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Abstract—With the development of Internet of Things (IoT),
indoor localization has been a research focus in recent years.
For inertial measurement unit (IMU)-based indoor localization
method, zero velocity update (ZUPT) uses the known velocity at
stationary epoch as a benchmark to calibrate the velocity drift.
However, stationary epoch only takes up 24% of a whole gait
cycle time, and the velocity drift at the remaining 76% time is
usually estimated according to an assumption that velocity has
a linear drift over time, which would introduce errors. In this
paper, a two-step velocity calibration method was proposed based
on human gait characteristics with Smart Insole: known veloc-
ity update (KUPT) and double-foot position calibration (DFPC).
KUPT could measure the velocity from heel-strike to toe-off
based on the recorded real-time foot angle and the shoe dimen-
sions, which increases the time period when the velocity could be
measured from 24% to 62% of a whole gait cycle time. DFPC
method could fuse the position information of both feet based on
the symmetrical characteristic of human gait to further increase
the reliability of the localization results. The statistical result of
a 20 times 20-m walking experiment showed that KUPT method
was more accurate and reliable than ZUPT method for both feet,
and DFPC method could further improve the result of KUPT
method. Another experiment about walking in an indoor environ-
ment for 91 m showed that the proposed KUPT+DFPC method
had an error of about 0.78 m which is acceptable for most IoT
applications.

Index Terms—Gait, indoor localization, inertial measure-
ment unit (IMU), Internet of Things (IoT), zero velocity
update (ZUPT).

I. INTRODUCTION

W ITH the development of numerous Internet of Things
(IoT) enabled applications, accurate real-time localiza-

tion technologies have attracted much attentions [1]. Thanks
to the global positioning system (GPS), outdoor applications
could achieve a reliable and accurate localization result if
there is no obstacle between the satellites and its receiver [2].
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However, in indoor environment, the performance of GPS is
not reliable because of factors like multipath effect caused by
obstacles, noise, etc. [3]. Indoor localization is important for
a diverse range of IoT applications, such as healthcare [4],
fitness monitoring [5], pedestrian navigation [6], smart park-
ing [7], etc. In addition, since most people usually spend
a considerable amount of time daily (over 80%) indoors to
performance various activities, accurate indoor localization
technologies became a research focus in recent years [8].

In this paper, a novel two-step indoor localization
method was proposed based on human gait: known velocity
update (KUPT) and double-foot position calibration (DFPC).
According to the normal gait cycle shown in Fig. 1, the human
gait consists of stance and swing, which takes about 62%
and 38% of the whole gait cycle time, respectively [9]. The
stance phase begins with heel-strike, then stationary epoch
when the foot was put flat on the ground, and toe-off fol-
lowed by. For traditionally used zero velocity update (ZUPT)
method [10]–[12], only the velocity during stationary epoch
is known, which is zero, and the velocity of the remaining
76% gait cycle time has to be estimated. Normally, a widely
accepted assumption is that velocity has a linear drift over
time [13]–[15]. However, in practice, this method would intro-
duce some errors. KUPT method could decrease the time
period when the velocity should be estimated and reduce
the introduced errors. Including the stationary epoch, KUPT
method could measure the velocity of the whole stance phase
based on the dimension of the shoe and the recorded real-time
pitch angle. Compared with ZUPT method, KUPT method
reduces the time duration when the velocity drift has to be
estimated from 76% to 38% of a gait cycle time. In addition,
based on the symmetrical characteristics of human gait [16],
DFPC was proposed to fuse the stride length of both feet.
DFPC method has the potential to increase the localization
reliability when the performance of inertial measurement unit
(IMU) is not stable over time. The contributions of this paper
are as follows.

1) A velocity drift calibration method for IMU-based
indoor localization system—KUPT was proposed, which
is able to measure the velocity of IMU sensors during
gait phases from heel-strike to foot-flat and from heel-lift
to toe-off, while ZUPT cannot.

2) DFPC method based on the symmetrical characteristic
of human gait was proposed in this paper. This method
could fuse the stride length of both feet to help improve
the reliability of the final localization result.
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Fig. 1. KUPT+DFPC method based on human gait. KUPT could be applied to the whole “stance” stage (from heel-strike to toe-off) which covered 62%
of a gait cycle time. DFPC takes use of the symmetrical characteristics of human gait to calibrate the step distance of one foot with the other foot.

3) The KUPT+DFPC method was embedded into a smart-
phone application (App) to realize real-time indoor
localization.

4) From the experiment results, an interesting finding was
discussed that velocity does not drift in a linear way
over time.

The rest of this paper is organized as follows. In Section II,
the published researches focused on indoor localization and
the corresponding limitations are presented. In Section III,
details about the Smart Insole system and implementation
steps of the proposed KUPT+DFPC method are described.
In Section IV, experiments and results are described to show
the performance of the proposed indoor localization method.
Interesting findings from the experiment results are discussed
in Section V. Finally, the paper is concluded and the future
works are discussed in Section VI.

II. RELATED WORK

Many technologies have been explored to realize indoor
localization, including IMU, acoustic, magnetic, optical, and
radio frequency-based technologies [8]. Acoustic-based meth-
ods are usually used in limited ranges, and scaling up
the coverage area needs higher deployment cost [17], [18].
Magnetic-based method realized localization by using refer-
ence stations which generate periodic magnetic field that can
by measured by a portable magnetic sensor [19]. However, the

application situation of magnetic-based methods is limited by
the fact that they are sensitive to conductive and ferromagnetic
materials [8]. Optical-based methods like infrared [20], [21],
camera [22], laser [23], etc., are limited by high deploy-
ment cost and limited coverage area[1]. Radio frequency-based
technologies like ultrawideband (UWB) ranging [24], [25],
Radio-Frequency Identification (RFID) [26], and radar [27]
are affected by multipath propagation problem.

