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Abstract—Pedestrian dead reckoning (PDR) is one of the
most employed strategies to process inertial signals collected
with a handheld device for autonomous indoor positioning. This
strategy is based on step length models that usually combine step
characteristics with some physiological parameters. These models
are calibrated with experimental data for each user. However,
many physiological conditions are affecting the walking gait even
for steady walking. Therefore, frequent calibration is needed to
cope with walking pattern variations. Moreover, PDR models are
not adapted to high walking velocities and to the specific walking
patterns of some populations like elderly people and pathological
cases. In light of these limitations, the modeling of human
walking, which considers the induced arm swinging behavior, is
needed for improving self-contained inertial indoor navigation.
In this paper, a human-like walking model is developed in
order to represent and study the correlations between the hand
acceleration and gait characteristics. Experimental data were
collected from motion capture experiments on one healthy subject
in order to validate the model. Results show that the model
fitted to the test subject reproduces the walking features found
in experiments, as well as the same tendencies in function of the
walking velocity.

I. INTRODUCTION

Nowadays, more wearable devices are introduced for
observing and supporting personal mobility in order to
ensure accurate indoor localization and displacement features
extraction. The study of users mobility is mainly performed
using GNSS (Global Navigation Satellites Systems) data
whose results are often biased in indoor spaces since radio
signals are weakened by infrastructures and dynamic obstacles
[1]. This results in loss of information on human movement
and consequently in a less accurate positioning solution, or
even solution loss.

An alternative solution consists in using signals collected
with inertial sensors [2] since these data are available
regardless of local infrastructures. This approach led to
improvement in assisting personal mobility. Pedestrian Dead
Reckoning (PDR) is one of the most used strategies based
on signals collected with handheld devices. This process
combines estimated distance and direction to determine
a displacement relative to a known starting position.
Nevertheless, the complex nature of hand motions performed
by handheld devices users during their displacement makes the
estimation of walking directions and distances more complex.

Contrary to sensors attached to foot or waist, walking pattern is
not directly sensed when using handheld devices. Parametric
models have been used to address this issue. They estimate
step length by combining step characteristics (step frequency)
and physiological parameters (user’s height) [3], [4], [5].

Most of the current step length models show some limits.
They are only adapted to the common human gait (small
variation of step length and frequency through different
users). The step length estimation is less accurate when it
comes to more varied or particular walking gaits [5] (e.g.
pathological cases). Moreover, they assume the periodicity of
gait pattern regardless of some conditions like fatigue and
the weight of a carried mass [6]. Tiny deviation in each
step results in high cumulative error in the final positioning
result. Consequently, frequent calibrations based on large-scale
empirical data are needed to tune existing step length models.
For more positioning accuracy, we present a numerical tool
aiming at simulating human walking gait, taking into account
the arm swing that is correlated with leg motion [7]. This
model is capable of generating all sorts of gaits, because the
result depends on many parameters such as walking velocity
and the physical properties of the user. This simulation based
approach enables to find out the objective correlations between
step characteristics (speed, step characteristics, etc.) and
acceleration data without the need for multiple experiments
that are costly to carry out and do not cover the variety of
human gait patterns. In this paper, this model is fitted to one
test subject and evaluated with motion capture data using
chosen salient variables. Preliminary results show that the
model reproduces the same features of human walking found
in experiments, as well as the same tendencies of acceleration
data in terms of gait velocity.

The paper is organized as follows. Section II introduces
the dedicated human-like gait motion generator. Section III
details the experimental evaluation procedure of the proposed
gait model. Evaluation results are discussed in Section IV.
Finally, Section V concludes this paper.

II. PRESENTATION OF HUMAN GAIT MODEL

A. Proposed 3D biped model

A previous study showed that modeling in 3D is needed to
better simulate human walking [8]. For instance, the pelvis



FIG. 1 – The local frames of the 3D biped according to
Denavit-Hartenberg convention.

FIG. 2 – The 12 geometric parameters determining
the initial biped’s configuration at DS: Six parameters
for arms configuration, four parameters for pelvis
position and orientation, and two parameters for step
characteristics.

rotation in the transverse plane should be modeled as it
contributes to the step length [9], [10].

The proposed anthropomorphic model is illustrated in
Fig. 1. All links are considered as rigid and connected by
frictionless joints. All articulations are revolute. The degrees of
freedom (DOFs) of joints are chosen based on human walking
analysis found in [11], [12]. The 19-DOF biped is composed
of a head-neck, torso, pelvis, two identical two-link arms with
three DOFs, and two identical three-link legs with three DOF
spherical hips ended with feet bodies. Each knee and elbow
contains a one DOF revolute joint. The trunk and pelvis are
connected by a revolute joint with one DOF.

