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Abstract—Human foot motion localization using inertial mea-
surement unit (IMU) is a challenging problem due to IMU’s
drift and noise. This paper presents a localization algorithm,
which can accurately estimate the position, velocity and attitude
of human foot motion based on IMU measurements. The
proposed algorithm works efficiently in a real-time and dynamic
speed manner. A dynamic Gait Phase Detection (GPD) method
is utilized to produce a high accuracy of human foot gait phase
detection in dynamic speeds. We then integrate the GDP with
an Inertial Navigation System (INS), a Zero Velocity Update
(ZVU) and an Extended Kalman Filter (EKF) in a realtime
manner to handle the IMU drift problem as well as the noise.
Finally, the proposed algorithm is validated and compared with
other existing techniques.

Index Terms—Human foot motion localization, EKF, Inertial
Navigation System, Gait Phase Detection.

I. INTRODUCTION

Human foot localization algorithms using Inertial Mea-
surement Unit (IMU) sensors [1]–[4] are promising as the
technology is not dependent on installed infrastructure and
can be integrated with wearable sensor devices. For instance,
IMU has been used for localization and tracking of human
motion [5]–[7]. There are different approaches to using IMU
for human foot gait phase detection and localization. For
example, INS+ ZVU methods are used to deal with IMU
drift. Additionally, Extended Kalman Filter (EKF) [2], [4]
is applied to increase the accuracy of localization. However,
these approaches, especially in environments with local mag-
netic disturbances, have significant localization errors [2],
[3]. Also, current algorithms do not run in real-time and
only address certain foot motion speeds. Such limitations can
inhibit the practical application of such methods [8]–[10].

This paper presents a development of a dynamic GPD
algorithm for accurately detecting human foot gait phases
(swing and stance) in dynamic speeds such as walking and
running; and a development of a real-time and accurate foot
motion localization algorithm. This algorithm integrates the
GPD with a ZVU, a Heuristic Heading Reduction (HDR),
and an EKF to address IMU’s drift and noise.

The remainder of this paper is organized as follows.
Section II presents an overview of the human foot motion
localization scheme. Section III presents a human gait motion
analysis. Section IV presents a real-time human foot mo-
tion localization algorithm. Section V presents experimental
results to demonstrate the effectiveness of the proposed
algorithm, and the comparison with other existing algorithms
is given. Finally, the conclusion is given in Section VI.
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II. OVERVIEW OF HUMAN FOOT MOTION LOCALIZATION

The overview of the human foot motion localization
scheme with three different modules is shown in Fig. 1.

Fig. 1. The INS/EKF ZVU HDR algorithm.

The bottom module is an IMU device including three
embedded sensors: Accelerometers measuring the acceler-
ation at+1

b , Gyroscopes measuring the angular rate wt+1
b ,

and Magnetometer measuring the magnetic field of the Earth
ot+1
b . The subscript b in these formulas refers to the value

of these variables in the body frame of the IMU device.
The superscript t + 1 refers to the value of these variables
at discrete time t + 1 in the IMU’s time series. Although
certain IMU models available on the market integrate the
Global Positioning System (GPS), in this paper we are
only concerned with the localization algorithm working in
environments without the support of GPS.

Since the IMU normally outputs data of the acceleration
atb, the angular rate wt

b, the Earth magnetic field otb, and
the quaternion qt, we need to derive the Euler rotation
angles, Roll (αt), Pitch (βt) and Y aw (γt), from these raw
data. Typically, αt, βt, γt can be extracted from the IMU’s
quaternion vector qt and its conjugation (qt)∗ [11].

The middle module includes three different components: a
GPD, a ZVU and a HDR. The GPD detects the stance and
swing phases of human foot gait from IMU’s data. Then,
the ZVU and the HDR utilize the human foot gait detection
to estimate the error measurement vector mt+1, which is
the most important input data for the success of the EKF
algorithm. Because the EKF requires kinematically related
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measurements of position, velocity and attitude, it has to rely
on the important supports from these GPD, ZVU and DHR.

