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A Shin-mounted Inertial Navigation System for
Pedestrian Walking and Running Gait
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Abstract— Accurately and reliably estimating the position of pedes-
trians with complex gaits is a primary challenge for current position-
ing solutions using wearable inertial sensors. This paper proposes
a novel zero-velocity detection method tailored for walking and
running using a shin-mounted IMU, resulting in a shin-mounted INS
(Shin-INS) suitable for pedestrians with walking and running gaits.
The proposed method divides pedestrian motion into stationary,
walking and running stages, and designs zero-velocity detection
signal features and methods according to the gait. On this basis, the
zero-velocity update technique (ZUPT) and zero-position increment
update method are used to achieve reliable pedestrian position
estimation. We conducted over 30 tests, encompassing various
running speeds, trajectory shapes, and transitions between walk-
ing and running gaits. The results demonstrate that the proposed
method accurately estimates pedestrian motion trajectories, reduc-
ing positioning error by more than 30% under conditions of walking
and running gait transitions compared to the Foot-INS based on
adaptive threshold.
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Index Terms— Pedestrian dead reckoning (PDR), foot-mounted inertial navigation system (Foot-INS), shin-mounted
inertial navigation system (Shin-INS), pedestrian navigation.

[. INTRODUCTION INS based on Micro-Electro-Mechanical System Inertial

IGH-precision and high-reliability pedestrian position-

ing systems (PNS) are fundamental to location-based
services (LBS) [1]. While global navigation satellite systems
(GNSS) effectively provide location services in open outdoor
environments, meeting the general needs of mass users, their
performance significantly deteriorates in environments with
signal obstructions such as dense forests, urban canyons,
tunnels, and indoor spaces. To address these limitations,
various alternative positioning methods have been proposed
[2], such as Wi-Fi [3], BLE [4], ultra-wideband (UWB) [5],
magnetic field matching (MFM) [6], [7], and inertial naviga-
tion [8]. Among these, inertial navigation systems (INS) are
particularly prominent as they enable pedestrian autonomous
positioning without relying on any prior environmental infor-
mation.
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Measurement Unit (MEMS-IMU) offer advantages of low
cost and convenience but face the inevitable challenge of
rapid position error accumulation. Pedestrian Dead Reckoning
(PDR) based on MEMS-IMU s is an inertial navigation method
specifically designed for pedestrian users, integrating pedes-
trian gait information with INS to achieve higher accuracy in
position estimation. PDR can be categorized into Step-Model-
Based PDR (S-PDR) and Foot-Mounted Inertial Navigation
Systems (Foot-INS). S-PDR is a widely used method that
allows flexible installation of IMUs (applicable to almost any
part of the human body). It utilizes IMU measurements to
detect steps and estimate the user’s step length, combining
sensor-estimated walking direction to track the user’s posi-
tion [8], [9]. However, S-PDR faces significant challenges
in positioning performance degradation because the empirical
step length model is not universally applicable to all users.
Additionally, the walking direction estimation method based
on the Attitude and Heading Reference System (AHRS) does
not accurately capture the difference between the sensor’s
direction and the actual walking direction.

Foot-INS leverage the high relative accuracy of inertial
navigation over short periods (e.g., 1 second) and utilize the
periodic contact between the feet and the ground to establish
virtual zero-velocity observations. By correcting accumulated
velocity errors in the inertial navigation system, Foot-INS
achieve continuous and reliable position estimation. The effec-
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tiveness of the Foot-INS algorithm heavily relies on the accu-
racy of zero-velocity detection. Skog proposed a generalized
likelihood ratio test (GLRT) detector, which operates under
the assumption of zero angular rate and gravitational accel-
eration during the static phase [10]. This detector has gained
widespread acceptance and is currently the most popular zero-
velocity detector, particularly for standard walking gait, where
it demonstrates impressive zero-velocity detection accuracy.
However, the fixed threshold-based GLRT shows significant
limitations when adapting to complex gaits.