To adjust this biped to a test subject, body segment inertial
parameters must be estimated. For each link, they consist in its
mass, its inertias and its COM position in the body referential.
The regressions of Dumas [13], based on the extensive data
of McConville [14] and de Young [15] (Mass distribution and
anthropometric characteristics of adult men and women) are
used. In addition, segments lengths are estimated according to
the anatomical definition reported by [13].

B. Definition of gait cycle

The biped steady state gait is a periodical phenomenon
whose unitary element is a gait cycle (GC also named a stride).
It is defined between by two consecutive step events of the
same foot (in this study we consider the mid-flat foot). It
consists of the succession of two consecutive steps. It starts
with an event relative to one foot (the end of the flat foot
phase). A gait cycle thus includes two double support (DS)

phases and two single support (SS) phases. In this study, the
DS phases are supposed to be instantaneous. Moreover, we
assumed that steps are symmetrical. The optimization problem
was solved for a single step. The other step is generated using
inversion matrix describing the exchange of role of legs and
arms.

The gait motion over a step in a time interval [0, T ], is
defined by the following set of parameters:

– The intermediate configurations in SS: (n-2)×19
parameters, where n is the number of uniformly spaced
time knots, n=4 in this study;

– The final joint velocity of the biped just before the
impact: 19 parameters;

– The parameters of DS configuration (see Fig. 2): 12
parameters.

The above-mentioned parameters are the subjects of a cost
functional minimization in order to extract a unique solution.
The optimal values of these parameters are obtained using the
following optimization process.

C. Optimization process

The nonlinear constrained problem is solved with
a parametric optimization algorithm using SQP method
(Sequential Quadratic Programming) [16].

1) Joint Trajectory Interpolation: Spline functions are used
in order to interpolate joint motion histories profile from
the control points that are optimized during the optimization
process.



2) Cost function: In our modeling problem, we aim at
minimizing the joint actuators energy dissipated over a step
of duration T to travel the distance d. We consider a cost
functional CΓ that is the integral of the norm of joint torques,
approximated by a finite sum of torques function values at the
chosen time samples [17]:

CΓ =
1
d

ˆ T

0
Γ(t)>Γ(t) dt (1)

where Γ is the vector of joint torques.
Additionally, a potential cost functional involves the deviation
of the trunk segment from upright position [18] which is
amounted to the following function:

Cupright =

ˆ T

0
(p7(t)−ph(t)) ·g dt (2)

where ph is the cartesian coordinates of the hips middle
point, p7 is the cartesian coordinates of the 7th Cervicale
corresponding in our biped model to the origin O16, g is the
gravity vector and the operator · denotes the scalar product.

3) Constraints: Several constraints are imposed to have a
human-like GC:

– Joint torques, rates and positions must not exceed their
limits;

– In DS, a constraint keeps the landing foot from occupying
simultaneously the same ground area with the stance foot;

– During swing, additional constraints on the position of
the four corners of the swing foot are imposed in order
to avoid collision between the swing leg and the stance
leg or the ground;

– Ground reaction for SS and the impact forces in DS must
be inside a friction cone of a coefficient µ to ensure
stability, and must be directed upward to avoid stance
foot’s take-off;

– Zero Moment Point (ZMP) needs to be constrained inside
the base of support (BoS) defined by the four corners of
the support foot to maintain balance in dynamic walking;

– Zero Yawing Moment (ZYM) constraint [18] is added
in order to generate contralateral swing of the arms.
It consists in constraining the normal component of
moment due to the inertial and gravity force about the
ZMP under a small upper bound of magnitude (= 0.1 N.m
in this study). Consequently, the yawing moment induced
by leg motion is cancelled out by that of ipsilateral
arm motion leading to self-equilibration of this moment
component.

III. EXPERIMENTAL EVALUATION PROCEDURE

Experimental data were collected in order to check the
validity of the suggested human gait simulator. These data
were compared to simulation outputs based on chosen salient
variables.

