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A Pedestrian Dead-Reckoning System for Walking
and Marking Time Mixed Movement Using an
SHSs Scheme and a Foot-Mounted IMU
Yuan Wu, Haibing Zhu, Qingxiu Du, and Shuming Tang

Abstract— A pedestrian dead-reckoning (PDR) system based
on micro-inertial technology usually uses a sensor integrated
with a three-axis gyroscope, a three-axis accelerometer, and a
three-axis magnetometer and is attached to the person’s body
(usually on the foot) to acquire the trajectory of the pedestrian.
Although a variety of PDR system solutions have been proposed,
the PDR solution for marking time and walking hybrid motions
has not been formally proposed and solved. Therefore, in this
paper, we propose the PDR system using a step-and-heading
system scheme for marking time and walking hybrid motion.
The main contributions include: 1) an adaptive gait partitioning
method for walking and marking time hybrid motions is proposed; 2) a motion classification algorithm that uses a multi-layer
perceptron to classify whether each step is walking or marking
time is proposed; and 3) a new step length estimator based on several currently proposed models is proposed. Finally, an extended
Kalman filtering algorithm combining heuristic heading reduction, flat-ground hypothesis, and cardinal heading aided inertial
navigation techniques is used for heading estimation. We evaluate
the effectiveness of the proposed algorithm through experiments,
and the experimental results show that the average position error
of the two groups of test experiments based on marking time and
walking hybrid motion is 0.42% and 0.6%, respectively.
Index Terms— Pedestrian dead-reckoning, IMU, step and
heading system, gait partitioning, motion classification, EKF
filtering, marking time, trajectory estimation.

I. I NTRODUCTION

I

N RECENT years, positioning solutions that are not based
on the Global Navigation Satellite System (GNSS) are
receiving more and more attention, and typical examples
are solutions related to indoor navigation and positioning.
According to the literature [1], current indoor positioning
solutions can be divided into two categories: infrastructurebased approaches and infrastructure-free approaches. The
former refers to the positioning solutions that needs to
arranged the sensor devices in advance in a positioning
scene, such as Wireless Fidelity (Wi-Fi), Bluetooth, infrared,
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Ultra Wide Band (UWB), etc. [2]. The latter refers to the solutions that does not need to arrange sensor devices in the scene,
but uses the sensors carried by the mobile terminal, such as a
vision based simultaneous localization and mapping (SLAM)
technology [3], a micro-inertial sensor-based PDR system
[4], [5], etc. An inertial sensor-based PDR (IPDR) system
usually uses a inertial measurement unit (IMU) integrated with
a three-axis gyroscope, a three-axis accelerometer and a threeaxis magnetometer and attached to the person’s body (usually
on the foot) to acquire the trajectory of the pedestrian through
integration and filtering algorithms. The inertial sensors used
in these IPDR systems are usually inexpensive, have low
computational power requirements, and are less limited by
environmental factors. Hence, the IPDR systems complement
well with other positioning solutions.
According to the literature [6], the IPDR solutions can
be divided into two categories: Inertial Navigation Systems (INSs) and Step-and-Heading Systems (SHSs). The INSs
estimate the motion trajectory by estimating the displacement
of each sampling interval by using the double integral of
the acceleration data and the single integral of the angular
velocity. The PDR system proposed in [7] is a typical INS. The
SHSs calculate the heading and step size using the sensor data
collected in every step, and then concatenate the estimated step
size and the step heading to form the final motion trajectory.
The SHSs do not need to perform the double integral of the
acceleration data for each sampling interval and are simpler
and easier to implement than INSs, meanwhile their estimated
errors are usually proportional to the time. If the INSs are
not corrected well, the estimated errors are proportional to
the square of time. This is one of the reasons why this paper
adopts the SHSs. Some IPDR schemes using SHSs attach the
sensors to the feet, such as [8] and [9], but also to other places
in some cases, such as [10]. Since it does not calculate the step
size by means of integration, the general SHSs don’t have to
be updated with zero velocity.
The SHSs usually estimate the step size by modeling the
acceleration information, such as the maximum and minimum
values, variance, step frequency etc. Some personal parameters, such as height and leg length, are also used in some
cases. The literature [11] summarized some common used
step estimation methods and models. In the case of marking
time movement or similar movements, such as in-situ turning,
the acceleration and stride frequency are almost the same as
normal walking, but the step size is almost zero. Strictly, it is
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coordinate system, and the subscript t indicates the sampling
time. The sensor device is required to be bound to the instep,
and the binding posture needs the z-axis to roughly consistent
with the gravity direction. The system first divides the gait into
two phases, the Stance Phase and the Swing Phase, with a gait
division algorithm based on the output of the sensor. After the
gait division, the data of each divided Swing Phase stage is
regarded as one-step’s motion data and is input into the multilayer perceptron motion classification algorithm to identify
whether the step is walking or marking time. According to
the acceleration data and the motion type of the step, the step
size estimation model is used to calculate the step size.
The estimation of step heading is a bit more complicated.
The basic idea is to use the extended Kalman filter (EKF)
to fuse the IMU data to estimate the pose of the IMU,
and then extract the heading information from the estimated
pose. However, due to the accuracy of the sensor, the heading estimated by the EKF will also have a large error.
Therefore, it is necessary to adjust the relevant parameters
in the EKF according to the gait division result and the
motion classification result. At the same time, during the
Stance Phase, the sensor can be considered to have zero
angular rate measurement (ZARM), hence the sensor’s attitude
change is set to zero. Therefore, the one-step heading change
mainly depends on the data during the Swing Phase. Then,
the headings estimated by EKF and ZARM are corrected
by the combination of Heuristic Heading Reduction (HDR),
Flat-ground Hypothesis (FGH) and Cardinal Heading Aided
Inertial Navigation (CHAIN) techniques (HDR+ CHAIN +
FGH). Finally, the step vectors formed by the step size and
step heading, ({distance, heading}), are obtained.
Fig. 1.