Many advancements have been proposed to enhance the
positioning performance of Foot-INS in complex gaits. Build-
ing on the GLRT detector, Wang developed an adaptive
zero-velocity detection method utilizing clustering techniques,
demonstrating superior detection stability in normal walk-
ing gait compared to the traditional GLRT approach [11].
Wahlstrém employed Bayesian theory and loss factors to es-
tablish an optimal threshold for zero-velocity detection under
varying walking paces [12]. WagStaff trained a long short-term
memory (LSTM) neural network capable of identifying and
outputting zero-velocity interval across different walking gait
[13]. Kone proposed a machine learning-based unified model
designed to detect zero-velocity interval within each gait cycle,
effectively adapting to diverse gait including walking, running,
and ascending or descending stairs [14]. Cho divided the foot
state into static and dynamic phases, combining characteris-
tics of ground contact and lift-off along with step detection
methods to achieve accurate zero-velocity interval detection
under complex gaits [15]. However, these adaptive threshold
methods face challenges in maintaining usability when dealing
with complex gaits. Rule-based methods often constrain the
user’s movement pattern, and regular features may disap-
pear under complex gaits. Although machine learning-based
methods show high accuracy in zero-velocity detection, their
performance relies on the scale and diversity of the training
dataset. Consequently, they may suffer significant performance
degradation in scenarios involving unknown users.

Under complex gaits, the foot does not behave as a rigid
body, leading to ground contact at varying positions. Con-
sequently, there might not be a strict zero-velocity interval
at the IMU installation position, fundamentally causing a
decline in zero-velocity detection accuracy and positioning
performance of Foot-INS. To address this issue, we proposed
the shin-mounted INS (Shin-INS) [9], which achieves posi-
tioning performance comparable to or even better than Foot-
INS under normal walking gait. Additionally, Shin-INS offers
the advantage of not requiring special shoes and being more
user-friendly. However, the existing Shin-INS is not suitable
for gait switching scenarios between walking and running.
To address this limitation, this paper proposes a robust zero-
velocity detection method for Shin-INS, enabling reliable
pedestrian position estimation under complex gaits.

The remainder of this paper is organized as follows: The
movement analysis of walking and running is provided in
Section II, and a robust zero-velocity detection algorithm
is proposed in Section III. In Section IV, a shin-mounted
inertial navigation system is proposed. Section V presents the
experimental results, and finally, Section VI concludes this

paper and proposes a direction for future work.

[I. MOVEMENT ANALYSIS OF WALKING AND RUNNING

Walking and running are the two most common pedestrian
gaits. Although they share some basic dynamics and kine-
matics, there are significant differences between them. The
transition from walking to running involves sudden changes
in kinematics and dynamics [16]. For instance, the foot’s
contact time with the ground decreases by about 35% when
transitioning from walking to running, while the peak ground
reaction force increases by about 50%. Additionally, as the
pedestrian’s speed increases, the step length increases, while
the gait cycle length and foot support duration decrease.

The transition between walking and running occurs because
the human body seeks the most energy-efficient mode of
movement at different speeds. This transition is fundamentally
driven by inherent differences in movement structure and
energy consumption. Fig. 1 illustrates a model of the lower
limb’s contact with the ground during walking and running.
During walking, the lower limb functions like an inverted
pendulum, with the body passing over the supporting leg in
an arc. In the first half of the stance phase, kinetic energy
is converted into gravitational potential energy, which is then
released in the second half of the stance phase as the body
leans forward and downward. In contrast, during running,
the lower limb operates more like a pogo stick. When the
foot contacts the ground during running, kinetic energy and
gravitational potential energy are temporarily stored in the
muscles, tendons, and ligaments as elastic strain energy. This
stored energy is then released in the second half of the stance
phase, providing the necessary propulsion [16].

We previously proposed a method for detecting zero-
velocity intervals based on zero acceleration when the ankle
touches the ground. This zero acceleration is obtained by
projecting the shin-mounted IMU measurement to the ankle
joint through lever compensation. Experiments have shown
that this zero-velocity detection method is applicable to various
gaits, including normal walking, lateral walking, and oblique
walking. However, as depicted in Fig. 1, the acceleration pro-
jected from the shin-mounted IMU to the ankle joint during the
running contact phase is not zero. Therefore, the zero-velocity
detection method designed for walking gait is not applicable
to running gait. To address this, it is essential to effectively
distinguish between walking and running gaits and manage
the differences in kinematics, dynamics, and motion structure
between these gaits. This will enable the development of a
reliable zero-velocity detection method suitable for complex
gaits.