A. Data collection
A 25-year-old healthy subject, 1.84 m tall and weighing 85

kg, participated in motion capture experiments after providing
a written informed consent. 17 reflective markers were placed
on his feet, legs, pelvis, trunk, head, arms, forearms and hands.
While the subject walked on a treadmill, an 8-camera ART IR
tracking system recorded the displacement of the markers in
three-dimensional space at 60 Hz (cf. Fig. 3). Inertial data
were also collected using an ULISS (Ubiquitous Localization
Unit with Inertial Sensors and Satellites) device [19] held
by the right hand of the subject. It comprises 9 degrees
of freedom inertial mobile unit, a high sensitivity GNSS
(HSGNSS) receiver and antenna, a memory card, and a battery.
Inertial sensors and magnetometers provide measurements at
a 200 Hz frequency. Optical markers’ assembly was tapped
to this device (cf. Fig. 4) in order to project sensor’s data in
motion lab frame.

The subject completed three trials. For each trial, he was
asked to walk on the treadmill for 100 continuous strides with
the IMU unit in the right hand. Three different treadmill’s belt
speeds were used (one per trial), corresponding to a slow (V1,
1 m/s), comfortable (V2, 1.39 m/s) and high (V3, 1.61 m/s)
walking speed. For each trial, data record started only after
the participant had reached a steady state at the corresponding
walking speed.

FIG. 3 – Experimental setup

FIG. 4 – ULISS device with an optical markers’ assembly



Walking on a treadmill results in a more consistent and
symmetric gait pattern with respect to overground walking
[20]. Yet, the use of a treadmill was preferred to test straight
walking for several steady walking speeds. Moreover, this
alternative allows accurate measurements of the markers’
positions in order to derive gait features.

B. Salient variables

For experimental validation of our gait model, we choose
determinant variables of human walking as well as some
acceleration data related items that are usually utilized in
current step length estimation models:

- Kinematics of the arm: Arcs of shoulder and elbow
motion in the sagittal plane estimated from the positions
of the markers linked to the right hand, arm, forearm and
trunk.

- COM mediolateral and vertical displacements: These data
were estimated from the pelvis markers displacement,
since we assume that the pelvis reproduce the same
motion as the whole body COM.

- Step characteristics: step length, width and cadence were
calculated. Given the walking velocity, step length was
calculated from duration between two consecutive step
events from foot contact to contralateral foot contact.
Stride width was the linear distance between feet markers
position from foot contact to contralateral foot contact
along the lateral direction. Cadence was calculated as
steps per minute. Mean values across 50 steps were
considered for these variables.

- Some items of acceleration data in vertical direction:
• The magnitude Ma, as involved in Kim model [21],

which is defined by:

Ma =
∑

N
i=1 |ai|

N
(3)

where N is the number of sampling points in the
stride, and ai stands for the vertical acceleration of
the ith point.

• The difference between peak and trough values used
in Weinberg Model [22].

• The variance defined as the average of the squared
differences from the mean, used in [4].

Acceleration data were calculated after compensating the
gravity acceleration from raw data. Acceleration data
were projected in the motion lab reference frame knowing
the fixed rotation matrix between IMU frame and the
frame of the cluster tapped to it.

C. Data processing

1) Synchronization with simulation data: In order to
compare salient variables profiles from both simulation and
experimental data, we resampled stride time profiles over 100
points from 1 to 100, where 1 denotes the beginning of the
GC while 100 marks its end (see Fig. 5). Note that while DS
phases last nearly 20% of the GC [11], they were considered
as instantaneous in the simulation.

FIG. 5 – The subdivisions of GC [11].

2) Strides detection: The Zero Velocity Detection (ZVD)
method was used to detect step events of both feet. It is based
on an acceleration moving variance detector and it searches
for the periods when the foot-mounted cluster of markers is
stationary [23]. Step events detected with this method thus
corresponded to the end of the flat ipsilateral foot phase. In
our study, it is applied to acceleration data obtained by double
differentiating the feet markers’ positions. In order to remove
the noise induced by the derivation, the data are low-pass
filtered with a zero-phase forward and reverse second order
Butterworth filter with a cut-off frequency of 10 Hz.

The variance of the norm of the acceleration vector is
calculated over a sliding window and compared to a threshold.
The sliding window is less wide for higher gait speeds since
stationary phase gets shorter. The variance threshold was
adjusted so that stationary phases for each GC are detected.

3) Averaged pattern over a stride: After corresponding data
for each stride, stride-specific patterns need to be synchronized
in time. First, data were interpolated using splines and then we
used Dynamic Time Warping (DTW) [24] to align different
signals in time. This transformation allows to estimate the
average GC profile for each variable. The average value of
a variable A is given by:

Ai =
1
Ns

Ns

∑
k=1

Aik (4)

where i denotes an index within the stride cycle, k is the stride
index, and Ns is the total number of consecutive stride profiles.