The scheme of PDR for walking and mark time mixed movement.

not common for marking time in daily activities, but it is
inevitable. For example, when walking, we often encounter
the in-situ turning or some standing activities requiring in-situ
turning, such as picking up some objects in front and then
turning around and putting them to behind. If the marking time
motion data is input into the mathematical model established
by the SHSs for step estimation, the step size of normal
walking will be obtained, which will bring serious errors. Even
if the INSs scheme is used, if the data of the marking time step
is integrated according to the conventional method, the step
size obtained will be more or less greater than 0, usually
much larger than zero. In response to this problem, in this
paper we propose a PDR system using the Step-and-Heading
System (SHS) scheme for marking time and walking hybrid
motion.
II. S YSTEM OVERVIEW
Fig. 1 shows the scheme of the PDR system which uses
the SHSs scheme for the trajectory estimation of walking and
marking time hybrid motions proposed in this paper.
The IMU device includes a three-axis accelerometer, a
three-axis gyroscope, and a three-axis magnetometer that
output the acceleration atb , the angular velocity ωtb , and the
magnetic field strength m bt at each sampling time point. The
superscript b indicates the measured value in the sensor

III. A NALYSIS OF THE P ROPOSED PDR S YSTEM
A. Gait Phase Detection Algorithm
There are two types of classical gait partitioning algorithms.
One is based on the partitioning method under the generalized likelihood ratio (GLRT) detector framework proposed by
Skog et al. [12], and another one is based on the Hidden
Markov Model (HMM) gait detection framework [13]. The
former is mainly used in the case of slow motion (such as
walking), and the latter is mainly used in the case of rapid
motion (such as running). Since this paper is aimed at the
PDR algorithm in the case of walking and marking time,
the gait partitioning algorithm proposed in this paper is derived
from the GLRT detector. The GLRT detector is given by the
following formula:



2

a
¯
1
1 t +W −1 1 
t
2
ak −g
 +
ωk  < σ
T (z t ) =
k=t
a¯t   σω2
W
σa2 
(1)
W represents the size of the detector window. σa2 and σω2
represent the acceleration and angular velocity measurement
noise variance, respectively. a¯t represents the acceleration
mean:
1 t +W −1
a¯t =
ak
(2)
k=t
W
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The program flow chart of gait phase detection algorithm. The formulas and the definition of the variables are given in section III.A.