[1l. ROBUST ZERO-VELOCITY DETECTION ALGORITHM

Due to the intrinsic differences between walking and run-
ning gaits, this section first distinguishes the pedestrian motion
states into walking and running, and then uses the signal
features in different gaits to detect zero-velocity interval.
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Fig. 1: Differences in gait between walking and running [16].
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Fig. 2: Gait classification based on specific force modulus and
body lateral angular rate.

A. Gait Classification

Compared to step speed or the Froude number (a dimension-
less parameter that considers leg length), step frequency has
proven to be a more effective discriminant of gait. Chase uses
a heuristic cadence threshold of 135-140 steps per minute,
achieving a classification accuracy of 92.9% on a dataset
containing young and middle-aged individuals [17]. Based on
these findings, we selected step frequency as the feature to
distinguish between running and walking states. Fig. 2 shows
the specific force norm and body lateral angular rate from
shin-mounted IMU measurements. There are distinct lateral
angular rate troughs corresponding to each step. By detecting
these troughs and calculating the time intervals between them,
step frequency can be easily determined. This is because
each gait cycle includes swing and support phases, with the
troughs in the shin lateral angular rate occurring during the
swing phase. Therefore, a window is established to detect and
analyze the trough distance in real time, allowing for accurate
determination of step frequency.

The criteria for gait classificationare as follows:

wg’k < Yo
Max (‘-‘)Z,ka;HN =wiy (1
Maz (|| f* llk-nnin) >y

where w3 is the second component of w® (i.e., the lateral
angular rate), || f° || is the specific force modulus, v; and ~,,
are the given empirical threshold is the empirical threshold,
k is the k-th epoch, step detection window length is 2N + 1.
The relationship between the sensor frame (b-frame) and the
shin frame (s-frame) is as follows

W' =Ciw’ )

where Cj includes the unknown parameters of roll, pitch
and heading. The roll and pitch angles are determined using
accelerometer data during the initialization phase, under the
assumption that pedestrians are walking on a horizontal plane.
The heading angle is estimated using principal component
analysis (PCA). The basic principle is to project the ac-
celerometer signals onto the horizontal plane, utilizing the
observation that the pedestrian’s direction of movement corre-
sponds to the direction with the largest acceleration variance
[18]. PCA is applied to the linear acceleration readings during
the user’s horizontal movement to obtain the final heading
angle [19].

B. Zero-Velocity Detection during Walking

During the interval in which a pedestrian’s foot touches
the ground in normal walking gait, the shin-mounted IMU
rotates around the fixed point of the ankle. The lever arm com-
pensation method, commonly used in integrated navigation,
can effectively eliminate this rotational effect. This conclusion
has been thoroughly verified in our previous work. The zero-
velocity detection feature for walking gait is the specific force
at the ankle. The relationship between the shin-mounted IMU
measurements and the specific force at the ankle can be
expressed as follows:

Foope = 1+ (w'x) (wPx) CU* + (WPx) CPL* (3)

where f and w® are the specific force and angle rate come
from the shin-mounted IMU, I° = [0 0 Dis]T is the
position vector from the IMU measurement center to the ankle
in the shin frame (s-frame), Dis is the distance from IMU to
ankle, which can be measured with a tape measure, w’ is
the angular acceleration in the b-frame, and (-)x is the skew-
symmetric matrix of the vector.

When the foot contacts the ground, the acceleration at the
ankle should be zero. Based on this principle, we employ the
generalized likelihood ratio test (GLRT) method to establish
a zero-velocity detection criterion.

1 k+N ?b
b ki
IN+1 Z Janktei =977l Sywr @)
i=k—N H ankle
where ffl’nkle , 1s the estimated specific force at the ankle

computed via Eq. 3, f is the average specific force at

ankle
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Fig. 3: The difference between walking feature in walking and
running gaits.

the ankle, g = 9.8m/ s2 is the gravitational acceleration on
Earth, 2N + 1 is the length of the sampling window, 1
is a predetermined empirical threshold, and ||-|| denotes the
Euclidean norm (i.e., the L2 norm). To further refine the
accuracy of the ground contact interval, the following equation
is utilized to impose additional constraints:

Maz (Hfflljnkleuk—N:k-i-N)_Min (Hfgnkler—N;k+N> < w:

®)
where ~y2 is a predetermined empirical threshold.