Compared with other indoor localization technologies,
IMU-based localization systems have multiple advantages:
1) the cost and size of IMU sensors are reduced significantly
in recent decades, which enable inexpensive and straight-
forward development [28], [29]; 2) they do not need other
supporting devices like transmitters, which are necessary for
UWB-based localization method, installed and located at the
site beforehand. This makes it possible to conduct localiza-
tion in unknown areas; and 3) suitable for security sensitive
scenarios, as IMU does not need to emit any signals dur-
ing measurement and can remain undetected [28]. These
advantages make IMU- based localization systems a research
focus in recent years. In terms of where to place IMU sen-
sors, IMU-based localization systems are classified into two
categories: 1) waist- and 2) foot-mounted [30]. For waist-
mounted systems [31]–[33], since imprecise measurement of
acceleration would lead to drift that sums up over time, the
position is estimated by multiplying the estimated step lengths
and step numbers. Step length is usually estimated based
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Fig. 2. Smart Insole hardware and the corresponding smartphone App. (a) Details on the circuit board for signal processing and wireless transmission.
(b) Insole shaped customizable pressure sensor array. (c) Architecture of the Smart Insole. (d) Smartphone App that works with Smart Insole, which could
display real-time information like plantar pressure map, localization results, and gait parameters.

on pedestrian’s characteristics, such as weight, height, and
age, which is not accurate if the walking pattern is differ-
ent from the predefined model [34]. It is estimated that the
localization error is proportional to the cube of the opera-
tion time for inertial navigation systems employing low-cost
sensors [35]. To limit the cubic-growth errors, Foxlin [12]
proposed to fasten an IMU sensor on shoes. For a normal
human gait cycle, there is a time period (i.e., from foot-flat
to heel-lift) when the foot would stay stationary and velocity
of the IMU attached to the foot is known to be zero. Using
the information that velocity of the foot mounted IMU sensor
is zero during the stationary epoch of each step to limit the
error growth is referred to as ZUPT. To estimate the accumu-
lated errors between two consecutive stationary epochs, the
knowledge of when the system has zero velocity is usually
used with a model for how the position or velocity errors
develop with time [35]. Then the estimated accumulated errors
could be used to correct the localization results. ZUPT breaks
the cubic-growth localization errors over time and changes
it to an error that accumulates linearly with the number of
steps. Foot-mounted IMU sensor systems are popularly used
for indoor localization research [36]–[38]. However, ZUPT
method could only measure the velocity at stationary epoch,
and has to estimate the velocity drift in the remaining time
period of a gait cycle, which would introduce errors. Many
methods have been explored to further reduce the drift after
using ZUPT, such as applying Kalman filters [39]–[41] or
cooperating with other sensors like UWB sensor [42], barom-
eter [43], RFID [44], [45], etc. Since the drift errors are not
always fit the Gaussian distribution, performance of Kalman
filters would be decreased [46]. Cooperating with other sen-
sors would make the localization system complex and increase
the cost.

All in all, the present indoor localization systems are not
suitable for real applications in terms of cost, accuracy, system
complexity, etc. To design a low cost, simple, accurate, and
real-time indoor localization system, this research further
explored the human gait characteristics which cost nothing
but could supply important information to help improve the
IMU-based localization system.

III. METHOD

The KUPT+DFPC method makes use of the human gait
information to improve the localization accuracy and reliability
of IMU-based system. In this section, details on the calibration
methods are specified.

A. Hardware System Design

Smart Insole is an important hardware platform used to
enable KUPT+DFPC. The hardware of Smart Insole mainly
consists a circuit board [Fig. 2(a)] for signal processing and
data transmission, and an insole shaped customized pres-
sure sensor array [Fig. 2(b)] for plantar pressure sensing.
On the circuit board shown in Fig. 2(a), there is an IMU
sensor (accelerometer and gyroscope) for motion sensing, a
flexible printed circuit (FPC) connector used to connect the
circuit board with the pressure sensor array, a wireless mod-
ule used to realized data transmission via Bluetooth, and a
micro-controller unit (MCU) for controlling the process of data
acquisition and transmission. The insole shaped pressure sen-
sor array shown in Fig. 2(b) has 96 pressure sensors equally
distributed on it, which make it possible to acquire high reso-
lution plantar pressure data. A customized design method was
applied on the pressure sensor array, which makes it possible to
fit the requirement on different sizes with one design [47]. The
customized design method has been applied in a data glove
for hand gesture recognition [48]. For the insole shaped pres-
sure sensor array used in this research, the customized design
method makes it possible to fit the foot size from 5.5 U.S.
to 14 U.S. with one design. Smart Insole is built by inte-
grating the circuit board and pressure sensor array into an
insole shaped package. Fig. 2(c) shows the architecture of the
Smart Insole. The top layer is a fabric cover used to ensure the
wearing comfort. The insole shaped pressure sensor array is
placed on the second layer. The final layer is an insole shaped
package which has spaces highlighted with green areas for
battery and circuit board. Fig. 2(d) shows a screen shoot of
the smartphone App that works with the Smart Insole. Sensor
data acquired by Smart Insole could be transferred to the
smartphone App via Bluetooth with a data rate of 30 Hz.
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The KUPT+DFPC method was realized in the smartphone
App which could display the localization result in real-time.

B. Measure the Pressure Noise

Pressure noise is recognized as the pressure value measured
during the swing phase when the foot does not apply any pres-
sure on the insole, except the contact pressure noise between
the foot and pressure sensors. The pressure noise would influ-
ence future data analysis, such as calculating the center of
pressure (COP). Therefore, the pressure noise has to be cal-
culated first. To get the pressure noise, a subject would be
asked to wear a pairs of Smart Insole and walk normally
for 20 s before using the Smart Insole for localization. It is
well known that the pressure summation (Ptotal = ∑96

k=1 pk)
of all the sensors is minimum during the swing phase which
takes up 38% of a gait cycle time. Theoretically, to locate
the pressure samples corresponding to the swing phase, it is
reasonable to find the pressure samples corresponding to the
least 38% of the pressure summation. In practice, to avoid
the potential disturbances (e.g., the swing phase of a subject
does not take up 38% of a gait cycle time because of some
kinds of issues or diseases), the percentage of data used for
pressure noise calculation could be adjusted accordingly. In
this research, the pressure samples corresponding to the least
15% of the pressure summation were used to calculate the
pressure noise in case of potential disturbances during exper-
iments. The noise of each pressure sensor could be estimated
by (1). For each foot, pi

noise indicates the noise of the ith pres-
sure sensor, nswing indicates the number of samples during
the swing phase used for pressure noise estimation, and σ i

swing
indicates the standard deviation (STD) of the ith pressure data.
Since there are 96 pressure sensors on the pressure sensor
array, i ∈ [1, 96]. When doing localization, pressure noise of
the raw pressure data could be removed through deleting the
corresponding pi

noise

pi
noise = 1

nswing

nswing∑

k=1

pi
k + 3 ∗ σ i

swing. (1)