σ is the decision threshold. When the value of T (z t ) is
less than σ , it is determined that the gait phase at time t
belongs to Stance Phase, otherwise it belongs to Swing Phase.
These parameters need to be adjusted according to different
people and different types of exercise. This paper proposes an
improved gait partitioning algorithm suitable for walking and
marking time hybrid motion. The flow chart of the algorithm
is shown in Fig. 2.
The algorithm can be divided into two parts: the predetermination and the correction. The pre-determination uses
the angular rate modulus to predetermine the gait phase. The
expression is as follow:
ωt  − step bias < σ

(3)

Equation (3) can be derived from (1) by setting W and σω2
to 1, discarding the acceleration part, and extracting the
root of ωk 2 , and subtracting an adaptive parameter
step bias . If inequality (3) is satisfied, then the gait phase of

time t Stance_F t is pre-determined as 1, otherwise, is predetermined to be zero. In this way, the decision time can
be reduced in the pre-determination phase compared to using
the original GLRT method. The adaptive parameter stepbias
is defined as the average value between its last value and
the modulus value of the average angular rate in the newly
detected Stance Phase duration. It is calculated in an iterative
manner in Fig. 2:



(4)
stepbias = mean step bias , mean ωlast Begin :last End
mean in (4) represents the averaging operation,
ωlast Begin :last End represents all angular velocity modulus
values during the newly detected Stance phase, and last Begin
and last End are defined as the start and end time of the newly
detected Stance Phase. Begi n and End in Fig.2 are defined
as the potential begin time and end time point of the new
Stance Phase respectively.
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After the pre-determination, the correction steps are entered.
If the result of the pre-determination stage is 1 and the
correction condition:
t > 2 and Stance_F t −1 == 0?

(5)

where and indicates the logical operation AND, is satisfied.
It means that this time point t may be the potential switching
time from the Swing Phase to the Stance Phase. To determine
if it is indeed a potential switching time from Swing Phase to
Stance Phase, the following judgment conditions are considered:
(6)
max (a End:t ) < ∂?
α
?
(7)
t − End <
t
In condition (6), ‘max’ represents the operation of getting
maximum value. a End:t represents the acceleration modulus
from time End to time t. ∂ in (6) and α in (7) are thresholds
set artificially in the experiment. t means the sampling time
of the sensor.
If the result of (6) is true, meaning that the acceleration
modulus values during the time interval from time End to
time t are small enough which means that this period more
likely belongs to the Stance Phase, hence the following corrections are conducted:
Stance_F End:t = ones (1, t − End + 1) .

(8)

The formula (8) is the operation that sets the gait states of
the time interval from time End to time t to 1. Since the gait
states of time End is also set from 0 to 1 by (8), the determined
potential end time of the new Stance Phase is wrong judged.
If this wrong judgment caused the step counter stepcount er
wrongly did the self-add operation which means the following
condition:
step anded == 1?

(9)

is true, we need to correct the step counter and its self-added
flag stepanded by:
stepcount er = stepcount er − 1,
stepanded = 0.

(10)
(11)

The step counter’s self-added flag stepanded in (9) and (11) is
set to 1 only when the variable End is determined and updated.
This can be verified in Fig.2.
If the results of (6) is false, meaning that the period
from time End to time t more likely belongs to the Swing
Phase. We need to determine if the current time t is truly a
potential switching time from the Swing Phase to the Stance
Phase or not. The condition (7) is used for this propose. If the
result of (7) is true, meaning that the duration of the detected
Swing Phase from time End to time t doesn’t reach the set
shortest time of a complete Swing Phase. Hence, the current
time t belongs to the Swing Phase but not the Stance Phase.
We correct the gait state of time t by:
Stance_F t = 0.

(12)

Otherwise, if the result of (7) is false, the current time t is
considered to be a truly potential switching time from the

Swing Phase to the Stance Phase. So, we update the variable
Begi n to t.
Begi n = t

(13)

Meanwhile, the Stance Phase and the Swing Phase of latest
step is determined by setting the newly detected Stance Phase’s
ending time:
last End = End.

(14)

Since a new Stance Phase is determined, the adaptive parameter step bias is updated by formula (4).
If the result of the pre-determination stage is 0 and the
following correction condition is satisfied:
t > 2 and Stance_F t −1 == 1?