Our previously published results demonstrate that the zero-
velocity detection feature, as described in Eq. 4, is adaptable to
various gait patterns, including normal, sideways, and diago-
nal walking. However, as illustrated in Fig. 3, the dynamic
characteristics of running differ significantly from those of
walking. Running is characterized by much shorter contact
intervals, making the feature specified in Eq. 4 unsuitable for
zero-velocity detection during running gait.

C. Zero-Velocity Detection during Running

As described in Section II, the dynamics of lower limbs
in the running gait resemble a pogo stick. This characteristic
invalidates the assumption that the ankle’s acceleration is zero.
However, during the running gait, when the foot supports
the body, the lower limbs straighten completely. During this
contact period, the centripetal acceleration along the shin,
pointing towards the waist, approaches zero. Simultaneously,
the lower limbs maintain a fixed-point rotation around the
foot’s contact point with the ground. Additionally, the body’s
lateral acceleration, or tangential acceleration, remains rela-
tively stable, ensuring human balance.

The centripetal acceleration and tangential acceleration in
the shin frame (s-frame) can be expressed as:

asnin,c = ((wx) (W0x) CUI®),
ashin,T = ((W'x) CU®),

where asyin,c represents the component of centripetal accel-
eration aligned along the shin pointing to the waist, aspin, T
represents the component of the lateral acceleration of the
human body, (-), represents the second component of the
vector.

(6)

Fig. 4 illustrates the waveforms of agspin,c (centripetal
acceleration) and a g, 7 (tangential acceleration) during run-
ning gait. The centripetal acceleration agsyi,,c remains close
to zero whether the foot is in a zero-velocity state or not,
although the relative change is slower when the foot is in
a zero-velocity state. Conversely, agpin,7 exhibits a clearer
waveform; however, its tangential acceleration is influenced
by individual exercise habits and physical condition, showing
no consistent pattern in absolute values. Therefore, agpin,c
is chosen as the primary feature for zero-velocity detection in
running gait, with agp:,,7 serving as an auxiliary feature to
mitigate false detections. The specific criteria for zero-velocity
detection in running gait are as follows:

AaShin,C > YR1 )

AShin, T < YR2

where g1 and ~ygo are given empirical thresholds respec-

tively.
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Fig. 4: The waveforms of agnin,c and agpin,r in running
gait

Furthermore, during normal walking gait, the zero-velocity
intervals identified using running features are a subset of those
identified using walking features, as illustrated in Fig. 5. This
indicates that running-related features are also applicable to
typical walking gait. Consequently, even if the walking gait is
misclassified as a running gait, it will not significantly impact
the positioning performance of the proposed algorithm. More
importantly, incorporating walking features aims to enhance
the adaptability of the zero-velocity detection algorithm to
abnormal gait patterns, such as sideways walking.

IV. SHIN-MOUNTED INERTIAL NAVIGATION SYSTEM

The robust zero-velocity detector is crucial for maintaining
the effectiveness of zero update technology in complex gait
patterns. Building on this, the extended Kalman filter (EKF)
is employed to fuse the inertial navigation algorithm, resulting
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Fig. 5: Zero-velocity intervals detected in walking gait using
walking feature and running feature.

in a robust pedestrian dead reckoning system known as Shin-
INS-Fusion. Fig. 4 illustrates the algorithm flow of Shin-
INS-Fusion. In this system, the inertial navigation algorithm
integrates measurements from the gyroscope and accelerom-
eter to estimate the sensor’s attitude, velocity, and position
at each epoch. During both walking and running, the zero-
position incremental update technology, based on lever arm
compensation, ensures regular correction of inertial navigation
velocity errors. Additionally, during the stationary phase, the
zero-velocity update technology (ZUPT) prevents the inertial
navigation error from diverging.

Error Feedback

Position

IMU ——— Inertial Navigation Algorithm ——»- EKF — Velocity
Attitude
Lop Pass Standing ——» ZUPT
Walking
. ) Feat . Y
Motion-State? Walking T Static-State?  —m- LA-ZPIU
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Fig. 6: Algorithm flow of Shin-INS-Fusion.