C. Known Velocity Update

As shown in Fig. 1, KUPT method could estimate the veloc-
ity during stance phase. Then, only the velocity drift during
the remaining swing phase needs to be estimated. To realize
KUPT, important gait phases, including heel-strike, stationary,
and toe-off have to be recognized first.

1) Stationary Epoch Detection: Some researches used IMU
sensors only to find the stationary epoch by comparing the
amplitude of the acceleration with a preset threshold. However,
noises of the acceleration signal usually make the station-
ary detection not that accurate. To increase the accuracy of
detecting stationary epoch, pressure sensors could be a good
choice. Bebek et al. [49] used pressure sensors placed under
the heel to detect the stationary epoch and achieved a good
performance [40]. Different from the pressure sensor array in
the research of Bebek et al., which only covers the heel site
and mainly used for stationary detection, the pressure sensor

Fig. 3. Stationary epoch detection. (a) Circuit board where the IMU sensor
is located separates the pressure sensor array into two areas; (b) and (c) are
the posture and the corresponding pressure map when the right foot is at the
beginning of the stationary epoch; and (d) and (e) are the posture and the
corresponding pressure map when the right foot is at the end of the stationary
epoch.

array proposed in this research could cover the whole plantar
and supply more comprehensive pressure information.

Fig. 3 shows the method used to detect the stationary epoch.
To make it easy for method description, the fabric cover [the
top layer shown in Fig. 2(c)] was removed from the pressure
sensor array and the circuit board [embedded in the third layer
shown in Fig. 2(c)] was brought from bottom to top of the
pressure sensor array. The relative position in horizontal was
not changed. As shown in Fig. 3(a), the pressure sensor array
was separated into two areas by the circuit board where the
IMU sensor is located. Intuitively, to make the IMU sensor or
the circuit board get into stationary epoch during a normal gait
cycle, there must be some forces applied to both the upper and
lower side the circuit board. In other words, when there are
forces applied to both area 1 and area 2 of the pressure sensor
array during a normal human gait, the IMU sensor should be
in stationary epoch. To confirm this deduction, an experiment
was done by asking a subject to walk normally with Smart
Insole for several steps, during which the walking gait was
recorded by a camera. Timestamps of the camera and Smart
Insole were recorded at the same time for data synchroniza-
tion. Stationary epoch of a step could be recognized manually
from the recorded video frames, then the pressure map corre-
sponding to the stationary epoch could be located. Fig. 3(b)
shows the posture when right foot is at the beginning of the
stationary epoch, and Fig. 3(c) shows the corresponding plan-
tar pressure map. It could be seen that although most pressure
is concentrated on area 2, three pressure sensors on area 1 are
starting to be activated. Fig. 3(d) and (e) shows the posture
and the corresponding plantar pressure when right foot is at
the end of the stationary epoch. It could be seen that most
pressure is concentrated on area 1, but two pressure sensors
on area 2 are still in active.
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Fig. 4. Detection method for toe-off and heel-strike event. Point B and C
indicate the first and last sample of the swing epoch. Point A and D indicate
the detected toe-off and heel-strike event. High and low level of the black
line indicates the stationary and nonstationary epoch, respectively.

2) Heel-Strike and Toe-Off Detection: Heel-strike and toe-
off were detected from COP signal. Horizontal and vertical
coordinators of COP were calculated with the following
equations:

copX =
∑n

i=1 xipi
∑n

i=1 pi
(2)

copY =
∑n

i=1 yipi
∑n

i=1 pi
(3)

where copX and copY refer to the horizontal and vertical coor-
dinates of COP, respectively; n refers to the number of pressure
sensors on each insole; x and y refer to the horizontal and ver-
tical coordinates of a sensor; and p refers to the pressure value
of a measured sensor. COP was calculated for both feet.

According to (2) and (3), COP is a 2-D signal. In the direc-
tion from toe to heel, the y-axis of COP could be increased
from 34 mm (the least coordinate of the sensor on the toe
area) to 166 mm (the largest coordinate of the sensor on the
heel area) for the Smart Insole used in this research. Since
it is less likely for a foot to touch sensors with the least or
largest coordinate without touching other adjacent sensors, the
y-axis of COP usually cannot reach 34 mm or 166 mm. As
shown in Fig. 4, the calculated y-axis of COP (COP-y) ranges
from about 70 to 150 mm in the experiment. During the swing
epoch, since there was no pressure applied on the pressure sen-
sor array, COP was set to the foot center which is 100 mm in
the y-axis. As shown in Fig. 4, the time period when the COP-
y is kept to 100 mm indicates the swing epoch of each step. In
Fig. 4, point B and C indicate the first and last sample of the
swing epoch. During the gait cycle, y-axis of COP would be
increased significantly from 100 mm to about 150 mm when
gait event was transferred from swing (point C) to heel-strike
(point D), and be increased significantly from about 70 to
100 mm when the gait event was transferred from toe-off
(point A) to swing (point B). Based on this fact, heel-strike
could be located by finding the maximum of COP differential
signal in the time period from swing to motion end (i.e., foot-
flat or the first sample of the stationary epoch), and toe-off

Fig. 5. Calculate the IMU location from heel-strike to motion end. The
blue dot indicates the location of IMU and the green dot indicates the IMU
projection on the bottom of the shoe, Himu indicates the distance between
IMU and its projection, θpitch indicates the rotation angles of the IMU, Lr
indicates the rotation radius of the IMU projection. Pz indicates the vertical
location of the IMU and Ph indicates the horizontal distance between the IMU
and heel.

could be located by finding the maximum of COP differential
signal from motion start (i.e., heel-lift or the first sample of
the nonstationary epoch) to swing. For example, as shown in
Fig. 4, in the time period from swing (point C) to motion end
(the blue dashed line on the right), the maximum of COP dif-
ferential signal (the black dashed line on the right) occurred
when COP-y changed from point C to point D, so point D is
recognized as heel-strike. Similarly, in the time period from
motion start (the blue dashed line on the left) to swing (point
B), the maximum of COP differential signal (the black dashed
line on the left) occurred when COP-y changed from point A
to point B, so point A is recognized as toe-off.

