.

3.2 Model and prediction

The position evolutionmodel is based on PDRmechaniza-
tion:

𝐏𝑖 = 𝐏𝑖−1 + 𝑆𝑖−1.

[
𝑠𝑖𝑛(𝜃𝑖−1)
𝑐𝑜𝑠(𝜃𝑖−1)

]
, (1)

where 𝑖 is the step instant.
Different velocity evolution models are adopted accord-

ing to the case:

∙ if a TDCP update has taken place at the previous instant,
then the confidence in the velocity estimation is high
and the velocity is maintained:

𝐕𝑖 = 𝐕𝑖−1, (2)

∙ if no TDCP update has taken place at the previous time,
then the confidence in the velocity estimation is low
(because only TDCP adjust velocity) and it is preferred
to evaluate it from the estimated position:

𝐕𝑖 =
𝐏𝑖 − 𝐏𝑖−1

Δ𝑡
. (3)

This process prevents the velocity from remaining con-
stant during the indoor phase. Indeed, only TDCP updates
affect velocity (4.4). In contrast, step length and time dif-

ference of the receiver clock delay are considered constant
over time:

𝑆𝑖 = 𝑆𝑖−1 (4)

𝑐.Δ𝑑𝑡𝑖 = 𝑐.Δ𝑑𝑡𝑖−1. (5)

The walking direction is estimated from the velocity in
order to be impacted by TDCP updates:

𝜃𝑖 = 𝑎𝑟𝑐𝑡𝑎𝑛

(
𝑉𝑌𝑖−1

𝑉𝑋𝑖−1

)
. (6)

The state transition equations of the PDR mecha-
nization are not linear. So the state vector is 𝑋′ =
[𝛿𝑃, 𝛿𝑉, 𝛿𝜃, 𝛿𝑐.Δ𝑑𝑡]. The state transition model 𝐅 is
obtained by first-order derivation of the transition Equa-
tions (1) to (6):

𝐅 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 0 0 0 0 0 − 𝑆𝑖−1.𝑠𝑖𝑛(𝜃𝑖−1) 𝑐𝑜𝑠(𝜃𝑖−1) 0

0 1 0 0 0 0 𝑆𝑖−1.𝑐𝑜𝑠(𝜃𝑖−1) 𝑠𝑖𝑛(𝜃𝑖−1) 0

0 0 1 0 0 0 0 0 0

0 0 0 𝑎 0 0 0 0 0

0 0 0 0 𝑎 0 0 0 0

0 0 0 0 0 𝑎 0 0 0

0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (7)

where 𝑎 equals 1 or 1∕Δ𝑡. The covariance of the process
noise 𝑄 is experimentally fixed. The derivation of 𝑎𝑡𝑎𝑛
function is approximated by one since the EKF is working
on small perturbations of the state.
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F IGURE 2 MAGYQ (cyan) and WAISS
(magenta) results for the same trajectory [Color
figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com and
www.ion.org]

4 SMOOTH ESTIMATION OF
WALKINGDIRECTION (HEAD): UPDATES

4.1 Hybridization of MAGYQ and
WAISS estimates (HAWE)

The HAWE module allows us to update the estimate of
the walking direction at each step moment. To do this, it
uses both the estimation of the walking direction from the
WAISS algorithm and the estimation of the device orienta-
tion by the MAGYQ algorithm.WAISS gives a first innova-
tion, corresponding to the difference between the walking
direction estimated by the filter and that obtained by the
WAISS algorithm:

𝑖𝑛𝑜𝑊𝐴𝐼𝑆𝑆 = 𝜃𝑊𝐴𝐼𝑆𝑆(𝑘) − 𝜃̂(𝑘), (8)

where 𝜃̂(𝑘) is the walking direction estimate at step time k
and 𝜃𝑊𝐴𝐼𝑆𝑆(𝑘) is the WAISS walking direction estimate at
step time k.
This update allows us to use WAISS outputs as observa-

tions to update the filter. In practice, this means to use the
estimate from WAISS in a smoothed way by associating a
confidence to the estimation.
MAGYQ estimates the smart object’s pointing direction