A. Inertial Navigation Algorithm

The strapdown inertial navigation algorithm used in this
paper omits minor error correction terms such as the Earth’s
rotation and the paddling effect. This simplification is due
to the inherent characteristics of MEMS IMUs, which in-
clude large initial bias and high noise levels; thus, minor
error correction terms do not significantly enhance positioning
performance. The simplified INS mechanization algorithm is

detailed as follows [20]:

ry =7rp_ + v Aty

+ g”Atk

AOY x Avb
v = v + CYy <sz + kzvk> ®
AGY_| x AGY

Ci=Cfhy | T+A06) + o

where " and v™ are the position and velocity vectors in the

n-frame, respectively; C}' is the transformation matrix from
T. .
the b-frame to the n-frame; g" = [0,0,9.8] " is Earth’s gravity

vector; sz = ( f',? — bka) Aty is the velocity increment

in the b-frame; f° and by are the specific force and bias of
the accelerometer, respectively; A@Y= (@) — by, i) Aty is the
angle increment in the b-frame; w® and b, are the angle rate
and bias of the gyroscope, respectively; Aty = t — tx_1 is
the time interval between the (k — 1)-th and k-th epochs; and
“x” is the cross-product form of a vector.

B. Extended Kalman Filter

The error state extended Kalman filter (ES-EKF) is em-
ployed to fuse inertial navigation and motion constraints. The
error state is defined as the difference between the estimated
value and the true value. An 18-dimensional error navigation
state is used, which includes the following components:

X=[ém 6v" ¢ b, by G ]° (9

where 07" and Jv™ are the position and velocity error vector
in the n-frame, respectively; ¢ is the attitude error vector;
0b,, and 0b; are the gyro and accelerometer bias error vector,
respectively, modeled as first-order Markov processes; 61 is
the lever arm error vector in the b-frame. The continuous
system error propagation model is given by [21]:

X =FX +GW (10)
03 I3 03 03 03 03
03 03 f"x b 03 03
03 03 03 03 _Cg 03
= 11
03 03 03 I3(—1/7,) 03 03 an
03 03 O3 03 I;(-1/m,) O3
03 03 03 03 03 03
03 03 03 03 O3 w
C! 03 03 03 O3 wf
~|o; —Cr 05 05 03 W
G=lo, o0, I, 0, 05]° W= Z”f a2)
bw
03 03 03 I3 03 wp

03 03 03 03 I3
where F' is the dynamic transition matrix, G is the noise co-
efficient matrix, W is the system noise, I is a 3-dimensional
identity matrix, At is the time interval between adjacent
epochs, f* = C}p' ( fb—b ¢ ] is the accelerometer observation

in the n-frame, C}' is the direction cosine matrix from the b-
frame to the n-frame, 7, and 7, are the time constants for the
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gyro and accelerometer bias error models, w; and w,, are the
noise associated with the accelerometer and gyroscope outputs,
respectively, wy, and wy,, are the driving white noise for the
accelerometer and gyroscope bias error models, respectively,
and w, is the white noise for the lever arm model.

Due to the small sampling interval of the MEMS IMU (
At = 0.005s) and FpAt < I , the discrete system state
model is derived as follows [22]:

Xy =Pp 1 Xp—1+wi_1
Dy o1 = exp [Fi_1At] = Iig + F At

13)
Qi ~ 5 ((I)k,qukqQGz—l‘I’f,k—l + GkQGf)

where @, ;1 is the discrete transform matrix, @ is the
covariance matrix of the discrete system noise wy_1, and
exp (-) denotes the exponential function.

C. Zero Observation Model

When a pedestrian’s foot touches the ground, there’s a
point at which the foot’s velocity is zero. However, due to
the complexity, diversity, and irregularity of pedestrian gait, it
is challenging to determine the precise position of the foot’s
contact point using only a shin-mounted IMU. To address this,
we construct constraints based on the objective observation
that the ankle position changes minimally during the foot-
ground contact period. The observation equation for zero
position increment is expressed as [9]:

N N
N %Z LAt5v" + Z (Cpw? x 17) x Aty

i=1 i=1
Y al (14)
N0y (1) Atiob, + > CF; (whx) Atol
i=1 i=1
— N Arn

where N is the epoch number within the zero velocity interval
[tk—1, tx], At;, Cyi w? and 1? are the time interval, direction
cosine matrix, angular rate and lever arm of the ¢-th epoch in
the window, and na,» is the observation noise.