(15)

It means that this time point t may be the potential switching
time from the Stance Phase to the Swing Phase. In order to
verify this conjecture, the following condition is considered:
t − Begi n <

β
?
t

(16)

The β is the threshold set artificially in the experiment. If the
result of (16) is true, meaning that the duration of the detected
Stance Phase from time Begi n to time t doesn’t reach the
set shortest time of a complete Stance Phase. Due to the
transition from stance state to swing state in a very short
time, this unstable duration is most likely the transitional phase
between the Stance Phase and the Swing Phase. We divide
this stage into Swing Phase. Hence, the following correction
is conducted:
Stance_F End:t = zer os (1, t − Begi n + 1)

(17)

Otherwise, if the result of (16) is false, meaning that the time
Begi n is acceptable as the begin time of the Stance Phase,
we update the begin time of the Stance Phase:
last Begin = Begi n

(18)

The current time t is considered as the potential end time of
the Stance Phase. Then update the variable d :
End = t

(19)

And the step counter carries out the self-addition:
step count er = stepcount er + 1

(20)

and its self-added flag stepanded is updated:
stepanded = 1

(21)

In the algorithm, σ is the pre-determination threshold parameter, α and β are parameters that use the gait duration as
the correction conditions, ∂ is a parameter for performing
correction determination using acceleration information and
∂ = g + d where g is the ideal gravitational acceleration and
d is a tunable parameter. t is the sampling interval.
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Motion classification algorithm framework.

B. Motion Classification Algorithm
After completing the division of the gait, the next step
is to classify the motion type of each step. There are many
PDR systems including the classification of the motion. The
methods of classification include Hidden Markov Model
(HMM) [14], Support Vector Machine (SVM) [15], [16],
Probabilistic Neural Network (PNN) [5], Recurrent Neural
Network (RNN) [9], Multilayer Perceptron (MLP) [17], etc.
Among them, MLP is the simplest neural network model
for nonlinear classification. Though, at most application,
the MLP classifier is slower than conventional classifier such
as SVM, the accuracy of MLP is usually greater than many
conventional classifier. Since the accuracy of the motion
classifier is our preferred factor, and considering that the
classification task in this paper, a typical binary classification
problem, is not complicated, we uses the MLP model to
classify the steps’ motion types. The motion classification
algorithm framework is shown in Fig. 3.
The algorithm is mainly divided into two parts: data preprocessing and multi-layer perceptron classifier. In the data
preprocessing stage, the purpose is to proceed the original
step data into features used to describe the learning samples.
First, the sampled data of the gyroscope and accelerometer
in the Swing Phase of each step, represented by S (the size
of S is 6 × T, where T represents the number of samples),
is subtracted by the average static deviation value C (the size
of C is 6 × 1, indicating the average value of the 6-axis data)
in the Stance Phase. Then, the length of the subtracted S is
expanded to a fixed shape of 6 × 150, represented as U.
The expansion strategy is to add 0 to the front of the data
sets which are less than 150 in length to keep the samples’
length fixed, because the length of the data input to the
MLP is fixed. Adding 0 means no sampled data in these
corresponding dimensions and it has no intuitive impact to the
final result. For the sets of length over 150, the last 150 data

are intercepted. Here, 150 is the value set for the sensor at the
100 Hz sampling frequency, which may need to be adjusted
for different sampling rates to ensure that the length of the
sampled data for most Swing Phases is less than this value.
The duration of one step of walking or marking time is mostly
about 1 second. Hence, the chose length of 150 at the 100 Hz
sampling rate is able to collect all motion data in the Swing
Phase. After the accomplishment of the expansion of each
Swing Phase data, the modulus values of each acceleration
vector and angular velocity vector are calculated to obtain a
data set M of size 2 × 150, and then M is spliced by row into
a 1 × 300 input vector V. The vector V is as the features of
each step input to the MLP model.
The MLP model in the algorithm includes an input
layer (300), a first hidden layer (50), a second hidden
layer (10), and an output layer (2). The activation function
of the neuron is chosen as the sigmoid function.
S (X) =

1
1 + e−X

(22)