and not the walking direction. However, this estimate is
more accurate than that of WAISS. Indeed, it comes from
an extended Kalman filter made at a frequency of 200 Hz
contrary to WAISS’s estimate made independently at each
step moment. This results in a smoother and more coher-
ent trajectory while the WAISS trajectory may be sawtooth
due to incorrect estimates. However, an angular bias cor-
responding to the difference between the pointed direc-
tion and the walking direction remains. Figure 2 illustrates
the difference between trajectories resulting from a PDR
approach based on MAGYQ’s heading and WAISS’s walk-
ing direction. This is a complex trajectory carried out on
three levels with three stairways. It can be seen that the tra-
jectory fromMAGYQ (cyan) is very similar to the reference
trajectory (blue): the displacements are identical and the
parallel sections and corridors are well respected, unlike

the trajectory fromWAISS (magenta). In addition, complex
movements such as stairs are much better handled by the
MAGYQ algorithm.
By studying the angular difference between two

moments and not the value of the angle, the bias between
MAGYQ heading estimation and true walking direction
no longer occurs. Indeed, under steady conditions, the
angular difference between two consecutive walking
direction estimates and the corresponding two pointing
direction estimates should be the same as long as the
user does not change the way he/she holds the sensor
(hypothesis H1). Under H1, it is possible to derive a second
innovation in the filter:

𝑖𝑛𝑜𝑀𝐴𝐺𝑌𝑄 = Δ𝜃𝑀𝐴𝐺𝑌𝑄 − Δ𝜃, (9)

where

∙ Δ𝜃𝑀𝐴𝐺𝑌𝑄 = 𝜃𝑀𝐴𝐺𝑌𝑄(𝑘) − 𝜃𝑀𝐴𝐺𝑌𝑄(𝑘 − 1) with
𝜃𝑀𝐴𝐺𝑌𝑄(𝑘) the MAGYQ heading estimation at step
time k,

∙ Δ𝜃 = 𝜃(𝑘) − 𝜃(𝑘 − 1) with 𝜃(𝑘) the walking direction
estimate at step time k and 𝜃(𝑘 − 1) the walking direc-
tion determination at step time k-1.

These two updates allow us to take into account
WAISS’s estimate while guaranteeing the coherence of the
trajectory by MAGYQ outputs. Globally, the occurrence of
outliers is lower for MAGYQ than for WAISS method due
to the use of a Kalman filter, taking into account the pre-
vious state at each estimate during the MAGYQ process.
Therefore, it is necessary to detect outliers inWAISS obser-
vations while allowing strong updates when a big innova-
tion is considered correct. This last problem is addressed
using the variancematrix associated with theWAISS inno-
vation. Variance is related to innovation: the larger the
innovation, the lower the variance in order to allow large
updates. Different cases are then taken into account in
order to judge if the WAISS observation is correct. Indeed,
no descriptor makes it possible to define the confidence
associated with each estimate of the WAISS algorithm.
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A test is therefore carried out on the WAISS innovation,
based on the following hypothesis: if a strong innovation
from WAISS is correct, then the innovation from MAGYQ
must be similar. Thus, when the value of the innovation
is higher than a limit angular value, it is compared to the
MAGYQ innovation. If the value of this difference is higher
than a threshold, named Threshold 1, then priority is given
to the MAGYQ innovation considered more reliable. The
variance of each innovation is adapted accordingly.
However, it is also important to take into account pos-

sible errors resulting from the orientation determined by
the MAGYQ algorithm. The main source of error is the
H1 hypothesis. If this assumption is not respected, i.e., if
the user changes the way he holds the device during the
acquisition, the observation from MAGYQ will lead to a
big innovationwhile thewalking direction hasn’t changed.
This situation is not taken into account in this study. How-
ever, it can be detected, allowing a certain delay: if the value
of the difference between theWAISS andMAGYQ innova-
tions exceeds Threshold 1 for three consecutive steps while
remaining constant, it can be judged that theWAISS obser-
vation is correct and that the user has changed the way the
device is held. The followingWAISS innovation will there-
fore be accepted with a very low variance in order to give a
high impact.