The top module includes an INS and an EKF. The INS
system alone can not cope with IMU drift. The EKF with
a properly constructed sensor fusion can estimate the IMU
biases, therefore it can help the conventional INS reduce
the IMU’s drift. The EKF estimates the errors of actual
acceleration, velocity and position of human foot motion by
taking the error measurement vector from the middle module
and the feedback data from the output of the INS. In its
turn, the INS receives IMU’s data and the state measurement
errors δXt+1 from the EKF to continuously compute via
dead reckoning the velocity, attitude and position of human
foot motion.

III. HUMAN GAIT MOTION DETECTION

This section presents the GPD algorithm to detect human
gait phases including stance and swing [12]. Then, a ZVU
and HDR are applied to reduce IMU’s drift and improve the
foot localization.

A. Dynamic Human Gait Phase Detection (GPD)

First, we present the dynamics of sensor data dt+1
g.i at

time t + 1 of the foot step ith from the changes of local
acceleration (|at+1

local.i − atlocal.i|), magnitude of acceleration
(|at+1

m.i−atm.i|), and angular rate magnitude (|wt+1
m.i−wt

m.i|):

dt+1
g.i = |at+1

m.i −atm.i|+ |at+1
local.i−atlocal.i|+ |wt+1

m.i −wt
m.i|,

(1)
where the real motion of acceleration in the North East
Down (NED) of the Earth coordinate system [3], [13] can
be obtained as:

at+1
m.i = at+1

e.i − ge, (2)

where the ge is the gravitational acceleration vector:

ge = (0.0, 0.0, 9.8m/s2). (3)

and the acceleration of motion in the NED system can be
obtained as:

at+1
e.i = qt+1.at+1

b.i .(q
t+1)∗. (4)

here at+1
b.i is the acceleration of the IMU in its body frame

at time t+ 1 of the foot step ith.
The local acceleration at+1

local.i is obtained as:

(at+1
local.i)

2 =
1

2f + 1

t+1∑
j=t−2f

(at+1
b.i − ajave.i)

2. (5)

Note that Equ. (5) is computed in real-time. The index
j represents data from time step t + 1 dating back to the
previous time steps 2f + 1 (for example, f = 15 steps).

The average acceleration ajave.i in Equ. (5) is:

ajave.i =
1

2f + 1

j∑
k=j−2f−1

akb.i. (6)

Fig. 2. Human gait phases detection at the foot step i-1.

Then, the dynamic gain dt+1
g.i (at time t+1 of the foot step

ith) is used to compute the values of stance condition st+1
c.i

from some previous and current values of dt+1
g.i :

st+1
c.i =

dt+1
g.i + dtg.i + dt−1

g.i + dt−2
g.i + dt−3

g.i

5
. (7)

Note that Equ. (7) uses five previous and current values of
dt+1
g.i , but this can be changed depending on the type of IMU.
Let’s assume that t+1 is a discretized time during the foot

step ith of the foot motion. The delay of the stance condition
st+1
d.i of st+1

c.i is obtained as follows:

st+1
d.i =

st−1
d.i + st+1

c.i

2
(8)

where the initial value of s0
d.i can be initiated by 0.8, which

is an experimental threshold of normal walking speed.
Let maxt+1

cd.i be the max changing speed for the difference
between st+1

d.i and st+1
c.i , and we have:

maxt+1
cd.i =

{
st+1
c.i , st+1

d.i ≤ s
t+1
c.i

st+1
d.i , otherwise.

(9)

Let’s define sc.(i−1) as an array of all discretized points
st+1
c.(i−1) during the swing phase of the foot step i − 1 (the

green line in the Swing Phase of Fig. 2), and sd.(i−1) as an
array of all discretized points st+1

d.(i−1) during the swing phase
of the foot step i− 1 (the red dash line in the Swing Phase
of Fig. 2.)