The error function uses the following function:
Loss =

2
1 n   i 
hθ X − Y i
i=0
2

(23)


h θ X i represents the output of the processed i-th step data
after passing through the neural network, and Y i represents the
label of the i-th step data.
The collected data of individual walking and marking time
steps are combined into a training set. The label for walking
movement is [0.9, 0.1], and the label for marking time movement is [0.1, 0.9]. The collected mixed motion data of each
person is combined into a test set. In the test, the MLP output
vector is [a, b], if a>b, the recognized motion type is walking,
and if a ≤ b, the recognized motion type is marking time.
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C. The EKF for Heading Estimation
The heading can be obtained from the real-time attitude of
the sensor. The sensor attitude can be obtained by the fusion
of accelerometer, gyroscope and magnetometer data. Given the
attitude quaternion qt |t of the sensor at time t and the output
of the gyroscope ωt , the attitude quaternion at time t + 1 can
be predicted as follows:
1
· [ωt ]× · qt |t · t + wt
(24)
2
where wt is the process noise, t is the sampling time, and
[ωt ]× is the skew symmetric matrix:
⎛
⎞
0 −ωx −ω y −ωz
⎜ ωx
0
ωz
−ω y ⎟
⎟
(25)
[ωt ]× = ⎜
⎝ ω y −ωz
0
ωx ⎠
ωz
ωy
−ωx
0
qt |t +1 = qt |t +

Given the quaternion qt |t and the gravitational acceleration
reference vector g in the reference coordinate system, the
acceleration measurement equation can be expressed as:

(26)
Z A,t = C qt |t · g + v t

where v t is the measurement noise and C qt |t represents
the direction cosine matrix represented by the quaternion.
According to the above prediction equation (24) and measurement equation (26), the EKF is used to fuse the data of the
gyroscope and accelerometer to obtain the attitude quaternion
q̂t +1|t +1. The second process equation can be obtained:


q̂t +1|t +1 = q̂t +1|t +1 + p̂t +1

(27)

p̂t +1 is the process noise whose variance is equal to the
variance P̂t+1 of the EKF fusion output. The measurement
equation of the heading obtained by the quaternion q̂t +1|t +1
is:


Z ψ,t = atan2 2q2 q3 + 2q1 q4 , q12 + q22 − q32 − q42 + rt
(28)
where rt represents the measurement noise of the magnetometer. According to the attitude quaternion qt |t at time t, the Euler
angle at time t can be obtained.

 


θt |t
atan2 2q1 q2 + 2q3 q4 , q12 + q42 − q22 − q32
=
φt |t
−asi n (2q2 q4 − 2q1 q3 )
(29)
The magnetometer data measured at time t is reversely
rotated by the above two Euler angles, and we can get:
Z mid
M,t

=

Rθ−1 Rφ−1 Z M,t

(30)

Rθ−1 and Rφ−1 are rotation matrices corresponding to the roll
angle and the pitch angle, respectively. According to Z mid
M,t ,
the measurement equation of the heading angle measured by
the magnetometer is:


mid
(31)
Z ψ,t = atan2 −Z mid
M,t (2) , Z M,t (1)
According to the prediction equation (27) and the measurement equation (28), the attitude quaternion q̂t +1|t +1 is updated

again with EKF, and the updated attitude quaternionqt +1|t +1
is obtained.
Since there is a non-negligible external acceleration during
the Swing Phase, the reliability of the acceleration data
is reduced during this period, and the measurement noise
variance of the acceleration is correspondingly increased.
Conversely, during the Stance Phase, the external acceleration
is almost negligible, the reliability of the acceleration data is
high, and the measurement noise variance of the acceleration
is reduced accordingly. Similarly, due to the uncalibrated error
of the magnetometer data, the measured heading reliability
is also reduced during the high-dynamic Swing Phase, and
the measurement noise variance needs to be increased.
Accordingly, the measurement variance is reduced during the
Stance Phase. Since the magnetic sensors can be easily contaminated by hard iron or soft iron, we fuse the magnetometer
data every three sampling intervals for heading estimation.
During the Stance Phase, the sensor is considered to have
zero angular rate measurement (ZARM), and the true heading
and sensor attitude are almost constant, so the sensor’s attitude
change is set to zero to prevent the accumulation of attitude
errors to some extent. In addition, this paper also uses the
following three methods to suppress the accumulation of
attitude errors:
1) Heuristic Deading Reduction (HDR): was first proposed
by Borestein et al. [18], which is mainly based on the fact
that most channels of corridors, paths or streets are straight in
our daily living environment, so most of the human moving
trajectories are also straight. In this paper, we detect straight
line motion in the following ways:


⎧
begin
begin
end
end
⎪
ψ
>π
−
ψ
−
2π,
i
f
ψ
−
ψ
⎪
k
k
⎨ k
 k

begin
begin
ψk = ψkend − ψk
+ 2π, i f ψkend − ψk
< −π
⎪
⎪
⎩ end
begin
ψk − ψk
,
other wi se
(32)
begin

and ψkend represent the heading angles of the
where ψk
start and end points of the Swing phase of step k, respectively.
If the value of ψk is within the set threshold th ψ , it is
considered to be a straight line walking, otherwise it is not
a straight line walking. Therefore, the heading at the end of
step k is estimated as follow:

begin
, i f ψk < th ψ
ψk
end
(33)
ψk =
end
ψk , other wi se
2) The Cardinal Heading Aided Inertial Navigation
(CHAIN): was applied to PDR systems in some previous
literature [19], [20]. It is based primarily on the assumption
that most channels and roads, both indoors and outdoors, are
perpendicular to each other or that the angle between them
varies between a limited number of angles. This paper uses the
method of [20] to divide the heading into eight main headings:
π
π 3π
end is set to
0, π4 , π2 , 3π
4 , π, − 4 , − 2 , 4 . The final heading ψk
the one of those set headings whose value is closest to the
calculated heading. Finally, if the k-th step is determined to
be a straight line, then the heading at all times in step k is:
ψkt = ψkend . If it is not a straight line motion, for example,
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it is turning, the heading at each moment of step k is equal
to the value obtained at each moment, ψkt = ψkt , so that the
trajectory at the time of steering is smoother.
3) Flat Ground H(FGH) FGH: is mainly based on the
assumption that most of the walking lanes and roads are
parallel to the horizontal plane. Therefore, when the flat
ground motion is detected, the roll angles and the pitch angles
are considered almost constant at the beginning and end of the
step. The FGH detector is expressed as:

begin
, i f θk < th θ
θ
end
(34)
θk = kend
θk , other wi se

begin
, i f φk < th φ
φk
end
φk =
(35)
φkend , other wi se
Finally, the Euler angles θkend , φkend , ψkend at the last moment
of the k-th Swing Phase are converted into quaternions, and
fed back to the EKF stage for heading calculation of next
step.
D. Step Length Estimation
The literature [11] summarized many models for estimating
the step sizes. But not all those models are suitable for the
situation of foot-mounted IMU. There are several models
used in recent years which can also be used in our experiment. A simple and effective step size estimator proposed
by Weinberg [21] uses maximum (amax ) and minimum (amin )
accelerations of the vertical acceleration values during the step
to calculate the step length. The model is as follows:
√
(36)
L st ep = K · 4 amax − amin
Mikov and Galov [22] added the consideration of average
acceleration in the step and used the following models to
calculate the step length:
N
ak √
· 4 amax − amin
L st ep = K · k=1
(37)
N
Mikov et al. [10] proposed the next formula as the step
length estimator:
√
L st ep = K · tst ep · 4 amax − amin
(38)
where tst ep is the duration of a step.
Edel and Köppe [9] used the standard deviation of the
z-axis acceleration during a step to build a step length estimator for walking which is as follow:

(39)
L st ep = e + f V ar (az )
The parameters e and f are determined by the linear regression
method based on a set of samples. V ar (az ) represents the
variance of the z-axis acceleration during a step.
Some others make use of the height (h), step frequency
( f st ep ) and some calibration parameters (a, b, c) to estimate
the step size, such as the model mentioned in [23]:

L st ep = h · a · fst ep + b + c.
(40)
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Fig. 4.

FEBFMT1030 device attached to the right foot.