Since the lever arm 1° is observable only when the pedes-
trian is in motion, ZUPT is used instead of zero position incre-
ment update when the pedestrian is stationary. This approach
ensures the stability of the lever arm I® state estimation. The
observation equation for ZUPT is as follows:

0Zyn = D
="~ ([0 0 0] +n,)

~ ov" — Nyn

15)

where m,» is zero-velocity observation noise. In addition,
when ZUPT is available, the zero integral heading rate (ZIHR)
can also be used to control the INS heading drift error. For
details, please refer to [9].

V. EXPERIMENTAL RESULT
A. Test Description

This section evaluates the positioning performance of the
proposed method under complex pedestrian gait conditions us-
ing real-world pedestrian data. Fig. 5 illustrates the equipment

setup. Inertial sensors are mounted on the heels and calves
of the test subjects, while a GNSS antenna is placed on top
of the head, and the GNSS receiver is carried in a backpack.
The inertial sensor modules, developed by the WHU-i2Nav
team, transmit their respective timestamps to a smartphone
via Bluetooth for time synchronization. The inertial sensors
feature a bias instability of 10 °/h and 0.2 mg, and white
noise levels of 0.24 °/+/h and 0.06 m/s/v/h. Since the test
environment is an open sky area, GNSS provides centimeter-
level positioning accuracy.

The positioning performance of three distinct schemes was
evaluated, namely: 1) Foot-INS: This scheme incorporates
ZUPT and ZIHR, the specific algorithm can be found in [22].
2) Foot-INS-Robust: This scheme integrates zero velocity
detection suitable for complex environments into Foot-INS
[15]. 3) Shin-INS-Fusion: The solution proposed in this paper.

The test data covers both running and walking gaits. The
running gait involves different movement speeds, and the
trajectory shapes include straight lines and arcs. To verify
the stability of the algorithm when switching between various
walking states, the test dataset contains continuous transitions
between running and walking gaits. For ease of evaluation,
the initial 10-meter trajectory inferred by each algorithm is
aligned with the reference trajectory.

GNSSantenna’ / \
-

- A,
Fig. 7: The relative position of the experimental equipments
on the human body.

B. Running gait testing on straight trajectories

A total of 24 tests were conducted on a 100-meter long
straight track, involving five participants who were instructed
to run at varying speeds. The trajectories estimated by the
Foot-INS, Foot-INS-Robust, and Shin-INS-Fusion algorithms
are depicted in Fig. 8. Compared to the other methods, the
proposed method estimates user trajectories more continuously
and with higher accuracy. To evaluate the distance estima-
tion accuracy of each algorithm, we computed the endpoint
position error for each experimental setup. Fig. 9 shows the
endpoint position errors of the estimated 100-meter straight
trajectories using the three positioning schemes in 24 tests. The
Root Mean Square (RMS) errors for the endpoint positions of
Foot-INS, Foot-INS-Robust, and Shin-INS-Fusion are 10.11
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m, 7.55 m, and 2.24 m, respectively. Foot-INS exhibited the
lowest positioning accuracy and even failed to work properly
in some test cases, likely due to its reliance on fixed thresholds
and difficulty in adapting to running gaits. In contrast, Shin-
INS-Fusion demonstrated superior positioning performance
compared to Foot-INS-Robust. This improvement may be
attributed to the proposed method’s ability to obtain more
reliable zero-velocity intervals under mixed gaits and the
reduced impact on the shin during both walking and running
gaits, leading to lower dynamic errors in the MEMS-IMU.
Additionally, Shin-INS-Fusion employs a position incremental
update method, which mitigates the impact of gait discrimi-
nation errors on positioning performance.
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Fig. 8: The estimated 100-m straight trajectories using 3
positioning schemes in 4 tests.
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Fig. 9: Endpoint position errors of the estimated 100-m
straight trajectories using 3 positioning schemes in 24 tests.

C. Running gait testing on straight and curved
trajectories

We conducted 18 tests on a sports track, including three
types: slow, fast, and variable speeds. Specifically, the slow