We have a maximum value of the stance condition st+1
c.(i−1)

during the swing phase of the foot step i− 1, Mc(sc.(i−1)),
computed as:

Mc(sc.(i−1)) = Max{st+1
c.(i−1)|s

t+1
c.(i−1) ∈ sc.(i−1)}. (10)

Similarly, the maximum value of delay of the stance
condition st+1

d.(i−1) during the swing phase of the foot step
i− 1, Md(sd.(i−1)), obtained as:

Md(sd.(i−1)) = Max{st+1
d.(i−1)|s

t+1
d.(i−1) ∈ sd.(i−1)}. (11)

The dynamic threshold thi of the foot step ith is:

thi = Mc(sc.(i−1))−Md(sd.(i−1)) (12)
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where the initial value of th0 depends on the IMU sensor,
in this case, it is 0.8, which is an experimental threshold of
normal walking speed. In general, for an arbitrary IMU, an
initial threshold value can be selected from 0.5 to 1.

From Equ. (12) we can obtain the dynamic human gait
detection gt+1

d as follows:

gt+1
d.i =

{
0, maxt+1

cd.i ≤ thi (stance phase)
6, otherwise (swing phase)

(13)

when gt+1
d.i = 0, it is in the stance phase, and when gt+1

d.i = 6,
it is in the swing phase.

B. Zero Velocity Update (ZVU) Algorithm

Once the GPD algorithm has detected a stance phase of
human foot motion gait, the ZVU algorithm [1], [2], [4]
measures the bias velocity, which helps fix the error of IMU’s
drifts. Without loss of generality, we can assume that each
gait of human foot motion occurs in a duration [Ti−δTi, Ti].
Where Ti is a discrete time at the end of the stance phase
of the foot step ith. The bias error at+1

be of acceleration at
time t + 1 = Ti of foot motion in the stance phase can be
obtained as follows:

at+1
mbe =

vt+1=Ti
m

δTi
. (14)

Then, from Equ. (14) the bias error of acceleration in the
NED system can be obtained as:

at+1
ebe = at+1

mbe + ge. (15)

We now can compute the bias error of acceleration in the
IMU body frame as:

at+1
bbe = (qt+1)∗.at+1

ebe .q
t+1. (16)

From Equ. (16), we can extract the bias error velocity, which
is also the drifted velocity δvt+1, in the body frame as
follows:

δvt+1
b = vt+1

bbe =

∫
at+1
bbe dt. (17)

The actual motion value of acceleration at+1
a , can be calcu-

lated by:
at+1
a = at+1

m − at+1
mbe. (18)

The actual velocity and position of the human foot motion
can be obtained as follows:

vt+1
a =

∫
at+1
a dt. (19)

pt+1
a =

∫
vt+1
a dt. (20)

C. Heuristic Heading Reduction (HDR)

It is notable that the characteristic of human foot motion
usually occurs in a straight direction. For this reason, a
HDR algorithm [2], [14] is applied to adjust the drifted
Y aw(γ) angle of heading direction. If the magnetic field
of environment makes change in a heading direction, it
would effect the bias of γ angle. Hence, we can rely on
the comparison of the γ angle at time step Ti to the two

previous γ angles at time steps T(i−1) and T(i−2). The result
helps to adjust the bias of the γ angle as follows:

δψt+1 = δψγTi = γTi − γT(i−1) + γT(i−2)

2
. (21)

where Ti is the last discrete time of the stance phase of the
foot step ith.
The HDR adjusts the straight bias of the γ angle at each
discrete time t+ 1 for the acceleration of the swing phase as
follows:

δψt+1 =

{
δψt+1, δψt+1 ≤ thγ

0, otherwise.
(22)

where the threshold value (thγ = 0.5 rad) is chosen by the
observation of the experiment.
After applying the HDR algorithm, the acceleration at the
swing phase of each time step needs to be updated as follows:

at+1
eHDR = M

1|0
NED.a

t+1
b . (23)

where M
1|0
NED can be obtained from Equ. (37), but α, β,

and γ in this equation need to be updated by:

α = αt+1, β = βt+1, γ = γt+1 + δψt+1. (24)

The real motion acceleration in the NED system is then
updated by:

at+1
mHDR = at+1

eHDR − ge. (25)

Also, Equ. (19-20) for actual velocity and position need
to be computed again by using the new actual acceleration
at+1
mHDR.

