
  

  

Abstract— This paper presents a method for accurately 

estimating gait trajectory. We have developed an approach that 

leverages observations from two inertial motion units (IMUs) 

attached to both insteps and light detection and ranging 

(LiDAR) mounted on the back. A key advantage of this method 

is that it does not require observing the person from a fixed point. 

However, there is potential to further improve the accuracy of 

the estimated gait trajectory, particularly because the geometry 

of the gait has been somewhat distorted. In this study, we 

introduce a passive dynamic walking (PDW) model to preserve 

gait geometry and detail the formulation for integrating it into 

the existing method. Additionally, we present a method to 

address trajectory discontinuities using the PDW model. The 

effectiveness of the method is explained based on the 

experimental results using real data. 

I. INTRODUCTION 

During human walking, the right and left soles alternately 
make contact with the ground, and the body’s center of gravity 
shifts as we push off from the ground. By understanding these 
foot movements, we can expect to develop various 
applications. These applications may include estimating the 
walking environment, understanding behavioral intentions, 
and even recording an individual’s behavioral history. 

The purpose of this study is to establish a method for 
accurately estimating gait trajectory. As a previous study 
toward this goal, the authors attached inertial measurement 
units (IMUs) to the insteps of both feet, as depicted in the 
lower right part of Fig. 1, and proposed a method for 
estimating foot trajectories from the data obtained [1]. 
Subsequently, we introduced a method involving a LiDAR 
mounted on a person’s back, as shown in Fig. 1, where 
LiDAR-based odometry was calculated from the LiDAR’s 
point cloud data, and the gait trajectory was refined using 
LiDAR-based odometry. One of the key advantages of this 
method is that it does not require observing a person from a 
fixed point, thereby eliminating restrictions on the moving 
environment or range of movement. However, there is still 
potential to enhance the accuracy of the estimated trajectory. 
Specifically, although global gait trajectories were corrected 
through optimization, the gait geometry became distorted. In 
this study, we propose incorporating a passive dynamic 
walking (PDW) model to preserve gait geometry and present 
its formulation along with validation results. The contributions 
of this paper are as follows: 

• We propose the integration of a PDW model into the 
existing method and have developed a specific procedure 
for its incorporation and model selection. 

 
*This research is partly supported by JST [Moonshot R&D][Grant 

Number JPMJMS2034]. H. Kasai is with the Graduate School of Science and 

Technology, Shinshu University. K. Irie is with Future Robotics Technology 
Center, Chiba Institute of Technology, Tsudanuma 2-17-1, Narashino, Chiba, 

• We explored a method to address trajectory 
discontinuities using the PDW model and validated its 
effectiveness with real-world data. 

The structure of this paper is as follows. The next section 
reviews related work. Section III provides a brief overview of 
the previous methods, the challenges they encountered, and 
our approach in this study. Section IV details the method for 
incorporating the PDW model and offers a comprehensive 
explanation of the gait trajectory estimation process. Section 
V presents the validation results using real data, and Section 
VI concludes the study with a summary. 

II. RELATED WORK 

Position estimation using inertial measurements typically 
faces the challenge of rapidly accumulating errors owing to the 
double integration of angular velocity and acceleration over 
time. In gait estimation, the zero velocity update (ZUPT) 
method is widely recognized for mitigating this issue [2]. A 
well-established approach employing ZUPT involves fusing 
sequential state predictions—derived from integrating angular 
velocity and acceleration—with zero-velocity observations 
obtained through ZUPT, using an extended Kalman filter 
(EKF) [3,4]. This method has been reported to achieve high 
accuracy in estimating movement. In approaches where IMUs 
are attached to both feet [5,6] and in those where additional 
sensors are collocated with the IMUs [7,8], the EKF is 
employed to integrate constraints based on the positional 
relationship between the left and right feet. While these 
methods have improved the accuracy of movement estimation, 
they do not address the shape of the trajectory. 

The work presented in [9] uses optimization-based gait 
trajectory estimation, incorporating visual–inertial data 
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Fig.1. Overview of walking measurement equipment 
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obtained from Google Glass. The correspondence between the 
head and feet is taken into account during the period when both 
feet are in contact with the ground. During the period when 
both feet are on the ground, constraints are applied to ensure 
that the projection of the head onto the ground plane falls 
between successive footsteps. However, this method does not 
account for the correspondence during the swing phase, when 
the feet are in the air while walking. Other approaches involve 
using additional sensors, such as 17 IMUs distributed across 
the body, a LiDAR mounted at the center of gravity on the 
back [10], or a camera mounted on the head [11]. These 
methods allow for robust whole-body pose estimation even as 
walking distance increases, owing to the greater number of 
sensors. Conversely, when focusing solely on gait trajectory 
estimation, it is possible to reduce the number of sensors used. 