3) Implementation of KUPT: KUPT uses the known veloc-
ity of an IMU sensor to calibrate the velocity calculated from
the raw IMU signals (e.g., acceleration and gyroscope signal).
The IMU sensor is packed inside an insole shaped package,
as shown in Fig. 2(c). In practice, the Smart Insole would be
placed inside a shoe just as the use of a regular insole. Fig. 5
shows the IMU location tracking method from heel-strke to
motion end with a side view diagram. The blue dot shows the
IMU location from a side view. The green dot indicates the
IMU projection on the bottom of the shoe. When customized
the pressure sensor array to 10.5 U.S. size and placed it into a
10.5 U.S. size shoe, the distance from the green dot to the heel
is 12.5 cm. Since the sole around heel area is the most rigid
and usually does not have shape change during normal walk-
ing, the rotation radius (Lr) of the green dot is 12.5 cm from
heel-strike to motion end. Himu is the distance from IMU to its
projection on the bottom of the shoe, including the thickness
of the shoe sole and the distance from IMU to the bottom of
Smart Insole, which is 2.9 cm in this experiment. θpitch could
be acquired from IMU sensor directly in real-time. Therefore,
from heel-strike to motion end, the location of IMU sensor
could be acquired according to the following equations:

⎧
⎪⎪⎨

⎪⎪⎩

Ph = Lr ∗ cos
(
θpitch

) − Himu ∗ sin
(
θpitch

)

Px = Ph ∗ cos
(
θyaw

)

Py = Ph ∗ sin
(
θyaw

)

Pz = Lr ∗ sin
(
θpitch

) + Himu ∗ cos
(
θpitch

)
(4)

where Lr indicates the distance between heel end and the IMU
projection on the bottom of the shoe, which is 12.5 cm for
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Fig. 6. Location changes of the IMU projection on the bottom of the shoe
from motion start to toe-off. Three instant postures of a foot were selected
to show the location change over time. The green dots indicate the IMU
projection on the bottom of the shoe. The yellow dots indicate the rotation
pivot of the IMU projection, θpitch indicates the rotation angle of the IMU,
Lr indicates the rotation radius of the IMU projection, and Lp2t indicates the
distance between the rotation pivot and the toe.

the 10.5 U.S. shoe used in this research; Himu indicates the
distance between the IMU and its projection on the bottom of
the shoe. θpitch and θyaw indicate the rotation angels in vertical
and horizontal axes, respectively

⎧
⎨

⎩

Vx
k = (

Px
k+1 − Px

k

)
/Ts

Vy
k = (

Py
k+1 − Py

k

)
/Ts

Vz
k = (

Pz
k+1 − Pz

k

)
/Ts

(5)

where Vz
k indicates the vertical velocity at the kth sample;

Pz
k indicates the vertical distance at the kth sample; and Ts

indicates the sample period.
From motion start to toe-off, the IMU sensor is rotated

around a curve with varying radius. Fig. 6 uses three instant
postures of a foot to show the location change of the IMU pro-
jection on the bottom of the shoe from motion start to toe-off.
The distance between green dot (i.e., IMU projection on the
bottom of the shoe) and the corresponding yellow dot (i.e.,
rotation pivot) is the rotation radius (Lr). It is obvious that
the rotation radius is not constant from motion start to toe-
off. Fig. 7 shows an IMU location calculation method from
motion start to toe-off with a side view diagram. Himu could
be measured directly, which is 2.9 cm for the shoe used in the
experiment. θpitch is the rotation angle of the IMU that could
be measured by the IMU in real time. In order to calculate the
vertical location (Pz) and the horizontal location correspond-
ing to the toe (Ph+Lp2t), rotation radius of the IMU projection
(Lr), and the distance between rotation pivot and the toe (Lp2t)
are necessary. From Fig. 6, it is obvious that Lr and Lp2t are
related to θpitch for normal walking. In this research, a curve
fitting method was used to get the relation between θpitch and
Lr and Lp2t. Since there are low variabilities in a normal human
gait [50], the curve fitting method could have an acceptable
prediction accuracy. To get the data for curve fitting, the sub-
ject performed five different static postures, which were transit
postures in the dynamic motion from motion start to toe-off,

Fig. 7. Calculate the IMU location from motion start to toe-off. The blue
dot indicates the location of IMU. The green dot indicates the IMU projection
on the bottom of the shoe. Himu indicates the distance between IMU and its
projection. The yellow dot indicates the rotation pivot of the IMU projection.
θpitch indicates the rotation angle of the IMU. Lr indicates the rotation radius
of the IMU projection, and Lp2t indicates the distance between the rotation
pivot and the toe. Pz indicates the vertical location of the IMU and Ph indicates
the horizontal distance between the IMU and rotation pivot.

with different θpitch for three times. During the experiment, Lr,
Lp2t were measured with rulers, and the corresponding θpitch
of each posture was recorded by the smartphone App.