IV. REAL-TIME HUMAN FOOT MOTION LOCALIZATION
ALGORITHM WITH DYNAMIC SPEED

In this section, we present a real-time human foot motion
localization algorithm applying the proposed GPD method
for dynamic gait detection. We named it a Real-Time Dy-
namic INS/EKF+ZVU+HDR Algorithm. The diagram of this
algorithm can be seen in Fig. 3.

In this diagram, whenever the GPD algorithm detects a
stance phase at time t+1, the ZVU and the HDR algorithms
estimate the vector mt+1 of the actual error measurement
for the EKF’s input data as:

mt+1 = (δψt+1, δwt+1
b , δvt+1

b ) (26)

where the bias of yaw angle δψt+1 is obtained by HDR
algorithm as in Equ. (21), the bias error of velocity is
obtained as follows:

δvt+1
b = vt+1

b − vt+1
a (27)

where the vt+1
b is obtained by the ZVU algorithm in Equ.

(17), vt+1
a is the actual velocity of the foot in the stance

phase, or vt+1
a = [0 0 0]T , and the bias error angular rate is

obtained as follows:

δwt+1
b = wt+1

b −wt+1
a (28)
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Fig. 3. The Real-Time Dynamic INS/EKF+ZVU+HDR algorithm.

where wt+1
a is the actual angular rate of the foot in the

stance phase, or wt+1
a = [0 0 0]T .

The EKF’s error state vector [2], [4] at the previous time
t is a 15 element vector δXt|t, and its function corrects the
INS’s output values: the velocity, the position, and the attitude
as in Fig. 1.

δXt|t = δXt(δϕt, δwt, δpt, δvt, δatb) (29)

where δϕt, δwt, δpt, δvt, and δatb represent the EKF’s
estimated errors of the attitude, the angular rate, the position,
the velocity, and the acceleration at time t.
The EKF’s predicted error state vector at time t+ 1 is:

δXt+1|t = Φt+1δXt|t + ntp (30)

where δXt|t is the EKF’s error state vector at the previous
time t, and ntp is the process noise assumed to be zero
mean Gaussian white noise with covariance matrix Qt:
ntp ↪→ (0,Qt), Qt = E(ntp(n

t
p)
T ).

The EKF’s state transition matrix, Φt+1, is a 15 × 15
matrix:

Φt+1 =


I ∆t·Mt+1|t

NED 0 0 0
0 I 0 0 0

0 0 I ∆t·I
−∆t2

2
·S(at+1

n′ )

−∆t·S(at+1

n′ ) 0 0 I ∆t·Mt+1|t
NED

0 0 0 0 −∆t·S(at+1

n′ )


(31)

where I is a 3 × 3 unit matrix, 0 is a 3 × 3 zero matrix.
S(at+1

n′ ) is a skew-symmetric matrix of the accelerations:

S(at+1
n′ ) =

[
0 −at+1

n′ (2) at+1

n′ (1)

at+1

n′ (2) 0 −at+1

n′ (2)

−at+1

n′ (1) at+1

n′ (0) 0

]
(32)

where at+1
n′ is the bias-corrected acceleration in the NED

frame:
at+1
n′ = M

t+1|t
NED · a

t+1
b′ (33)

here M
t+1|t
NED is a transformation matrix as in Equ. (35).

The bias compensations for the acceleration at+1
b′ and

angular rate wt+1
b′ from the EKF error state vector δXt|t

in Equ. (29) are obtained as follows:

wt+1
b′ = wt+1

b − δwt+1
b (34a)

at+1
b′ = at+1

b − δat+1
b (34b)

where the raw data of the acceleration at+1
b and the angular

rate wt+1
b here is in the IMU’s body frame.