After evaluating the results of all these models in our
experiment, we combined the features adopted in these models
and proposed the following model to estimate the step length:

L st ep = K · (α · f st ep + β · V ar (az )
√
+ γ · 4 amax − amin + h) (41)
where α, β, γ are the weights corresponding to the different
features and their summation is 1. K is an adjustable factor and
h is the height of the person. The definition of other variables
is the same as defined previously.
For the normal walking movement, the formula (41) is used
to estimate the step size. For the step generated by the marking
time, the step size is directly estimated to be zero.
IV. E XPERIMENT
A. Device Description
The experimental equipment used in all experiments in this
paper is FAIRCHILD’s FEBFMT1030 sensor, which consists
of a three-axis gyroscope, a three-axis accelerometer and a
three-axis magnetometer with ranges of ±2000deg/s, ±8g and
±1.9Gauss, respectively. The frequency of the data output
from the sensor to the host computer is 100 Hz, and each
frame of the data includes a 9 dimensional vector sampled
from the three-axis accelerometer, the three-axis gyroscope
and the three-axis magnetometer. The sensor is attached to the
instep of one foot as shown in Fig. 4. All algorithm processing
is performed in the host computer.
B. Gait Detection and Motion Classification Evaluation
In our experiment, in order to evaluate the gait division
algorithm and the gait classification algorithm, we collected
data from seven volunteers. The seven volunteers include five
males and two females with the heights ranging from 150 cm
to 185 cm and the weights ranging from 40 kg to 80 kg. The
data collected for each volunteer includes: marking time data,
walking data, and mixed motion data in both. The acquisition
time for each type of exercise is approximately 4 minutes.
The way of the marking time is to raise and lay down the
feet alternately in the same place.
After continuous test and adjustment, the values of the
various parameters in the gait division algorithm are set as
follows: σ = 0.7, α = 0.6, β = 0.1, ∂ = g + d, g = 10,
d = 2, t = 0.01. Fig. 5 shows the result of the proposed
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TABLE II
T HE M OTION C LASSIFICATION R ESULTS

Fig. 5.

Gait phase detection output.

TABLE I
T HE S TEP -C OUNT R ESULTS O F O UR G AIT D IVISION A LGORITHM

performance of the model. After several rounds of training
on the training set, the classified error rate on validation set
stabilized at 1.07%, and stop training to test. The final test
results are shown in Table II. We can see that the average error
rate of the motion classification is 0.72% which is accurate
enough.
C. Step Length and Trajectory Evaluation

gait division algorithm and the modulus of the angular rate
under mixed motion, where the gait curve has the value of 1
for Stance Phase and 0 for Swing Phase. Table I shows the
results of the step counter for all test data output from our
proposed gait division algorithm. It can be seen that the stepcount error rate of all testers is 0, indicating that the proposed
gait division algorithm is effective and the detection accuracy
is high.
In the motion classification stage, our training set contains
1655 steps of walking and 1438 steps of marking time. Our
validation set contains 140 steps of walking and 140 steps of
marking time. Our testing set contains 1663 steps of walking
and marking time mixed motion. The learning rate we used
is 0.05. The initial weights are set randomly and updated by
the classical back propagation (BP) algorithm. After every
round of training, we use the validation set to validate the

After continuous testing and adjustment, the parameters
of the heading estimation algorithm in this paper are set as
follows: th ψ = π/30, th θ = th φ = π/20, and the acceleration measurement variance is 0.048 and the magnetometer measurement variance is 0.045 during the Stance Phase,
meanwhile the acceleration measurement variance is 0.35 and
the magnetometer measurement variance is 0.37 in the Swing
Phase phase.
The parameters K, α, β and γ in the step size estimation
model is set to 0.36, 0.45, 0.1 and 0.45 respectively in our
experiment. These parameters are determined by the data
sampled from the 7 objects who are asked to do the walking
and marking time mixed motion along the given path. The
two test routes showed in this paper are not used to determine
these parameters.
For the test of the trajectory estimation algorithm under
the walking and marking time hybrid motion proposed in this
paper, two experiments are carried out, and the path lengths
are about 320.8m and 182.4m respectively. The test object
performs the alternate movements of 20 steps in marking time
and 20 steps in walking according to the prescribed path, and
finally returns to the starting point.
As shown in Fig. 6 and Fig. 7, respectively, the comparison
of the estimated trajectory and the reference trajectory are
made, where the point 11 is the starting point in both figures.
Tables III and IV are statistics of the estimated errors of the
reference points on the corresponding two sets of test paths,
respectively. The end-to-end errors of the reconstructed trajectories using our proposed algorithm are 4.38 and 0.38 respectively. The average position error estimated by the algorithm
is around 0.5%.
The resulting trajectories do not seem to match the reference
trajectories in the Fig 6 and Fig. 7, but the way point position
errors are small. This is because the resolution of the abscissa
is high, hence the slight error will be obvious in the figure.
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TABLE IV
T HE S ECOND ROUTE L INE E RROR A SSESSMENT R ESULTS