Therefore, this study adopts a strategy of using additional 
sensors to estimate gait trajectory more accurately, with a 
particular focus on preserving the geometry of the gait 
trajectory in the results. We also explore constraint methods 
for the swing phase using a minimal sensor set, including 
IMUs and LiDAR-based odometry and apply these methods to 
optimization-based approaches. 

III. PREVIOUS METHOD AND ISSUES 

A. Overview 

To solve the problem of cumulative error associated with 
integration, Irie [12] succeeded in reducing the estimation 
error by using graph-based optimization. In gait trajectory 
estimation [1], this method is extended to integrate all five 
observations listed below through optimization. 

• Sequential state changes by integrating acceleration and 
angular velocity from the IMUs, 

• Observation of tilt relative to the direction of gravity to 
correct cumulative orientation errors, 

• Observation of zero velocity points to correct cumulative 
velocity errors, 

• Pseudo-observation based on the positional relationship 
between the left and right IMUs, 

• Pseudo-observation providing the initial position for the 
estimation. 

Additionally, the enhanced method presented in [13] 
incorporated a new observation of torso movement using rear- 
mounted LiDAR, as illustrated in Fig. 1. The relationship 
between the relative velocities of the torso and the insteps was 
integrated as constraints in the velocity optimization, as 
indicated by the red text in Fig. 2.  

Fig. 2 illustrates the overall framework for gait trajectory 
estimation used in this study. The inputs consist of motion data 
from each foot obtained via IMUs and torso movement data 
(LiDAR-based odometry) derived from the LiDAR mounted 
on the back. The gait trajectory estimation process involves 
three main steps. First, individual estimations are performed 
for each IMU’s data, correcting accumulated errors relative to 
the horizontal plane, excluding the nose azimuth (Fig. 2, A). 
Next, using ZUPT, accumulated errors in the velocity 
component are corrected by applying constraints that ensure 
foot velocity at rest is zero (Fig. 2, B). Finally, the estimation 
results are integrated, and the positioning of the left and right 
feet is adjusted (Fig. 2, D). 

B. Issues Remaining in Previous Methods 

The pseudo-observation of both feet positions, as 
introduced in [1], allows for correction of the positional 
relationship from a global perspective. However, an issue 
arises where the geometry of the gait trajectory is distorted 
owing to optimization. Fig. 3 shows the results estimated by 
the method in [13], where a person walked straight for 20 m. 
The integrated data from both feet shows that the original gait 
trajectory has become excessively smooth. There is a trade-
off: while adjusting constraint weights can prevent such a 
result, it also reduces the effectiveness of foot positioning 
correction.  

 
Fig. 2. Overview of gait trajectory estimation 

 
Fig. 3. Gait geometry after the individual estimation and 
integration of each result from 20 m of straight walking 
data. The top row shows the trajectory from the horizontal 
plane, while the bottom row shows the trajectory from the 
sagittal plane (for the last 5-s).   
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While we presented an additional approach in [13] using 
body movement estimated from LiDAR data obtained from a 
measurement device similar to the one shown in Fig.1, this is 
insufficient for capturing detailed local geometry, such as gait 
trajectories. To address this issue, a more detailed formulation 
of the relative velocity relationship between the torso and feet 
during walking is necessary. This requires additional sensors 
because there is insufficient information about the thighs and 
lower legs to apply kinematic analysis. Alternatively, using a 
regression approach is another choice, but it requires prior data 
collection, which involves considerable effort. 

C. Our Approach 

Based on the abovementioned discussion, we propose a 
novel constraint designed to preserve the gait geometry during 
the individual estimation of foot trajectories. To maintain 
accurate gait geometry, it is essential to consider the 
relationship between the body and feet at each moment. Thus, 
we employ the PDW scheme, which generates a natural gait 
through the interaction between the dynamics of a machine 
and a slope [14, 15]. Research has shown that PDWs and 
human walking share similarities in energy efficiency [16]. 
We propose that the foot trajectory of a PDW resembles 
human gait and use this similarity to correct cumulative errors 
in the IMU data. 