The transformation matrix [2], [4], M t+1|t
NED that transforms

the data from the IMU ’s body frame into the NED frame is
obtained as follows:

M
t+1|t
NED = M

t|t
NED ·

2I3×3 + δΩt ·∆t
2I3×3 − δΩt ·∆t

(35)

where δΩt is a skew symmetric matrix of the angular rate:

δΩt =

[
0 −wt

b′ (2) wt
b′ (1)

wt
b′ (2) 0 −wt

b′ (0)

−wt
b′ (1) wt

b′ (0) 0

]
(36)

where, the wt
b′ is computed by Equ. (34a), and the M

t|t
NED

is the last rotation matrix updated by the EKF at the previous
step t. At the first time, t+ 1 = 1, the M

1|0
NED is estimated

as follows:

M
1|0
NED =

[
c(γ)c(β) c(γ)s(α)s(β)−c(α)s(γ) s(α)s(γ)+c(α)c(γ)s(β)
c(β)s(γ) c(α)c(γ)+s(α)s(γ)s(β) c(α)s(γ)s(β)−c(γ)s(α)
−s(β) c(β)s(α) c(α)c(β)

]
(37)

here c, s, α, β and γ are cosine(), sine(), Roll (α1), Pitch
(β1) and Y aw (γ1), respectively.

The EKF’s error state at time t+ 1 can be obtained as:

δXt+1|t+1 = δXt+1|t + Kt+1 · [mt+1 −HδXt+1|t] (38)

where Kt+1 is the Kalman gain defined in Equ. (41); mt+1

is defined in Equ. (26) and H is a measurement matrix:

H7×15 =

[
O1

1×3 O0
1×3 O0

1×3 O0
1×3 O0

1×3

O3×3 I3×3 O3×3 O3×3 O3×3

O3×3 O3×3 O3×3 I3×3 O3×3

]
(39)

where O1
1×3 = [0 0 1], O0

1×3 = [0 0 0], I3×3 is a 3× 3 unit
matrix, and O3×3 is a 3× 3 zero matrix.
The EKF’s measurement model is defined by:

zt+1 = HδXt+1|t+1 + nt+1
z (40)

where nt+1
z is the measurement noise with covariance matrix

Rt+1 = E(nt+1
z (nt+1

z )T ).
The Kalman gain is obtained as follows:

Kt+1 = P t+1|tHT (HP t+1|tHT + Rt+1)−1 (41)

where P t+1|t is an estimated error covariance matrix, which
is computed at time t+ 1 of the IMU’s output sequence:

P t+1|t = ΦtP t|t(Φt)T + Qt (42)
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where Qt is a process noise covariance matrix; and the
previous P t|t is computed by:

P t|t = (I15×15−KtH)P t|t−1(I15×15−KtH)T+KtRt(Kt)T .
(43)

Now, the acceleration at+1
e of human motion in the NED

frame can be obtained by transforming the bias-compensated
acceleration from Equ. (34b) to the NED frame then sub-
tracting the vector ge from it as follows:

at+1
e = M

t+1|t
NED · a

t+1
b′ − ge. (44)

The predicted velocity of EKF in the NED frame at time
t+ 1 is integrated from an motion acceleration as:

vt+1|t = vt|t + at+1
e ·∆t. (45)

This velocity is integrated one more time to compute the foot
position in the NED frame:

pt+1|t = pt|t + vt+1|t ·∆t (46)

Finally, we can use the EKF’s error state vector in Equ. (38)
to adjust the values of the velocity in Equ. (45), the position
in Equ. (46), and the attitude in Equ. (35).

vt+1|t+1 = vt+1|t − δvt+1|t+1 (47)

pt+1|t+1 = pt+1|t − δpt+1|t+1 (48)

M
t+1|t+1
NED =

2I3×3 + δΘt

2I3×3 − δΘt
·M t+1|t

NED (49)

where:

δΘt = −
[

0 −δϕt(2) δϕt(1)

δϕt(2) 0 −δϕt(0)

−δϕt(1) δϕt(0) 0

]
(50)

where, δϕt is the EKF’s error state value for the attitude at
the previous time t, and it is obtained as in Equ. (38).