When doing localization, the fitting curve was used to
predict Lr and Lp2t based on the real-time θpitch. With Lr, Lp2t,
and the measurable parameters Himu, θpitch, and θyaw, position
and velocity could be calculated according to the following
equations:

⎧
⎪⎪⎨

⎪⎪⎩

Ph = Lr ∗ cos
(
θpitch

) − Himu ∗ sin
(
θpitch

)

Px = (
Ph + Lp2t

) ∗ cos
(
θyaw

)

Py = (
Ph + Lp2t

) ∗ sin
(
θyaw

)

Pz = Lr ∗ sin
(
θpitch

) + Himu ∗ cos
(
θpitch

)
(6)

⎧
⎨

⎩

Vx
k = −(

Px
k+1 − Px

k

)
/Ts

Vy
k = −(

Py
k+1 − Py

k

)
/Ts

Vz
k = (

Pz
k+1 − Pz

k

)
/Ts

(7)

where Vz
k indicates the vertical velocity at the kth sample;

Pz
k indicates the vertical distance at the kth sample; and Ts

indicates the sample period.
In general, velocity drift is estimated according to an

assumption that velocity has a linear drift over time. Although
velocity does not drift strictly linear over time in practice,
the estimation could give reasonable result if the applied
time duration is short. Compared with ZUPT method, KUPT
method significantly decreased the time duration when veloc-
ity drift has to be estimated, which helps KUPT get better
result. During swing epoch, velocity drift could be estimated
according to the following equation:

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

Verrt = V raw
kt − V ref

kt
Verrh = V raw

kh − V ref
kh

driftrate = (Verrh − Verrt)/(kh − kt)
Vcalibrated

k = V raw
k − Verrt − driftrate ∗ (k − kt)

(k ∈ [kt + 1, kh])

(8)

where Verrt and Verrh (shown in Fig. 8) indicate the velocity
error at the toe-off and heel-strike event of the same gait cycle,
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Fig. 8. Demonstration of velocity calibration. The black line indicates the
stationary state of the IMU. High level indicates stationary epoch, and low
level indicates nonstationary epoch. The red line indicates the velocity cal-
culated from the raw acceleration, and its value was forced to zero when
the IMU was in stationary state. Black dots indicate the reference velocity
calculated from the measured position of the IMU.

Fig. 9. Demonstration of DFPC implementation. Green dashed lines indicate
the walking direction of the left foot and the blue dashed line indicates the
walking direction of the right foot. Red lines indicate the calibration direction.

respectively. kt and kh indicate the index number for the data
corresponding to the toe-off and heel-strike event. Therefore,
V raw

kt and V raw
kh indicate the raw velocity at toe-off and heel-

strike event, respectively. driftrate indicates the velocity drift
rate between toe-off and heel-strike event (i.e., swing epoch).
Vcalibrated

k indicates the calibrated kth velocity data between
toe-off and heel-strike.

4) Double-Foot Position Calibration: DFPC takes use of
the symmetrical characteristic of a normal human gait to fuse
the position information from both feet. Fig. 9 shows the way
to do DFPC when left foot walked first. The kth step of the
left foot was used to calibrate the stride length of the kth right
foot step, and the kth right foot step was used to calibrate the
(k + 1)th foot step of the left foot. Calibration coefficient is
a parameter used to determine how to fuse the stride length
calculated from both feet, which consists two factors: 1) one is
the correlation r between two corresponding steps and 2) the
other is the error index (EI) of each foot.

Correlation between two corresponding steps was intro-
duced as a measure of the similarity of these two steps. During
normal walking, activities of both feet are symmetry in most

of the time, but there are indeed sometimes when the walk-
ing activities are different. For example, when a subject is
changing the walking speed, then walking pattern of the adja-
cent step of both feet would be different. At this time, the
walking distance of one foot is not suitable to calibrate the
other foot. To make the calibration coefficient automatically
adjust its value to reflect the similarity of the corresponding
two steps, the correlation parameter r is necessary. Activity
changes could be reflected on the changes of plantar pres-
sure, based on which working activities could be recognized
in our former researches [51], [52]. During walking activities,
the whole human body is supported by foot. Therefore, the
changes of walking activities will be reflected on the changes
of plantar pressure, then reflect on the changes of COP over
time, especially the COP along the line from heel to toe.
Therefore, copY signal was used to calculate the correlation
between the corresponding steps

r =
∣
∣
∣
∣
∣
∣

∑n
i=1(xi − x) ∗ (yi − y)

√∑n
i=1(xi − x)2 ∗

√∑n
i=1(yi − y)2

∣
∣
∣
∣
∣
∣

(9)

where, n is the number of samples of a step; xi and yi

indicate the ith copY of each foot, respectively; and x =
(1/n) ∗ ∑n

i=1 xi, y = (1/n) ∗ ∑n
i=1 yi.

EI is the velocity error at heel-strike and toe-off event, which
is used as a measure of the velocity drift introduced by the
acquired IMU signal. Lower EI indicates that there is less
drift in the acquired IMU signal, then the estimated location is
expected to have a higher accuracy, vice versa. EI of each foot
was calculated as the absolute of the sum of the differences
between raw velocity and reference velocity at heel-strike and
toe-off event, respectively

EI = |Verrt + Verrh|. (10)

Calibration coefficient is calculated according to the follow-
ing equations:

{
CalicoefL = EIR/rL

(EIR/rL+EIL)

CalicoefR = EIL/rR
(EIL/rR+EIR)

.
(11)

Take Fig. 9 for example, the (k + 1)th stride length of left
foot is calibrated with the kth right stride length according to
the following equation:

DL
k+1 = dL

k+1 ∗ CalicoefL + dR
k ∗ (1 − CalicoefL) (12)

where, DL
k+1 indicates the calibrated stride length of the (k +

1)th left step, dL
k+1 indicates the stride length of the (k + 1)th

left step calculated with KUPT, and dR
k indicates the stride

length of the kth right step calculated with KUPT.
Through (11) and (12), the calibrated stride length could

reflect the influence of EI and similarity of the corresponding
two steps. For example, as shown in Fig. 9, if the (k+1)th left
step is similar with the kth right step, that is, rL ≈ 1, but EIL is
higher than EIR, then CalicoefL would be lower than 0.5, that
is, the calibrated (k + 1)th left stride length (DL

k+1) would put
more weight on the kth right stride length (dR

k ). On the other
hand, if EIL is similar with EIR, but the similarity between the
(k + 1)th left step and the kth right step is low (e.g., rL ≈ 0),
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Fig. 10. COP of left (a) and right (b) foot. Red circles indicate the detected
heel-strike event. Green circles indicate the detected toe-off event. The high
level of black line indicates the stationary epoch.