IV. GAIT TRAJECTORY ESTIMATION METHOD 

A. Assumptions for Adding Constraints on PDW 

To correct the cumulative error in the foot trajectory 
{𝒙𝑖

L} 𝑖=1
𝑛  and {𝒙𝑖

R} 𝑖=1
𝑛  of the human gait, we improve the part of 

the velocity constraint in the previous method [8] regarding the 
observation of torso movement. Where 𝑛 is the amount of data 
measured at the step time ∆𝑡. This observation, obtained via 
LiDAR-based odometry, is used as a velocity constraint rather 
than a position constraint. The reason is as follows. The error 
model addressed by graph-based optimization is a normal 
distribution with a mean of zero and the velocity errors 
accumulated from integrating acceleration in the IMU data are 
effectively reset at each walking cycle owing to the ZUPT 
effect. Therefore, the error can be considered normally 
distributed because it remains close to zero during the walking 
period. However, the cumulative error at the position stage—
where velocity is further integrated—is treated as a bias error 
because it diverges indefinitely over time. In other words, this 
type of error is not manageable by the current method. 

For the PDW model, we use the point-foot model [17], 
which includes a knee joint similar to that of humans but 
features a simplified foot represented as a point (Fig. 4). The 
physical parameters are directly derived from the values 
presented in [17]. Given each joint angle 𝑞1, 𝑞2, 𝑞3, the two-
dimensional trajectory of the point foot in the sagittal plane is 
calculated using kinematics. This trajectory is then rotated and 
scaled in post-processing to align with the actual walk in the 
horizontal plane. The resulting trajectory is used to establish 
the correspondence between the torso and the feet in the 
velocity constraints based on torso movement observations.  

B.  Estimation of Foot Velocity for PDW 

The following steps outline the process for converting the 

first step foot trajectory {𝒙𝑖
PDW} 𝑖=1

𝑘  obtained from PDW 

simulation into velocity {𝒗𝑖
PDW} 𝑖=1

𝑘  for applying constraints. 

Rotation and scaling: Because the PDW involves motion 

on a slope, the slope component is removed by applying the 

rotation matrix R(γ), where γ is the slope angle, to obtain a 

walking trajectory on flat ground. Additionally, the stride 

length is adjusted using observations of torso movement. A 

single gait cycle 𝑇𝑚 is defined as the period from when the 

foot leaves the ground to when it touches the ground again. 

The stride length is then calculated based on the principle that 

the amount of body movement corresponds to the amount of 

foot movement. The following equation is used: 

𝒙𝑖
PDW′

=
𝑠𝑚

Torso

𝑠PDW
R(𝛾)𝒙𝑖

PDW. (1) 

This means that 𝑠𝑚
Torso  is the amount of torso movement 

during the 𝑚-th step of a gait cycle, and it is used to adjust the 

stride width 𝑠PDW in the PDW model. 
Velocity calculation by temporal differentiation: Instep 

velocity is determined by taking the temporal derivative of 

{𝒙𝑖
PDW′

} 𝑖=1
𝑘 . The time increments used for this calculation 

differ from those employed in the PDW simulation owing to 
the abovementioned scaling. The following equation is used to 

calculate the velocity {𝒗𝑖
PDW′

} 𝑖=1
𝑘 : 

𝒗𝑖
PDW′

=
𝒙𝑖+1

PDW′
− 𝒙𝑖

PDW′

∆𝑡𝑚

. (2) 

where ∆𝑡𝑚 is the time increments, and 𝑘 is the amount of data 
collected during 𝑇𝑚.  

Velocity polynomial curve fitting: It is important to note 
when using temporal differentiation that, although the 
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trajectory of the PDW model appears smooth, there are points 
where the velocity changes abruptly, as illustrated in Fig. 5-B. 
This abrupt change occurs during the knee strike while the leg 
is swinging, when the PDW model transitions from the double 
pendulum equation of motion to that of a single pendulum at 
this specific moment. To address such sudden changes, we 
introduce a method that fits a polynomial approximation to 

smooth {𝒗𝑖
PDW′

 } 𝑖=1
𝑘  and applies the recalculated velocity 

{𝒗𝑖
PDW} 𝑖=1

𝑘 from this approximation to the constraint. The 

approximation is performed using a 10th-order polynomial for 
each axis for each step. 

C.  Individual Estimation 

Among the time-series data, the moments when the 
velocity values of the IMUs reach zero are detected separately 
for the left and right sides in advance. Specifically, the 
acceleration norm in the series of movements from the start to 
the end of walking is filtered by high-pass and low-pass filters, 
and stationarity is determined by applying a threshold.  