4.2 GPS measurements at step
frequency

The GPS frequency is 5 Hz, which is generally higher than
the step frequency at which this filter is performed. As a
result, between each stepmoment, multiple GPSmeasure-
ments (generally from one to four) may be available from
the same satellite. Thus, by only updating at every step
instant, a certain number of observations remain unused.
In order to take into account these intermediate observa-
tions, two hypotheses are made.

∙ To apply this method to innovations resulting from
TDCP measurements, we consider that the displace-
ment velocity during a step is constant and corresponds
to the person’s displacement velocity vector (Hypothe-
sis H2). This assumption is only applicable in the case
of texting and pocket modes. Indeed, during a swinging
movement, the arm’s velocity of movement no longer
corresponds to the person’s movement velocity.

∙ To apply this method to innovations resulting from the
pseudo-range difference, the variation in position dur-
ing a step is considered to be lower than the accuracy
of the position estimation by pseudo-range difference
(Hypothesis H3).

4.3 Between-Satellite Pseudo-range
Difference (BSPD)

The pseudo-range measurements are used to update the
position. The pseudo-range equation is written as (Sanz
Subirana, Zornoza, & Hernández-Pajares, 2013):

𝜌̃𝑖𝑟 = 𝜌𝑖𝑟 + 𝑐(𝑑𝑇𝑟 − 𝑑𝑡𝑖) + Δ𝜌𝑖𝑜𝑛𝑜,𝑖 + Δ𝜌𝑡𝑟𝑜𝑝𝑜,𝑖 + + 𝜀,
(10)

where

∙ 𝜌̃𝑖𝑟 is the pseudo-range measurement from satellite 𝑖,
∙ 𝜌𝑖𝑟 is the geometric range,
∙ 𝑑𝑡𝑖 is the satellite clock offset from GPS time,
∙ 𝑑𝑇𝑟 is the receiver clock offset from GPS time,
∙ Δ𝜌𝑖𝑜𝑛𝑜,𝑖 is the ionospheric delay,
∙ Δ𝜌𝑡𝑟𝑜𝑝𝑜,𝑖 is tropospheric delay,
∙  represents the effect of multi-path,
∙ 𝜀 is the receiver noise term.

For this work, the method of differences across satellites
is used (Jay, 2008). For this purpose, the pseudo-range from
a reference satellite ℎ is subtracted from the pseudo-range
from the other available satellites:

▽𝜌̃𝑖,ℎ = 𝜌̃𝑖𝑟 − 𝜌̃ℎ𝑟 . (11)

This method makes it possible to eliminate the receiver
clock bias, considered identical for each satellite. The
unknown vector x(𝑥, 𝑦, 𝑧) is therefore composed of three
elements corresponding to the position of the receiver. For
each difference, the innovation is determined as follows:

𝑖𝑛𝑜𝑖,ℎ𝐵𝑆𝑃𝐷 = ▽𝜌̃𝑖,ℎ −▽𝜌̂𝑖,ℎ(x̂), (12)

where:

∙ ▽𝜌̃𝑖,ℎ is the pseudo-range difference computed from
satellite data,

∙ ▽𝜌̂𝑖,ℎ(x̂) is the pseudo-range difference estimated from
x̂ according to: 𝜌̂𝑖𝑟 =

√
(𝑥𝑖 − 𝑥̂)2 + (𝑦𝑖 − 𝑦̂)2 + (𝑧𝑖 − 𝑧̂)2.

The observation model𝐇𝐵𝑆𝑃𝐷 for𝑚 satellites is defined
by

𝐇𝐵𝑆𝑃𝐷 =
⎡⎢⎢⎣
𝐡⃗1 − 𝐡⃗ℎ

⋮

𝐡⃗𝑚 − 𝐡⃗ℎ

⎤⎥⎥⎦ , (13)

with:

𝐡⃗𝑖 =
𝛿𝜌𝑖

𝛿x
. (14)
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In order to increase the number of observables and to
avoid the selection of an incorrect satellite as a reference
satellite, each available satellite is used in turn as a refer-
ence satellite.