speed ranged from 2.4-2.8 m/s, the fast speed ranged from
3.4-4.0 m/s, and the variable speed involved slow running on
the curved sections and fast running on the straight sections of
the track. Each type consisted of six experiments, completed
by four participants, with each participant performing at least
one experiment. Fig. 10 shows the trajectories estimated
using 3 positioning schemes in 4 tests at different running
speeds, where subfigures (a) and (b) represent fast speeds,
(c) represents slow speed, and (d) represents mixed speed.
Table I statistics the root mean square (RMS) of position
errors for trajectories estimated using 3 different positioning
schemes at different running speeds. The RMS of the position
errors of Foot-INS, Foot-INS-Robust, and Shin-INS-Fusion
are 17.66 m, 11.21 m, and 7.66 m in the slow running gait,
27.52 m, 22.69 m, and 8.38 m in the fast running gait,
and 25.96 m, 12.05 m, and 6.70 m in the variable speed
running gait. Compared with Foot-INS and Foot-INS-Robust,
Shin-INS-Fusion reduces the positioning error by 56.62% and
31.66% in low-speed running gait, 69.54% and 63.06% in fast-
speed running gait, and 74.19% and 44.39% in variable-speed
running gait.

Compared to the traditional Foot-INS, Foot-INS-Robust
benefits from zero-velocity detection technology based on
an adaptive threshold. This approach reduces sensitivity to
variations in zero-velocity detection features due to changes
in the user’s gait. While Foot-INS-Robust shows stable per-
formance in slow and variable-speed running gaits, its ac-
curacy significantly drops during fast-speed running. This
decline occurs because there is often no clear zero-velocity
interval for the heel during high-speed running, blurring the
distinction between zero-velocity and non-zero-velocity states.
This results in decreased accuracy for zero-velocity detection
methods reliant on adaptive thresholds. In contrast, Shin-INS-
Fusion maintains consistent positioning performance across
different running speeds. This consistency is attributed to
the improved reliability of zero-velocity detection features
derived from the shin-mounted IMU, which exhibit better
adaptability to varying running speeds. The proposed method
utilizes these features to provide a more reliable zero-velocity
detector. Additionally, Shin-INS-Fusion adaptively estimates
the relative position from the shin-mounted IMU to the foot
contact point, mitigating the adverse effects of gait changes
on positioning accuracy.

TABLE I: Root mean square (RMS) of position errors for
trajectories estimated using 3 different positioning schemes
at different running speeds.

Test Foot-INS Foot-INS-Robust Shin-INS-Fusion
Slow Fast Variable Slow Fast Variable Slow Fast Variable
1 31.6 24.84 31.14 21.89 2496 7.8 12.39 9.52  8.37
2 22.03 3593 36.29 1221 9.8 17.6 1558 443 13.52
3 10.04 25.14 739 9.69 1854 487 564 405 6.13
4 2673 19.68 6039 6.16 27.76 2224 584 6.75 697
5 12.06 48.5 12.55 12.51 43.64 1195 445 12.12 3.83
6 3,53 1105 798 483 1146 7.82 208 134 1.38
Mean 17.66 27.52 2596 11.21 2269 12.05 7.66 8.38 6.70
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running and walking gaits. This approach effectively identifies
100 zero-velocity intervals in diverse gaits, resulting in the highest
positioning accuracy among the three schemes.
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Fig. 10: Trajectories estimated using 3 positioning schemes
in 4 tests at different running speeds. (subfigures (a) and
(b) represent fast speeds, (c) represents slow speed, and (d)
represents mixed speed)

D. Mixed gait testing on straight and curved trajectories

We conducted 4 mixed gait tests on a sports field track,
with each test corresponding to one participant. In each test,
the participant ran on the straight sections and walked on the
curved sections, covering a total distance of approximately
400 meters. Fig. 11 illustrates the estimated trajectories using 3
positioning schemes in 4 mixed gait tests. Table II summarizes
the RMS of position errors for trajectories estimated using
3 different positioning schemes with mixed gaits. The aver-
age RMS of position errors for Foot-INS, Foot-INS-Robust,
and Shin-INS-Fusion are 13.74 m, 6.94 m, and 4.37 m,
respectively. Compared with Foot-INS and Foot-INS-Robust,
Shin-INS-Fusion reduces the positioning error by 68.19% and
37.03%.

In mixed gaits, where running often occurs at lower speeds,
the Foot-INS method can maintain relatively consistent zero-
velocity detection by using a larger threshold. This approach
helps ensure the continuity of the estimated trajectory. How-
ever, employing a larger threshold can lead to erroneous
zero-velocity updates (ZUPT), resulting in significant scaling
inaccuracies in the trajectory estimates produced by Foot-INS.
In contrast, the Foot-INS-Robust method does not rely on a
fixed threshold, thereby avoiding the scale issues associated
with Foot-INS. As a result, Foot-INS-Robust performs more
stably across mixed jogging and walking scenarios. The Shin-
INS-Fusion scheme excels by integrating a comprehensive
ground contact interval detection method tailored for both

(@

0 50 100 0 50 100
East (m) East (m)
Fig. 11: Trajectories estimated using 3 positioning schemes
with mixed gaits.