Next, the time-series orientation 𝑼 = {𝒖𝑖}𝑖=1
𝑛  is estimated 

individually for each IMU data set. As a preliminary step for 
this optimization, an initial estimation is performed using the 
following integral, based on the observed angular velocities: 

𝒖𝑖+1 = 𝒖𝑖 ∗ (𝝎𝑖∆𝑡), (3) 

where 𝝎𝑖  is a 3-dimensional angular velocity vector, and 𝒖𝑖 is 
also a 3-dimensional vector [18] at time 𝑖. When treated as a 
rotation matrix, it is denoted as R(𝒖𝑖) . The asterisk (*) 
indicates the coupling of the rotations. Subsequently, these 
results are modified by comparing the observed acceleration at 
rest with the direction of gravity. This refinement involves 
solving the following optimization problem [1]: 

𝑼∗ = min 𝐹(u)(𝑼) , (4)

𝐹(u)(𝑼) ≔ ∑ 𝒆𝑖
(𝜔)⊤𝛀𝑖

(𝜔)⊤𝒆𝑖
(𝜔)⊤

𝑛−1

𝑖=1

+ ∑ 𝒆𝑖

(g)⊤
𝛀𝑖

(g)⊤
𝒆𝑖

(g)⊤

𝑖∈𝐶

, (5)

𝒆𝑖
(𝜔)

≔ (−𝝎𝑖∆𝑡) ∗ (−𝒖𝑖) ∗ 𝒖𝑖+1, (6)

𝒆𝑖

(g)
≔ [

𝜙𝑖

𝜓𝑖
] − [

𝜙𝑖
𝑎𝑐𝑐

𝜓𝑖
𝑎𝑐𝑐] , (7)

 

where 𝒆𝑖
(𝜔)

 is based on time-series angular velocity 

observations, and 𝒆𝑖
(g)

 is based on gravity acceleration 

observations. 𝛀 is the inverse variance–covariance matrix of 
the observation error. 𝜙𝑖  and 𝜓𝑖  denote the roll and pitch 
angles of the orientation 𝒖𝑖 in the inertial coordinate system, 

whereas 𝜙𝑖
𝑎𝑐𝑐 and 𝜓𝑖

𝑎𝑐𝑐 are the corresponding angles estimated 
from acceleration observations. This problem is a nonlinear 
least-squares problem and can be addressed using the Gauss–
Newton method. 

Alternatively, the time-series velocity 𝑽 = {𝒗𝑖}𝑖=1
𝑛  is 

estimated in two steps: first, through integration, and then by 
correcting cumulative errors. In the first step, the following 
equation is used to obtain the velocity estimates. 

𝒗𝑖+1 = 𝒗𝑖 + (R(𝒖𝑖)𝒂𝑖 − 𝒈)∆𝑡, (8) 

where 𝒂𝑖 is a 3-dimensional acceleration vector and 𝒈 is the 
gravity acceleration vector. These results are then refined 
using the stationary points. To achieve this, the following 
optimization problem is solved: 

𝑽∗ = min 𝐹(v)(𝑽) , (9)

𝐹(v)(𝑽) ≔ ∑ 𝒆𝑖
(a)⊤𝛀𝑖

(a)
𝒆𝑖

(a)

𝑛−1

𝑖=1

+ ∑ 𝒆𝑖
(s)⊤𝛀𝑖

(s)
𝒆𝑖

(s)

𝑖∈𝐶

+ ∑ 𝒆𝑖
(𝑡)⊤𝛀𝑖

(𝑡)
𝒆𝑖

(t)

𝑖∈𝐶̅

, (10)

𝒆𝑖
(a)

≔ −(𝑅(𝒖𝑖)𝒂𝑖 − 𝒈)∆𝑡 − 𝒗𝑖 + 𝒗𝑖+1, (11)

𝒆𝑖
(s)

≔ 𝒗𝑖 , (12)

𝒆𝑖
(t)

≔ 𝒗𝑖 − 𝒗𝑖
PDW. (13)

 

where 𝒆𝑖
(a)

 is based on time-series acceleration observations, 

and 𝒆𝑖
(s)

 is based on the assumption that the velocity is zero 

when stationarity is detected. 𝒆𝑖
(t)

 is a new component 

introduced in the proposed method, representing the error 
between the PDW foot velocity and the IMU velocity. Because 
the PDW used in this study operates in a two-dimensional 

sagittal plane, 𝑣𝑥,𝑖
PDW is set to zero, and only the y and z axes 

are constrained. This forms a nonlinear least-squares problem 
that can be efficiently solved using the Newton method 
because the Hessian matrix of the objective function can be 
computed easily. 