then CalicoefL ≈ 1, that is the calibrated (k + 1)th left stride
length (DL

k+1) would put more weight on the (k + 1)th left
stride length (dR

k+1).
At this point, two calibrated localization results were

acquired from both feet. To decide which result to use, a
distance weighted error was introduced

n∑

k=1

(
EIL

k − EIR
k

) ∗
∣
∣DL

k

∣
∣ + ∣

∣DR
k

∣
∣

2
(13)

where, n is the number of steps before applying (13); EIL
k and

EIR
k indicate the kth EI of left and right foot, respectively; DL

k
and DR

k indicate the kth calibrated stride length of left and
right foot, respectively. When the above equation is positive,
which means the distance weighted error of left foot is higher,
then the calibrate path based on right foot will be used, vice
versa.

IV. EXPERIMENTS AND RESULTS

In this section, the experiments and results were described
to show the performance of gait event detection and the advan-
tage of KUPT+DFPC in comparison with the popularly used
ZUPT method.

A. Performance of Gait Event Detection

Detection of gait events, such as stationary, heel-strike, and
toe-off is important for the application of KUPT+DFPC. To
show the performance of gait events detection, an experiment
was done by a subject walking normally for a distance of
20 m. During the experiment, the subject was wearing a pair
of Smart Insole with a size of 10.5 U.S. Fig. 10(a) and (b)
shows the detected toe-off (green circles), heel-strike (red cir-
cles), and stationary epoch (high level of the black lines) of

the left and right foot, respectively. As shown in Fig. 10,
toe-off, heel-strike, and stationary epoch could be detected
correctly. Toe-off and heel-strike of the first left step were
not extracted, because that step was recognized as abnormal.
During a normal swing phase, the COP should stay at a loca-
tion (its 100 for this experiment setup) for a while, as shown
in Fig. 10. It is obvious that the first left step does not have a
normal swing which makes that step recognized as abnormal.
Therefore, toe-off and heel-strike were not extracted for that
step to do position calibration.

B. Accuracy and Reliability of KUPT+DFPC

In this section, experiments were designed to evaluate
the accuracy and reliability of the proposed KUPT+DFPC
method, and a comparison was made with the popularly used
ZUPT method. During the experiment, a subject wearing a
pair of 10.5 U.S. sized Smart Insole walked in his comfort
walking speed for a distance of 20 m for 20 times. The walk-
ing distance of 20 m was selected, because the advantage of
KUPT+DFPC over ZUPT could be accumulated step by step.
The walking distance of 20 m usually has 15 steps for the sub-
ject involved in the experiment. The accumulated difference
of these steps could be enough to show the difference between
KUPT+DFPC and ZUPT. The experiment data on one 20 m
walking session was used to show the detailed result of each
step of KUPT+DFPC method. The statistical results of 20
times walking were used to show the accuracy and reliability
of the proposed method [1].

1) Detailed Result of Each Step of KUPT+DFPC: As dis-
cussed in Section III, the method of KUPT+DFPC could be
separated into three steps: a) implementing KUPT method
to get the calibrated velocity, then walking distance; b) cali-
brating the walking distance of one foot with the other foot,
which is called the 1st stage DFPC; and c) finishing the DFPC
method by using (13) to make a decision on which of the two
calibrated walking distances with the 1st stage DFPC will be
used as an output. In the following, an insight and intuitive
view of the result of each step of KUPT+DFPC would be
shown. In addition, the result of ZUPT method was used as a
comparison.

Fig. 11 shows the results of all the important steps of
KUPT+DFPC. Fig. 11(a) and (b) shows the velocity acquired
from the left and right foot, respectively. To show the plot
details more clearly, the velocity plot in the dashed box was
zoomed in. The black line indicates the stationary status, and
high level of the black line indicates the time period when
the IMU was in stationary epoch. Green lines indicate the raw
velocity (V-raw) that was directly calculated from the IMU
signal. To make it easy to see the velocity drift of each step in
V-raw, V-raw was forced to zero during the stationary epoch
to limit the accumulation of velocity drift across steps. Black
dots indicate the reference velocity (V-ref) which was calcu-
lated based on the measured location of IMU from motion
start to toe-off and from heel-strike to motion end. The dif-
ferences between V-raw and V-ref were the velocity drift. It
is obvious that V-raw of many steps, including the zoomed in
step, has a lot velocity drift. The blue and red line indicate
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Fig. 11. Detailed results of each step of KUPT+DFPC. (a) and (b) show the detected stationary epoch and the velocity calculated with different methods.
(c) and (d) show the parameters necessary for DFPC. (e) and (f) show the walking distance calculated with ZUPT, KUPT, KUPT+1st stage DFPC, and
KUPT+ZUPT method.

the velocity calculated with ZUPT and KUPT, respectively.
Although velocity drift could be decreased by ZUPT, there
was still some drift from V-ref. By taking use of V-ref, KUPT
could get a better performance than ZUPT on velocity calibra-
tion. Through integrating the velocity over the corresponding
step time, stride length could be calculated. Walking distance
could be acquired by accumulating the stride length step by
step. As shown in Fig. 11(e) and (f), red and blue circles indi-
cate the accumulated walking distance after each stride based
on KUPT and ZUPT method, respectively. For example, the
first red circle indicates the walking distance of the first stride
based on KUPT, and the second red circle indicates the accu-
mulated walking distance of the first and second stride based
on KUPT, and so on.