TABLE Il: Root mean square (RMS) of position errors for
trajectories estimated using 3 different positioning schemes
with mixed gaits.

Test Foot-INS  Foot-INS-Robust  Shin-INS-Fusion
1 17.06 9.53 5.80
2 12.87 5.86 5.60
3 11.46 8.35 1.50
4 13.57 4.02 4.57
Mean 13.74 6.94 4.37

E. Discussion

The accuracy of zero-velocity detection is crucial, as it
directly impacts the positioning performance of Shin-INS-
Fusion. In this paper, we propose a novel zero-velocity de-
tection feature tailored for running gait, as illustrated in Eq. 6
and Eq. 7. Consequently, it is essential to evaluate the accuracy
of zero-velocity detection. Due to the absence of a reference
system that can provide true zero-velocity intervals across such
an extensive test scene, we utilize manually labeled steps as
our reference. We meticulously counted the actual number
of steps and the number of steps detected by the algorithm,
which includes false detections and missed detections, for each
running dataset. From these counts, we calculated precision
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Fig. 12: Possible false detections during the transition from
stationary to movement.

TABLE IlI: The precision and recall of step detection under
different running speeds.

Slow Fast Variable
Test
Precision Recall Precision Recall Precision Recall
1 100.00% 100.00%  99.46%  100.00%  98.77%  100.00%
2 99.13%  100.00% 99.46%  100.00% 98.77%  100.00%
3 100.00%  99.17% 99.44%  100.00% 100.00%  99.48%
4 99.59% 99.59%  100.00%  99.44% 98.97%  100.00%
5 99.51% 100.00% 100.00% 100.00%  99.52%  100.00%
6 100.00% 100.00% 100.00% 100.00%  99.53%  100.00%
Mean  99.70% 99.79% 99.73% 99.91% 99.26% 99.91%

(the ratio of true steps among those detected by the algorithm)
and recall (the ratio of true steps correctly identified by the al-
gorithm). Table III summarizes the precision and recall of step
detection for each dataset across different running speeds. The
average precision and recall for slow running, fast running, and
variable-speed running are 99.70%/99.79%, 99.73%/99.91%,
and 99.26%/99.91%, respectively. The proposed features in the
running gait exhibit distinct peaks and valleys, making them
readily distinguishable. However, there are some instances of
false detections and missed detections during the transition
from static to running gait, as depicted in 4. This phenomenon
occurs because the zero-velocity detection feature lacks stable
characteristics during the gait transition phase. Nonetheless,
the impact of false detections in the zero-velocity interval
during this transition is minimal on positioning performance,
as the foot remains close to the ground at this time. Further-
more, the proposed zero position increment update effectively
mitigates this influence.

VI. CONCLUSION

This paper proposes a shin-mounted INS designed for
pedestrian walking and running gaits. By classifying pedes-
trian gaits and developing zero-velocity detection features
based on these classifications, the method achieves reliable
zero-velocity detection in mixed walking and running gaits.
Building on this, the method incorporates zero-position incre-
ment updates with lever arm compensation and zero-velocity
update technology to ensure accurate pedestrian positioning in

complex gait scenarios. Experimental validation demonstrates
that the proposed approach effectively detects foot-ground
contact periods across a range of slow (2.4-2.8 m/s), fast (3.4-
4.0 m/s), and mixed slow-fast speeds. It also performs well
in mixed running and walking gaits. Compared to traditional
Foot-INS and the Foot-INS-Robust methods, which rely on
adaptive thresholds, the proposed method enhances positioning
accuracy by over 60% and 30%, respectively.

This paper examines the positioning performance of Shin-
INS across various complex gaits, including walking, run-
ning, and mixed gait speeds. However, its performance in
more demanding gaits, such as jumping and crawling, and in
challenging terrains like rugged mountainous environments,
remains to be explored. Future research will aim to evaluate
Shin-INS’s positioning capabilities in extreme scenarios and
diverse gait conditions to ensure its effectiveness in critical
applications such as firefighting and rescue operations.
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