Using the obtained results, the position series for each IMU 
can be estimated. Specifically, the estimated velocities are 
integrated using the following equation: 

𝒙𝑖+1 = 𝒙𝑖 + 𝒗𝑖∆𝑡. (14) 

Finaly, all the estimated orientation, velocity, and position of 
IMUs are individually obtained. 

D.  Integration of Each Estimation Result 

The position 𝒙𝑖  and orientation 𝒖𝑖, obtained through 
individual estimation, are combined and referred to as the 6-

DoF pose 𝒑𝑖 . Let 𝑷 = {𝒑𝑖
L, 𝒑𝑖

R} 𝑖=1
𝑛  be the combined state 

vector of the two poses, and 𝒅𝑖
LR ≔ 𝒑𝑖

L ⊖ 𝒑𝑖
R be the left foot 

pose relative to the right foot, where ⊖  is the operator to 
obtain the relative positions. 

To correct the left–right positional relationship, the 
following optimization problem is solved [1]: 

𝑷∗ = min 𝐹(p)(𝑷) , (16)

𝐹(p)(𝑷) ≔ ∑ 𝒆𝑖
L(p)⊤

𝛀𝑖
L(p)

𝒆𝑖
L(p)

𝑛−1

𝑖=1

+ ∑ 𝒆𝑖
R(p)⊤

𝛀𝑖
R(p)

𝒆𝑖
R(p)

𝑛−1

𝑖=1

+ ∑ 𝒆𝑖
LR⊤𝛀𝑖

LR𝒆𝑖
LR

𝑛

𝑖=1

+ 𝒆0
L⊤𝛀E𝒆0

L + 𝒆0
R⊤𝛀E𝒆0

R, (17)

𝒆𝑖
(p)

≔ 𝒑𝑖+1 ⊖ 𝒑𝑖 ⊖ [
∆𝒙𝑖

∆𝒖𝑖
] , (18)

[
∆𝒙𝑖

∆𝒖𝑖
] ≔ [

𝒙𝑖+1

𝒖𝑖+1
] ⊖ [

𝒙𝑖

𝒖𝑖
] , (19)

𝒆𝑖
LR ≔ 𝒅𝑖

LR ⊖ 𝒅0
LR, (20)

 

where ∆𝒙𝑖  and ∆𝒖𝑖 are the individually estimated differences 

in position and orientation, respectively. 𝒆𝑖
LR is based on the 

pseudo-observation of the positional relationship between the 
left and right feet, serving as a constraint to ensure the feet are 

not excessively apart. 𝒆0
L  and 𝒆0

R  are terms that account for 
errors in the initial pose of each foot. 
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V. EXPERIMENTS AND RESULTS 

A. Experimental Settings 

Two IMUs (SS-MS-HMA16G15 by SPORTS SEINSING 
Inc.) are attached to the left and right insteps, while a LiDAR–
IMU unit (VLP-16 by Velodyne Inc. and 3DM-GX5-45 by 
MicroStrain Inc.) is rigidly mounted on the back (Fig. 1) to 
measure the surrounding environment. For the experiment, 
data were collected from a straight walk in a flat indoor 
corridor with a distance of 20 m. To observe torso movement, 
we employed LiDAR inertial odometry (LIO) [19], which is 
more robust and accurate than traditional LiDAR-based 
odometry, ensuring it can be used as an absolute observation 
with minimal error. 

Table I lists the observations used. The proposed method 
that fits a polynomial approximation to smooth the point foot 
velocity data of the PDW model and applies the recalculated 
velocity from this approximation to the constraint and is 
referred to as PDW polyfit. The methods compared include the 
approach from [1], which does not account for torso 
movement (Without LIO), and the method from [13], which 
includes torso movement observations and applies a constraint 
where foot velocity is considered twice the torso velocity (LIO 
velocity ×2). Additionally, to verify the effect of polynomial 
approximation on the estimation results, we introduced a 
method (PDW normal), which directly applies the constraints 
without approximation. To evaluate the impact of the newly 
added constraints, the comparison for all methods was based 
on data obtained after individual estimation, with each result 
not yet integrated. 