Fig. 6.

The first route line estimating results.

TABLE V
P ERFORMANCE C OMPARISONS OF D IFFERENT S TEP L ENGTH E STIMATORS

Fig. 7.

The second route line estimating results.
TABLE III

T HE F IRST ROUTE L INE E RROR A SSESSMENT R ESULTS

To evaluate the effectiveness of our proposed step length
estimator, we compared several estimator proposed or used in
recent years by using them in our experiment. The parameters
of all the compared step size models are fine tuned by our
training data, which doesn’t include the data of the two test
rout, sampled from the 7 volunteers to make their comprehensive accuracies as good as possible. The table V represents the
results of the two test routes calculated by using each of these
step size models in the phase when the motions are classified

to walking, and all of the length of the marking time steps are
set to zero. By the way, the model of [9] in table V refers to
the equation (39). The table V also shows the performance of
different step size estimators on several evaluation indicators.
It is obvious that a great error will appearance if not using
the classifier to classify the marking time from the walking.
Hence, we don’t make the comparison individually on the
accuracy of using classifiers with that of not using them.
We can see that the distance accuracy of our step length
estimator is the highest one in both testing trajectories. On the
average positioning accuracy, our estimator has the highest
performance on the first track, and just has a slightly lower
accuracy than the best on the second track. As for the endto-end positioning accuracy, our estimator also performs best
on the second track. Taken together, the overall performance
of our algorithm proves the effectiveness of the proposed step
length estimator.
To evaluate the performance of our proposed algorithm,
we compared our algorithm with other algorithms. The
table VI shows the performance comparison of the proposed
pedestrian trajectory reconstruction algorithm and 5 existing methods for the indoor pedestrian location experiment.
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TABLE VI
E RROR C OMPARISONS FOR THE I NDOOR E NVIRONMENT E XPERIMENT

The result compares with the result reported in [5], [8], [16],
[24], and [25] whose average indoor end-to-end positioning
errors are 4.81, 0.3, 1.31, 4.31 and 4.57.
From the comparisons, it proves that our proposed algorithm
used for the walking and marking time hybrid movements is
effective and the accuracy is high enough to provide accurate
reconstructed trajectory for the indoor environments.
V. C ONCLUSION
In this paper, we propose a PDR algorithm for walking and
marking time hybrid motion, which avoids the huge error that
the traditional SHSs may make by regarding marking time
motion as normal walking. This paper proposes a new adaptive
gait division method for both walking and marking time;
A motion classification algorithm for classifying motion types
using MLP models is proposed; A new step length estimator
based on several currently proposed models is proposed.
An EFK+HDR+CHAIN+FGH heading estimation algorithm
that adjusts the measurement variance of the sensor according
to the gait type is adopted. The effectiveness of the proposed
algorithm is proved by experiments, and the final gait division,
motion classification and trajectory estimation results all can
reach a very good precision.
However, this article only considers the situation of marking
time motion and walking mixed sports, and does not consider
other common movements, such as going down stairs, running,
etc. The problem of the SHSs that there could be some
distance error due to misdetection of the step still has not been
solved.
The future work will be based on the above issues to
improve our algorithm and seek new breakthroughs. Specifically, the gait division and classification algorithms used for
the more complicated mixed motions will be studied and
proposed. A more reasonable, robust and more accurate step
size estimation model will be designed, and more test data will
be collected to evaluate the effectiveness of the algorithm.
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