In the following, the stride length calculated based on KUPT
method would be further processed by the 1st stage DFPC,
during which the stride length of one foot would be cal-
ibrated with the latest stride length of the other foot. In
this process, parameters involved, including “similarity,” “EI,”
and “coefficient.” As shown in (12), coefficient determines
how to fuse the stride length of both feet. Similarity and EI

could adaptively change coefficient via (11), then influence the
fusion results. As shown in Fig. 11(c) and (d), the green line
indicates the similarity of the sequentially left and right steps.
Except for the first and last steps, the sequentially left and
right foot steps are with high similarity (similarity values are
close to “1”). This result indicates that fusing the stride length
of the left and right foot is reasonable. For the left foot, low
similarity of the first step is caused by the fact that the left
foot took the first step in the experiment, so there was no right
step that could be used for calibration. Similarity of the first
right step is low, because the first left step could be seen as a
half stride, while the first right step was a full stride, thus the
significant difference between these two steps leads to the low
similarity. The low similarity of the last step of both the left
and right foot was caused by the fact that the subject needed
to adjust the last stride length to make both feet stepped on the
finishing line which indicates the end of the 20-m experiment.
The adjustment on stride length led to the change of walking
pattern and then caused a low similarity. The blue line indi-
cates EI. It is obvious that changes of EI are corresponding to
the velocity drift of V-raw. The red line indicates coefficient,
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TABLE I
STATISTICAL RESULTS

changes of which is adaptive to the corresponding similarity
and the EI of both feet. Through coefficient, stride length of
both feet could be calibrated with the 1st stage DFPC. Green
circles shown in Fig. 11(e) and (f) indicate the accumulated
walking distance after each stride based on KUPT+1st stage
DFPC.

Finally, (13) was used to finish DFPC and make a decision
on which of the two calibrated walking distances with the 1st
stage DFPC would be used as an output. Equation (13) evalu-
ated the summation of the stride length weighted EI of all the
past steps. If the summation of left foot was higher than right
foot, which indicated that the IMU of left foot introduced more
drift, then the output of (13) would be positive and the walking
distance of right foot would be used as an output. Since (13)
was applied after every step, the decision on using the walking
distance of which foot could also be adaptively changed after
every step. As shown in Fig. 11(e) and (f), black stars indicate
the finalized walking distance after each step. From the begin-
ning to time A, it is obvious that each black star is located at
the same location as a green circle in Fig. 11(e), but not (f),
which indicates that the walking distance of the left foot is
selected in this time period. This result could be explained by
comparing the EI of both feet shown in Fig. 11(c) and (d).
It is obvious that summation of the stride length weighted EI
for steps before time A are lower for left foot. From time B
to the end, two significantly high peaks in left EI make (13)
positive for all the steps in this time period, and the walking
distance of right foot was selected. This result indicates that
the drift of IMUs could change significantly over time, and it
is necessary to fuse the data of both feet and select a better
result dynamically.

Colored numbers shown in Fig. 11(e) and (f) indicate the
walking distance calculated with different methods. It is obvi-
ous that the walking distances calculated based on KUPT (red
colored numbers, left: 20.44 m, right: 20.43 m) were more
closed to the ground truth (i.e., 20 m) than ZUPT (blue col-
ored numbers, left: 22.85 m, right 21.85 m), and the fused
walking distances with KUPT+1st stage DFPC (green colored
numbers, left: 19.8 m, right: 19.95 m) got even better results
for both left and right foot. Finally, a better result (black col-
ored numbers, left and right: 19.95 m) was correctly chosen
to represent the walking distance.

2) Statistical Results of KUPT+DFPC: Table I shows
mean, STD, first quartile (Q1), median, and third quartile
(Q3) of the estimated distances acquired from all the 20
experiments with ZUPT, KUPT, and KUPT+DFPC meth-
ods, respectively. For the distance estimated by ZUPT and
KUPT methods, the statistical results of both feet were dis-
played. For KUPT+DFPC, only the final localization result

Fig. 12. Box plot of the estimated distances from all the 20 experiments
based on ZUPT, KUPT, and KUPT+DFPC, respectively.

of each experiment was used for statistical analysis. Fig. 12
used box plot to show the statistical results more intuitively.
From Fig. 12 and Table I, it is obvious that the mean value of
KUPT method (left: 19.68 m, right: 20.44 m) is more closed
to ground truth (20 m) compared to the ZUPT method (left:
20.97 m, right: 21.16 m) for both feet. By comparing the
median results, KUPT method also has a better performance.
The KUPT method (left: 1.24 m, right: 0.5 m) also has
smaller STD when compared with ZUPT method (left: 1.84 m,
right: 0.73 m). In addition, KUPT+DFPC further improved
the localization accuracy in terms of “mean” and “median.”
Therefore, statistical results indicate that KUPT method has
a better performance than ZUPT method, and DFPC method
also helps improve the KUPT performance.

From Fig. 12 and Table I, two other observations could be
acquired.

1) The accuracy of localization results of the left and right
foot are similar in terms of mean and median for both
ZUPT and KUPT methods, which indicates that sim-
ilar localization accuracy could be expected from the
left and right foot. For ZUPT method, the mean value
of localization results for the left and right foot are
20.97 and 21.16 m, respectively. Since the actual dis-
tance is 20 m, the accuracy is |20.97 − 20|/20 = 4.9%,
and |21.16 − 20|/20 = 5.8%. Similarly, the accuracy in
term of median value is 5.85% and 5.35% for the left and
right foot, respectively. For KUPT method, the accuracy
in terms of mean value is 2.1% and 2.2% for the left
and right foot, and the accuracy in terms of median is
1.8% and 1.8%, for the left and right foot, respectively.

2) Localization results of the left foot are distributed in
a larger range than the right foot for both ZUPT and
KUPT method. This might be caused by two reasons:
a) performance differences between the IMU on the left
and right foot. Although the IMU sensors used on the left
and right foot could acquire similar accuracy in terms of
mean and median value, there might be some differences
on the performance of stability which could lead to some
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Fig. 13. Performance of the proposed KUPT+DFPC method in practice.
Red dots, blue squares, and blue triangles indicate the position of each step
calculated with KUPT+DFPC, ZUPT of the left foot, and ZUPT of the right
foot, respectively. The gray dashed line indicates the actual path of the exper-
iment. The green star indicates the start position. The end positions of the
path calculated with KUPT+DFPC, ZUPT of the left foot, and ZUPT of the
right foot were marked with texts “KUPT+DFPC,” “ZUPT-L,” and “ZUPT-R,”
respectively.

differences on deviation of the localization results and
b) gait patterns of the left and right foot are not the same
exactly. Although high symmetry could be observed
between the left and right foot in a normal walking gait,
they are not exactly the same. This thought is confirmed
by the similarity results shown in Fig. 11(c) and (d). The
similarity results are closed to 1 in Fig. 11(c) and (d)
indicates that the gait of left and right foot is with high
symmetry. However, since the similarity results are not
equal to 1, there might be some kinds of differences
between the gait of left and right foot, which could
influence the performance of IMU sensors, then lead to
the difference of result distribution.