4.4 Time Difference Carrier Phase
(TDCP) measurement

Phases measurements are used to update the velocity.
Phase is related to geometric distance between satellite 𝑖
and receiver 𝑟 according to the equation (Sanz Subirana
et al., 2013):

𝜆.𝜙𝑖𝑟 = 𝜌𝑖𝑟 + 𝑐(𝑑𝑇𝑟 − 𝑑𝑡𝑖) + 𝜆.𝑁𝑖
𝑟 − Δ𝜌𝑖𝑜𝑛𝑜,𝑖 + Δ𝜌𝑡𝑟𝑜𝑝𝑜,𝑖 + 𝜀,

(15)
where:

∙ 𝜆.𝜙𝑖𝑟 is the carrier phase measurements from satellite 𝑖,
∙ 𝜆 is the wavelength of the signal,
∙ 𝑁𝑖

𝑟 is the integer ambiguity.

For this work, the TDCPmethod is used (Pierluigi et al.,
2015). TDCP between instant 𝑘 and 𝑘 − 1 is expressed as

𝜆.
Δ𝜙𝑖

𝑟,𝑘

Δ𝑡
= 𝜆.

𝜙𝑖
𝑟,𝑘

− 𝜙𝑖
𝑟,𝑘−1

𝑡𝑘 − 𝑡𝑘−1
. (16)

The time interval between twomeasurements being very
small (frequency of 5 Hz), variations in atmospheric shifts,
ambiguity, and satellite clock shifts is considered negligi-
ble. Using relationship from Equation (15), the equation
becomes

𝜆.
Δ𝜙𝑖

𝑟,𝑘

Δ𝑡
=

Δ𝜌𝑖
𝑟,𝑘

+ 𝑐.Δ𝑑𝑇𝑟𝑘,𝑘−1
Δ𝑡

, (17)

where Δ𝜌𝑖
𝑟,𝑘

can be developed according to the following
equation:

Δ𝜌𝑖
𝑟,𝑘

= Δ𝐒 − Δ𝐆 − 𝐞⃗𝑖
𝑟,𝑘
Δx⃗𝑟,𝑘, (18)

with

Δ𝐒 = 𝐞⃗𝑖
𝑟,𝑘
x⃗𝑖,𝑘 − 𝐞⃗𝑖

𝑟,𝑘−1
x⃗𝑖,𝑘−1

and Δ𝐆 = 𝐞⃗𝑖
𝑟,𝑘
x⃗𝑟,𝑘 − 𝐞⃗𝑖

𝑟,𝑘−1
x⃗𝑟,𝑘−1,

(19)

where:

∙ 𝐞⃗𝑖
𝑟,𝑘

is the unit vector along the line of sight,
∙ x⃗𝑖,𝑘 is the 𝑖𝑡ℎ satellite position at time 𝑘,
∙ x⃗𝑟,𝑘 is the receiver position at time 𝑘.

Finally, TDCP can be linked to the receptor velocity v⃗𝑟
between instants 𝑘 and 𝑘 − 1:

𝜆.
Δ𝜙𝑖

𝑟,𝑘

Δ𝑡
=

Δ𝐒 − Δ𝐆 + 𝑐.Δ𝑑𝑇𝑟𝑘,𝑘−1
Δ𝑡

− 𝐞⃗𝑖
𝑟,𝑘
.v⃗𝑟. (20)

The TDCP innovation is therefore determined as fol-
lows:

𝑖𝑛𝑜𝑇𝐷𝐶𝑃 = 𝜆.
Δ𝜙𝑖

𝑟,𝑘

Δ𝑡
− 𝜆.

Δ𝜙̂𝑖
𝑟,𝑘

Δ𝑡

= 𝛿
𝑐.Δ𝑑𝑇𝑟𝑘,𝑘−1

Δ𝑡
− 𝐞⃗𝑖

𝑟,𝑘
.𝛿v⃗𝑟.

(21)

The observation model𝐇𝑇𝐷𝐶𝑃 for𝑚 satellites is defined
by

𝐇𝑇𝐷𝐶𝑃 =

⎡⎢⎢⎢⎣
⎡⎢⎢⎢⎣
𝑒1
𝑟,𝑘

⋮
𝑒𝑚
𝑟,𝑘

⎤⎥⎥⎥⎦
.𝐑

𝑒𝑐𝑒𝑓
𝑛 .(0 0 0 1 1 1 0 0 0) − 1

⎤⎥⎥⎥⎦
, (22)

with𝐑𝑒𝑐𝑒𝑓
𝑛 as the rotation matrix from ECEF frame to nav-

igation frame.