V. EXPERIMENTAL RESULTS

In this section, the proposed algorithm
(INS/EKF+ZVU+HDR) is validated by using an external
localization system, called Motion Tracking System (MTS)
from Motion Analysis Corporation [15]. Then, the proposed
algorithm is compared with two other algorithms: the
INS/ZVU and the INS/ZVU+HDR. We mount a MicroStrain
3DM-GX3-25 IMU sensor on the shoe for testing them
(see Fig. 4 (3)). We implement the algorithms in the
C++ language and run them on the Hydro ROS (Robotic
Operating System) platform. The real-time stream data from
this IMU sensor is processed by the proposed algorithm.

A. Algorithm Validation with MTS

MTS has a high level of precision, with only sub-
millimeter error, and it can be used as the Ground Truth
system or an independent and accurate localization system,
to validate the proposed algorithm. The difference between
the MTS’s results and the proposed algorithm’s results is the
error of the proposed algorithm.

In order to do this validation, we setup the experiment as
in Fig. 4. The configuration of this MTS system includes 16

Fig. 4. Using MTS to verify the proposed algorithm.

passive optical cameras, which are mounted on the pipe sys-
tem around the Advanced Robotics and Automation (ARA)
lab’s walls, as in Fig. 4 (2). Because the shoe needs to be
tracked as a rigid body, we attach seven markers on it as in
Fig. 4 (3).

Fig. 5. Plotting trajectories of both MTS and the proposed algorithm.

In Fig. 5, the solid line and dash-dot line are trajectories
tracked by the MTS and the proposed IMU algorithm, respec-
tively. The difference between these trajectories is exactly
the error of the proposed algorithm. In this validation, the
distance difference is 45 mm. The traveling distance in this
validation around the ARA lab is 13.4 m. So, the average
error in the total traveling distance is approximated a 0.335%
error.

B. Indoor and Outdoor Localization Tests

Fig. 6 shows the comparison results of three
algorithms in indoor tests: INS/ZVU, INS/ZVU+HDR
and INS/EKF+ZVU+HDR. We can see that the
INS/EKF+ZVU+HDR algorithm outperforms the others,
since its walking trajectory closely matches the hallway
of the SEM building, UNR campus. The average of the
different distance between the starting point and ending
point in the 2D coordinate for Real-time Dynamic INS/EKF
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Fig. 6. 2D trajectories plotted on the hallway of the 3rd floor plan in the
SEM building, UNR campus.

Fig. 7. 2D trajectories of outdoor testing along the sidewalks on the Taylor
park in Reno, Nevada.

ZVU HDR algorithm is about 0.45m over 120m, equivalent
to 0.375% error.

For outdoor environments, we tested and compared the
results of three algorithms: INS/ZVU, INS/ZVU+HDR and
INS/EKF+ZVU+HDR in a larger scale trajectory along the
sidewalk in the Taylor park in Reno. The results are plotted
in Fig. 7. As can be seen, INS/EKF+ZVU+HDR algorithm
performed better than the others since the walking trajectory
matches the sidewalk very well. The zoom-in area in Fig.
7 shows the starting point and ending point of the walking
path on the sidewalk of the Taylor park. The average distance
difference between the starting point and ending point in
the 2D coordinate for this outdoor testing of the Real-time
Dynamic INS/EKF+ZVU+HDR is about 1.7m over 512m,
equivalent to 0.33% error.

VI. CONCLUSION

This paper has presented a real-time human foot motion
localization algorithm, which integrates four different com-
ponents including the dynamic GPD, the ZVU, the HDR and
the EKF. The proposed algorithm has significantly removed
the IMU’s heading drifts and noise. The algorithm works
in real-time and accurately estimate the human foot position,
velocity and attitude with dynamic motion speeds. Moreover,
it has been validated by an external localization system. To
show the effectiveness of the proposed algorithm, localization
results have been conducted and demonstrated in both indoor
and outdoor environments.

Although the proposed algorithm targets environments
without support from other sensors such as GPS, radio
tracking systems, cameras, etc., it can be integrated with
these sensors to enhance the performance of human foot
localization for long traveling distance.
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