IV. RESULTS

A. Natural aspects of walking

In this section, GC profiles of salient variables related to
natural aspects of walking are illustrated for both experimental
and simulation cases, by solid and dashed curves respectively.

1) Arm motion: Fig. 6 and Fig. 7 provide right shoulder
and elbow motion in the sagittal plane during GC. The same
patterns of arcs of motion are obtained for both simulation and
experimental approaches. The shoulder reaches his maximum
extension (20˚) during initial DS phase and then flexes to a
peak position in terminal DS. After holding this position, the
shoulder extends through the next SS phase. In simulation,
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FIG. 6 – Arcs of shoulder motion profile during arm swing
for a GC. Solid line for experimental data, dashed line for
simulation data.
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FIG. 7 – Arcs of elbow motion profile during arm swing
for a GC. Solid line for experimental data, dashed line for
simulation data.

although the peak flexion remains the same, the total arc of
motion increases with faster gait velocities with values close
to experimental ones. A similar pattern is obtained for the
elbow. Flexion arc occurs in ipsilateral foot stance phase and
extension arc is performed during ipsilateral foot swing.

2) COM displacement: The gait model reproduced the
same displacement patterns in both lateral and vertical
directions (Fig. 8 and Fig. 9). The COM is displaced following
a double sinusoidal path in vertical direction and single
sinusoidal path in lateral direction. The lateral displacement
is increased for low speeds while vertical displacement is
greater for faster velocities. In DS phases, neutral position in
lateral direction and minimum vertical position of the COM
are reached. Difference in lateral displacement magnitudes
between both approaches are due to the difference between
step width values since lateral displacement depends on
walking base [9].

B. Step characteristics

Table I provides step characteristics values over the three
walking velocities for both experiments (E) and simulation
(S). In both approaches, step length showed an increasing
trend as walking speed increased and higher step cadence is
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FIG. 8 – Vertical displacement of COM during a GC. Solid
line for experimental data, dashed line for simulation data.
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FIG. 9 – COM mediolateral displacement during a GC. Solid
line for experimental data, dashed line for simulation data.

TABLE I – Step characteristics across three gait velocities for
experimental and simulation data. (E): experimental data, (S):
simulation data.

Step length (cm) Step width (cm) step cadence (s-1)
Gait speed (E) (S) (E) (S) (E) (S)

V1 56 59.2 11.4 11 1.79 1.69
V2 71.7 69 9.2 11.6 1.98 2.12
V3 80.4 76.2 8.5 11.7 2 2.11

obtained for faster walking velocities (V2 and V3) compared
to low velocity. For simulation, step length and width results
were close to those found in experiments.

C. Hand’s acceleration

Fig. 10 shows data related to acceleration parameters usually
used in previous step length models. It is observed that vertical
acceleration items have the same variation trend in terms of
gait velocity. In both experimentation and simulation, these
variables increase for faster gait velocities due to greater
arm swing magnitude. The difference between experimental
values and those of simulation is mainly due to the limited
number of intermediate knots considered in simulation (two
intermediate knots). Higher number of intermediate knots
will be considered in future work in order to have smoother
joint acceleration profiles (for shoulder and elbow joints)
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FIG. 10 – The three items of hand’s vertical acceleration
(the magnitude, the difference of peak and trough, and the
variance) according to different gait velocities.

and consequently acceleration related characteristics closer to
experimental ones.

V. CONCLUSION AND FUTURE WORK

PDR is one of the most employed strategies to process
inertial signals collected with handheld devices for navigation
applications. In this process, most of parametric models used
to estimate step length are only suitable for the most common
human gait, since they only combine some step characteristics
and physiological parameters. The accumulation of small
errors in step length estimation leads to big errors in final
positioning. Then, these models need frequent calibration
based on empirical data that are costly to collect and do
not cover the variety of human walking patterns. In this
paper, we presented a realistic human gait model capable
of coping with human gait variability. To check the validity
of this model, we compared simulation outputs with motion
capture data for one test subject. Results showed that the
model reproduces the same fundamental patterns of walking
found in experiments. Furthermore, The same variation trend
of acceleration related items in function of gait velocity
is observed for both approaches. Based on these results,
simulation approach constitutes a novel manner of establishing
relationships between user’s displacement (e.g. step length)
and signals sensed by handheld devices, and then more
accurate step length estimation is foreseen.

Future work includes considering more time knots
in optimization process in order to have acceleration
characteristics closer to experimental ones. Experimental
validation on several subjects with varied gait patterns is also
targeted.
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