5 FAULT DETECTION AND
EXCLUSION APPROACHES IN THE
CONTEXT OF PEDESTRIAN DEAD
RECKONING

The use of GNSS signals in urban environments is difficult
due to the presence of multi-paths. It is therefore essential
toweight the observations and eliminate those that are sus-
ceptible to be incorrect. For this purpose, an FDE is imple-
mented. For this project, two fault detection and exclusion
methods are used.

5.1 State-of-the-art FDE

The first FDE is based on the analysis of innovation at
instant 𝑘 according to two tests: a global test and an indi-
vidual test. For the global test, the Normalized Innovation
Squared (NIS) is used (Ni, David, Juliette, & Marion,
2018).

𝑞𝑘 = 𝑖𝑛𝑜𝑇
𝑘
.𝐶−1

𝑘
.𝑖𝑛𝑜𝑘, (23)

with 𝐶𝑘 as the innovation covariance matrix:

𝐶𝑘 = 𝐻𝑘.𝑃̂𝑘.𝐻
𝑇
𝑘
+ 𝑅𝑘, (24)
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where the 𝑞𝑘 value is compared to a threshold from the
table of the inverse of the chi-square distribution function
to verify that errors follow a normal centered law of
covariance 𝐶. Indeed, if this is the case, then 𝑞𝑘 follows a
chi-square law (Heidi, Andreas, Gérard, & Jarmo, 2007).
The individual test, on the other side, is performed on
the standardized innovations, which is compared to a
threshold from the inverse table of the normal distribution:

̃𝑖𝑛𝑜𝑖 =
|||||

𝑖𝑛𝑜𝑖√
(𝐶𝑘)𝑖𝑖

|||||. (25)

Innovations are accepted if these two tests are validated.

5.2 FDE based on aggregated
innovations at step frequency

The fact that theGPS observations frequency is higher than
the iteration frequency of the Kalman filter allows a sec-
ond FDE to be performed: indeed, it is possible to compare
innovations from the same satellite during a step in order
to detect errors or multi-path. For this, different cases are
studied according to the number of innovations available
for each satellite.

∙ If only one innovation is available, there is a 50% chance
that it is false. As a result, if other innovations are avail-
able from other satellites, the innovation is rejected. If
no other observations are available, then the innovation
is still accepted.

∙ If two innovations are available, they will be accepted
if two tests are validated. The first one checks that the
sign of the innovations is identical. The second verifies
that the difference in the absolute value of innovations
is below a threshold.

∙ If three or four innovations are available, then a Dixon’s
Q test at 95% confidence level is used (Rorabacher, 1991).
This test considers that only one error may be present,
which is acceptable given the small sample available for
analysis.

Figure 3 illustrates the impact of the implementation of
this secondFDE. The trajectories are obtained by aKalman
filter based on a position resulting from the integration of
the velocity updated by TDCP measurements. The red tra-
jectory shows the results by accepting all TDCP innova-
tions; while for the green trajectory, the presented FDE is
implemented. We notice that the trajectory is modified at
different places and in particular at the southwest corner
of the building where the presence of multi-paths totally
distorts the trajectory. However, this error is corrected by
the FDE.

F IGURE 3 Impact of FDE based on aggregated innovations
at step frequency on trajectory estimated with TDCP updates only
[Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com and www.ion.org]

6 EXPERIMENTS

6.1 Scenarios

Three trajectories have been set up to test the performance
of the proposed method. These trajectories are detailed in
Figure 4.The first is designed to verify the impact of TDCP
updates on the accuracy of walking direction estimates.
For this purpose, a trajectory of 1.3 km has been carried
out in an area where few masks are present. The two oth-
ers trajectories include indoor and outdoor parts. They are
designed to represent a real trajectory, with different floors,
climbing, and descending stairs, over a 750-m distance,
shown in Figure 5.
Acquisitions have been realized by five people, two

women and three men, aged from 25 to 55. Two activity
modes are used: pocket and texting. Indeed, these activi-
ties allow us to use hypothesis H2 and hypothesis H3.