Using these methods, the weights of the error function 

related to torso movement observation, denoted as 𝛀𝑖
(t)

, were 

varied in 10-fold increments from 10−8 to 10−5. This was done 
to assess the impact of the newly added constraints on both 
estimation accuracy and gait trajectory geometry. The 
estimation results were qualitatively evaluated based on 
terminal error and the geometry of trajectory and velocity data 
in the sagittal plane, focusing on a 3-s period near the end of 
the walk. Terminal error 𝑒  refers to the square root of the 
squared error between the average of the final positions of both 

feet at the end of the walk and the ground truth 𝒙GT. 

𝑒 = √(𝒙𝑛
Left + 𝒙𝑛

Right
)/2 − 𝒙GT, 𝒙GT = (0, 20, 0) (21) 

B. Estimation Results and Discussion 

Table I presents the terminal error for each method. The 
weights for the error functions based on torso movement 
observations to compare differences between methods were 
determined empirically: 10−7 for LIO velocity ×2 and 10−5 for 
both PDW normal and PDW polyfit. Adding the observation 
of torso movement (PDW normal and PDW polyfit) improved 

terminal error accuracy by reducing it by more than 17% 
compared to LIO velocity × 2. The larger terminal error 
observed for PDW polyfit compared to PDW normal is likely 
attributed to additional fitting errors introduced by the 
polynomial approximation process. However, the impact of 
this additional error is relatively small, approximately 0.02m. 

Fig. 6 shows an enlarged view of the 3-s period just before 
the end of the walk, during which the constraint weights were 
varied. As the weights increased, the terminal error for LIO 
velocity ×2 increased, leading to a distortion of the trajectory 
shape. In contrast, PDW normal preserved the trajectory shape 
while reducing the terminal error. PDW polyfit demonstrated 
similar performance to PDW normal, indicating that the 
polynomial approximation did not adversely affect the results. 
This is due to the fact that the error was corrected based on the 
gait trajectory of the PDW, which allowed the correspondence 
to be properly considered compared to the LIO velocity ×2, 
improving the accuracy of the constraints and allowing the 
trajectory shape to be maintained. In addition, the high 
accuracy of the LIO is reflected in the PDW constraints, 
leading to an improvement in the terminal error while 
maintaining the trajectory shape. 

Fig. 7 shows a graph comparing the speeds obtained by 
integrating the raw data 3-s period just before the end of the 
gait using ZUPT with the modified speeds (PDW normal and 
PDW polyfit: 10-5, LIO velocity ×2: 10-7) when the terminal 
error of the trajectory is minimized by each method. The 
polynomial approximation effectively smooths the drop after 
the peak. However, it is important to note that the PDW-based 
constraint assumes that the passive walking trajectory is 
approximately consistent with the real human walking 
trajectory. In reality, the PDW trajectory and the real human 
walking are not completely identical, so it is difficult to claim 
that the raw data and the corrected speed distributions are 
equivalent, as shown in Fig. 7. If the constraint weight is 
increased too much and the constraint becomes too strong, the 
influence of the PDW information may be too strong and 
obscure the original walking data. To avoid losing the details 
of the original movement, both the PDW equation of motion 
and the fitting method need to be refined to address the 
inconsistency between the PDW and the real human walking.  

VI. CONCLUSIONS 

In this study, we introduced a method to consider the 
correspondence between LIO data representing torso 
movement and IMU data representing foot movement, using a 
PDW model and applying it to the framework of the gait 
trajectory estimation method of the previous study. 
Experiments using real data confirmed that this constraint 
method enables the gait trajectory geometry to be preserved. 
However, it is important to recognize that incorporating this 

Table. I. The names of the comparison methods, the observations used for estimation, and the terminal errors of the resulting 

estimation. 

 

Terminal error [m]Observations to be usedMethod names

1.06Gravity direction, ZUPTWithout LIO

0.51Gravity direction, ZUPT, torso movement [13] ( )LIO velocity 2

0.40Gravity direction, ZUPT, torso movement ( )PDW normal

0.42Gravity direction, ZUPT, torso movement ( )PDW polyfit
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constraint scan impair the original kinematic information 
about gait. Further research is needed to determine how to 
improve  the trajectory geometry after integrating information 
from both feet. This remains a focus for our future work.  
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Fig. 6. Gait trajectory shape in the sagittal plane during 3-s immediately before the end of walking 

Relationship between constraint
weight of the torso movement
observation and terminal error. Left IMU Right IMU

 

 
Fig. 7. Raw and corrected velocities in the sagittal plane during 3-s immediately before the end of walking. (Upper panels: 

left IMU; Lower panels: right IMU. Horizontal axis: time [s]; Vertical axis: speed [m/s]) 
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