C. Performance of KUPT+DFPC in Practice

To test the performance of the proposed KUPT+DFPC
method in practice, an experiment involved the activity of
walking around in a building was designed. During the exper-
iment, a subject was wearing a pair of Smart Insole with a
size of 10.5 U.S., and walked normally around the 5th floor
of Glennan Building. Fig. 13 shows the position of each step
calculated with KUPT+DFPC (red dots), ZUPT of the left
foot (blue squares), and ZUPT of the right foot (blue trian-
gles). Compared with the paths calculated with ZUPT of the
left and right foot, the path calculated with KUPT+DFPC has
less drift from the actual path (gray dashed line). In terms of
the total walking distances, the drifts introduced by ZUPT of
the left foot, ZUPT of the right foot, and KUPT+DFPC were
11.15, 7.43, and 0.78 m, respectively. Total distance of the
actual path is around 91 m. Therefore, the error introduced by
KUPT+DFPC is around 0.86% which is acceptable for most
indoor localization applications.

V. DISCUSSION

Experiment results showed the accuracy and reliabil-
ity of the proposed two-step indoor localization method:

Fig. 14. Characteristics of velocity drift. “TO” is an abbreviation of toe-off
and “HS” is an abbreviation of heel-strike.

KUPT+DFPC. In addition, an interesting finding about the
characteristics of the velocity drift was found from the exper-
iment results. As mentioned in the section—“KUPT,” KUPT
method which could estimate the velocity of an IMU from
“motion start” to “toe-off,” from “heel-strike” to “motion end”
and in stationary epoch. Compared with traditional ZUPT
method, the time duration when the IMU velocity could be
measured was extended from 24% to 62% of a gait cycle time.
And this extended time duration makes it possible to get more
insight about the characteristics of velocity drift. For the time
duration when the velocity cannot be measured, velocity drift
is estimated according to a widely accepted assumption that
velocity has a linear drift over time [13]–[15]. However, the
experiment results did not support this assumption. As shown
in Fig. 14, 4 different kinds of velocity of three continuous
steps were displayed. “TO1,” “TO2,” and “TO3” indicate the
time period from motion start to toe-off of the correspond-
ing steps, which are highlighted with two dashed blue lines.
“HS1,” “HS2,” and “HS3” indicate the time period from heel-
strike to motion end of the corresponding steps, which are
highlighted with two dashed red lines. Through comparing
the “V-ref” and “V-raw” in the time period indicated with
TO1, TO2, and TO3, it is obvious that the velocity difference
(i.e., velocity drift) is not changed linearly with time. In TO1
and TO2, the velocity difference is increased at first and then
decreased. While in TO3, the velocity difference is increased
at first, then decreased, and finally increase again.

Velocity drift could be introduced during a short period of
time which could occur at any gait phase. At the end of step 1,
the velocity bias between V-ref and V-raw is −1.818 m/s.
Although the velocity between V-ref and V-raw is not the
same all the way during TO1, both V-ref and V-raw changed
from 0 to 0.76 m/s at the end of TO1. Therefore, there is no
velocity drift introduced during TO1. Similarly, the velocity
change of V-ref and V-raw during HS1 is almost the same,
so there is almost no velocity drift introduced during HS1.
Therefore, most of the velocity drift of step 1 is introduced dur-
ing the swing phase. For step 2, the velocity drift is −2.05 m/s
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which is mainly introduced in HS2. During HS2, V-ref was
changed from 0.46 to 0, and V-raw was changed from −0.55 to
−2.05 m/s, so the velocity drift introduced was −1.04 m/s.
Similarity, the velocity drifts introduced during TO2 and the
swing phase were −0.42 and −0.59 m/s. Through comparing
the velocity drift of all these three steps, it is obvious that
velocity drift could be significantly different between steps.
The velocity drift of steps 1 and 2 were around −2 m/s, while
the velocity drift of step 3 was −0.12 m/s.

Although the assumption that velocity has a linear drift
over time does not reflect the real situation, it could still be
a reasonable assumption if the time duration to adopt this
assumption is short. Therefore, the KUPT method proposed
in this research is necessary to decrease the error introduced
by the assumption, because KUPT could significantly decrease
the time duration, during which the velocity is not measurable,
from 76% to 38% of the whole gait cycle time.

VI. CONCLUSION

In this paper, a two-step IMU-based indoor localization
method was proposed—KUPT+DFPC. Compared with ZUPT
method, KUPT extended the time period when the velocity
could be measured from 24% to 62% of a gait cycle time,
which is helpful to reduce the velocity drift estimation errors.
DFPC takes use of the symmetrical characteristics of human
gait to fuse the stride length information from both feet to get
more reliable results. The results of 20 times 20-m walking
experiment showed that KUPT is more accurate and reliable
than ZUPT, and DFPC could further improve the results of the
KUPT method. Another experiment about 91-m indoor walk-
ing showed that the proposed localization method could meet
the requirement of most IoT applications.

In the future researches, KUPT+DFPC would be applied to
IoT applications related to healthcare. In the field of patient
or elderly monitoring, KUPT+DFPC could be applied to get
higher accuracy on patient localization. When an emergent
event (e.g., fall) occurs, the localization information could be
helpful to find the patient in time. In addition, gait analysis is
another important application of Smart Insole. With the help of
KUPT+DFPC method, accuracy of the measured gait param-
eters, such as stride length and walking velocity etc., could be
improved in long-term or out of laboratory assessment.
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