6.2 Hardware setup

Subjects were equipped with two devices (Figure 6):
PERSY (PErsonal Reference SYstem) and ULISS acquisi-
tion module (Ubiquitous Localization with Inertial Sen-
sors and Satellites). These two units are equipped with a
battery, a memory card, and various sensors. They have
a similar weight and characteristics to a smartphone. All
data from the sensors are time-stamped using GPS time.

∙ PERSY is composed of a STIM300 inertial unit,
a HMC5983 magnetometer, and a NEO-M8T GNSS
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F IGURE 4 Description of tracks 1, 2, & 3 [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com and
www.ion.org]

F IGURE 5 Illustration of the variety of experimental environments [Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com and www.ion.org]

receiver. This module, placed on the foot, is used as a
reference. It provides a 0.22% positioning error (Julien,
Miguel, &Valerie, 2017) over thewalked trajectory. It has
been assessed over multiple 1.4-km trajectories.

∙ ULISS (Miguel, Mathieu, & Valérie, 2017) is composed
of a VectorNav 300 module. During acquisitions, this

F IGURE 6 Hardware setup [Color figure can be viewed in
the online issue, which is available at wileyonlinelibrary.com and
www.ion.org]

device is held in hand, as if it were a smartphone, and
is used to test the proposed HEAD algorithm.

7 ANALYSIS AND RESULTS

7.1 Contribution of TDCP updates

Track 1 was performed by two people (M1 and W1) in
texting mode to assess the efficiency of TDCP updates in
outdoor and open environments. For this purpose, the
HAWE and BSCPmodules have been deactivated and only
the TDCP measurements are used to update the estimated
walking direction. Figure 7 shows the results obtained
while using TDCP measurements compared with WAISS
and PCA methods. It can be seen that the trajectory
obtained while using TDCP measurements is much closer
to the reality. Table 1 presents the angular errors obtained
for the WAISS and TDCP methods as well as the position
error. The average angular error (𝜇) is reduced to 4◦ for
both acquisitions, compared to 13 and 11◦ for the WAISS
method. In addition, the mean standard deviation (𝜎)
is also reduced with 2.6◦ order of magnitude. An even
bigger improvement is observed for the positioning error,
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F IGURE 7 Results trajectories for M1 (a) and W2 (b) on track 1 in texting mode [Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com and www.ion.org]

TABLE 1 Position and angular error analysis for track 1
(1,300 m) in texting mode at 90th percentile

Angular error Position error
WAISS TDCP WAISS TDCP

Individual 𝝁(◦) 𝝈(◦) 𝝁(◦) 𝝈(◦) 𝝁(𝒎) 𝝈(𝒎) 𝝁(𝒎) 𝝈(𝒎)

M1 13.0 5.1 4.0 2.5 90.8 53.8 4.7 1.9
W2 10.8 6.7 4.0 2.7 65.3 35.7 3.0 1.3

especially on this long trajectory. Indeed, the mean posi-
tion error obtained on the two acquisitions is 3.9 m, which
is 20 times lower than the mean 78 m with the WAISS
method.

7.2 Angular performance analysis

Three methods for estimating the walking direction are
studied in this article. Thus, the proposed method (HEAD
algorithm) is compared to the WAISS algorithm and a
method based on a simple PCA performed on the sen-
sor’s horizontal accelerations. The results are presented
as box plot. To recall, the central mark, in red, indicates
the median of the angular error. Bottom and top edges of
the blue box indicate the 25th and 75th percentiles. The
whiskers extend to extreme data points not considered out-
liers. The outliers are represented with a red ‘+’ symbol.
Figure 8 shows the angular error for tracks 2 and 3 in

texting mode. These acquisitions were made by all five
subjects. Seven acquisitions were made for each track. We
can observe that the HEAD method obtains better results
for both tracks, whether in terms of median angular error
value (4.9 and 6◦ compared to 12.4 and 11.6◦ forWAISS and

17.3 and 14◦ for the TDCP method), standard deviation, or
number of forward values. Themean error obtained in tex-
ting mode for 14 acquisitions is 5.8◦, which corresponds to
a 54% improvement as compared with the WAISS method
(12.7◦).
Figure 9 shows the angular error for tracks 2 and 3 in

pocket mode. The number of acquisitions is reduced to
three acquisitions for track 2 and two acquisitions for track
3, carried out with three individuals (M1, M3, and W2).
It is important to explain why particularly strong angular
errors are present in the output of the PCA method. It is
due to the fact that the sensor accelerations here follow the
leg movement. During a stride, the movement comprises
two acceleration phases in opposite directions depending
onwhether the sensor is experiencing the supporting leg or
swinging leg phase. It regularly introduces a 180-degrees
error that can be corrected using some algorithms. They
were not performed in this study but could really improve
the outcome. As compared to texting mode, we notice
equivalent performances for the WAISS and HEAD algo-
rithms. Indeed, if the results of theWAISSmethod are sim-
ilar to those obtained in texting, the median value of the
angular error obtained by the HEAD method is doubled,
i.e., 12.4 and 11.6◦ against 4.9 and 6◦ in texting. This obser-
vation certainly comes from the fact that the Hypothesis
H2 is less true in the pocket mode case. Indeed, the accel-
eration behavior is closer to a swinging mode with lower
amplitude. TDCP updates are less efficient to mitigate the
velocity estimate error. However, it is important to notice
that the HEADmethod has far fewer outliers. It illustrates
the smoothing efficiency of the proposed HEAD method.
The reduction of outliers has an even bigger impact on the
positioning error improvement.
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F IGURE 8 Angular error analysis of PCA, WAISS, and HEAD methods for track 2 (a) and track 3 (b) in texting mode [Color figure can
be viewed in the online issue, which is available at wileyonlinelibrary.com and www.ion.org]

F IGURE 9 Angular error analysis of PCA, WAISS, and HEADmethods for track 2 (a) and track 3 (b) in pocket mode [Color figure can be
viewed in the online issue, which is available at wileyonlinelibrary.com and www.ion.org]

7.3 Analysis of the positioning error

A study of the position error was also carried out. It
is important to recall that the step length is estimated
using the PERSY reference solution. This methodology
was adopted to only assess the impact of angular error
on PDR, which is the focus of the paper. Table 3 presents
position errors for the texting mode acquisitions. It can
be seen that the proposed method has better performance
for all the metrics (standard deviation, mean error, and
final position error). Themean position error is 3.6 m com-
pared to 11.8 m for the WAISS method and 17.5 m for the
PCA method. This represents a 70 and 80% improvement,

respectively. The standard deviation is reduced to 1.5 m.
These results are illustrated by the trajectories obtained for
an acquisition of track 2 and track 3 on Figure 10. Link-
ing the mean error to the traveled distance, a 0.4% error
over the total travelled distance is obtained on averagewith
HEAD algorithm for 14 acquisitions.
Table 2 presents position errors for the pocket mode

acquisitions. It can be seen that despite similar angular per-
formances, the presence of aberrant values in the WAISS
method has a strong impact on the results in position.
The 14.9-m mean position error for the WAISS method is
reduced to 5.1-m for the HEAD method. This represents
a 65% improvement. The standard deviation is also lower,
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TABLE 2 Position error analysis for track 2 (720 m, 30% indoor) and track 3 (750 m, 50% indoor) in pocket mode at 90th percentile

PCA WAISS HEAD

Person Track 𝝁(◦) 𝝈(◦)

Final
error (m) 𝝁(◦) 𝝈(◦)

Final
error (m) 𝝁(◦) 𝝈(◦)

Final
error (m)

M1 2 129.5 54.7 20.8 25.1 10.0 28.7 5.0 1.9 9.7
M1 3 107.5 37.1 18.6 18.4 4.7 20.8 6.9 2.3 15
M3 2 8.1 6.1 8.2 19.6 7.2 19.7 7.1 2.3 7.5
W2 2 118.7 52.8 23.5 6.2 4.2 15.8 2.8 1.8 10.3
W2 3 102.2 36.5 11.8 5.6 2.5 10.3 3.9 1.4 5.0

mean 17.5 6.5 17.4 11.8 5.5 14.9 3.6 1.5 4.6

TABLE 3 Position error analysis for track 2 (720 m, 30% indoor) and track 3 (750 m, 50% indoor) in texting mode at 90th percentile

PCA WAISS HEAD

Person Track 𝝁(◦) 𝝈(◦)

Final
error (m) 𝝁(◦) 𝝈(◦)

Final
error (m) 𝝁(◦) 𝝈(◦)

Final
error (m)

M1 2 29.9 10.9 10.6 14.8 5.4 5.4 2.2 0.7 3.1
M1 2 12.1 6.7 17.9 14.1 5.9 16.7 2.1 1.2 0.7
M1 3 7.6 3.2 13.8 4.4 3.3 7.7 2.5 0.8 4.0
M1 3 19.8 5.0 19.9 22.3 6.3 22.8 4.3 1.7 9.4
M2 2 37.7 10.5 38.5 15.2 9.0 25.7 5.9 2.0 6.4
M2 3 17.0 4.1 14.9 6.6 2.7 14.0 2.2 0.8 4.0
M3 2 17.9 9.5 5.8 7.7 4.6 15.4 3.0 1.7 3.6
M3 3 15.2 4.4 11.8 8.7 3.0 8.1 5.6 1.4 7.6
W1 3 12.1 4.4 9.9 11.3 6.8 13.0 2.2 1.2 1.9
W1 2 7.3 3.0 22.9 6.3 2.5 18.9 3.3 1.0 4.4
W1 2 12.3 4.4 9.9 11.3 6.8 13.0 2.3 1.2 1.8
W1 3 7.3 3.0 22.8 6.3 2.5 18.9 3.3 1.0 4.4
W2 2 25.6 14.7 33.6 20.3 12.2 16.3 2.4 1.4 1.4
W2 3 12.1 4.4 9.9 11.3 6.8 13.0 2.2 1.2 1.9

mean 17.5 6.5 17.4 11.8 5.5 14.9 3.6 1.5 4.6

F IGURE 10 Result trajectories for M1 on track 2 (a) andM2 on track 3 (b) in texting mode [Color figure can be viewed in the online issue,
which is available at wileyonlinelibrary.com and www.ion.org]
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1.9 m compared to 5.7 m. Linking the mean error to the
walked distance, a 1.3% error of the travelled distance is
obtained on average with the HEAD algorithm for five
acquisitions. This result is two times bigger than the one
obtained in texting. It is explained by the partially wrong
Hypothesis H2, as explained in Section 7.2.

8 CONCLUSION

The estimation of the walking direction remains one
of the main error sources in smartphone-based PDR
approaches. A common strategy is to model the way users
hold the object in hand to estimate the walking direction
irrespective of the carryingmode. TheWAISSmethod uses
GMM of horizontal accelerations to build the model. It is
performed at each detected step and suffers from outliers
and miscalculation that can lead to wrong unnatural tra-
jectories. It progressively drifts with accumulated errors at
step frequency. The classical attitude estimation method
of the device can also be used. The MAGYQ method is
based on quaternion parametrization, and the application
of field updates during opportune phases. The second
approach is more robust than the first one, but it cannot
be used in a PDR processing because the device’s pointing
direction does not necessarily correspond to the walking
direction. A newmethod has been proposed to improve the
estimation of the walking direction by fusing MAGYQ and
WAISS estimates in an Extended Kalman Filter: HEAD
(smootH Estimation of wAlking Direction). Velocity is
added in the state vector to enable TDCP measurements
and bound angular estimation errors when GPS signals
are available. Finally, the use of BSPD is applied to directly
update the position estimate. To improve the robustness,
a novel FDE algorithm using aggregated innovations over
a pedestrian’s step is implemented.
Twenty-one experiments are conducted with five peo-

ple, over distances between 720 and 1300 m, with up to
50% indoor parts over the trajectories. During the experi-
ment, the device is not aligned with the walking direction,
and two carryingmodes are used: texting and pocket. With
HEAD method, the walking direction estimation error is
reduced by 54% in texting mode as compared to theWAISS
method. It also reduces the amount of angular error out-
liers in the pocket mode. On average, the position error for
texting mode equals 0.5% of the traveled distance over 14
acquisitions in texting mode and 1.3% in pocket mode over
five acquisitions. With PCA method, results are 2.5% for
texting mode and pocket mode.
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