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Abstract—This paper proposes a human gait tracking
method using a low scanning rate (10Hz) 360 degree 2D
LiDAR. The sensor is placed at a height of 0.3m above the
ground. Since the human gait tracking is important not only
for normal people but also for patients who need to use
walking-aid such as walker, we propose a tracking method
for both normal people and walker users. The left and right
legs are separated and tracked even with nonlinear walking
path. To overcome the occlusions between legs when one
leg might be hidden from the sensor, a spline-based smooth
and interpolation method is applied to estimate the legs
trajectories. An algorithm is also proposed to remove the
walker legs data in case of walker users. The performance
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of proposed tracking method is investigated in different walking speed levels and two positions of LiDAR (parallel and
horizontal to walking direction). The experimental results verify the robustness of our proposed method. The horizontal
position of LiDAR gives better estimation than the parallel position. The RMSE is less than 2.0cm for walking step length
estimation and is less than 1.4cm for walking distance estimation. The tracking range of our system is up to 10m with

horizontal placement of LiDAR.

Index Terms— Human gait tracking, 2D LiDAR, laser scanner sensor, walker, spline-based interpolation.

|. INTRODUCTION

HE tracking of human gait plays an important role
in different areas such as medical [1]-[4], sport [5]
and human navigation [6]. Among the parameters which
represent the human gait, velocity and step length are the
most important. There are various methods to measure these
parameters. While the accurate tracking systems such as
Vicon [7] and GAITRite [8] are known as gold standard
systems, they are unsuitable for long-term monitoring and
outside laboratory environment due to the associated costs
and installation efforts. Another method is based on body-
worn wearable sensor [2]. It is low cost, suitable for long-
term monitoring. However, it has to be attached on specific
body part (foot, shank or waist). It may be uncomfortable and
requires users’ willingness and habituality of use.
LiDAR sensors have been applied to many applications in
autonomous vehicle [9]-[13], mobile robot navigation [14],
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mapping [15]-[18] and human gait tracking [19]-[28]. They
have some advantages such as high accuracy, no external
markers, and simple installation.

In human gait analysis using LiDAR sensor, the sensor can
be mounted on a moving platform such as a mobile robot [19],
[20], [29] or a smart walker [21], [22]. A walking trainer is
proposed in [20] to monitor and encourage walking of elderly
people. The robot used only one 2D LiDAR on the bottom
to track the human legs and only step length is considered.
There is no orientation estimation and the walking path is
only straight. In [29], a 3D LiDAR is placed on a mobile
robot to classify human from the deployment environment.
Their main focus is not human gait analysis. In [19], a human-
robot interaction strategy is presented. Human legs position
and orientation are tracked by a LiIDAR mounted on the robot
while human trunk motion is estimated by an IMU mounted
at the pelvis. A robotic platform (CPWalker) which consists
of a smart walker and an exoskeleton is proposed in [21]
for rehabilitation. This is a complicated system consisting of
different sensors and the LiDAR is placed in front of CPWalker
to detect the patient legs. With the moving LiDAR, to track the
walking orientation, the additional sensor is needed on mobile
platform or human body.

The other researches analyze the human gait with only one
LiDAR placed on the ground. These systems are simple and
can be placed everywhere in a minutes. However, it has a
drawback that is the decreasing of scan information when
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the subject is far away from the sensor. Therefore, they are
suitable for medium walking range tracking as Timed Up and
Go test [30].

A leg detection method is proposed in [23] using a machine
learning method with a 2D LiDAR. In [24], [27], a 2D LIDAR
is placed opposite to the walking direction at a height of 0.1m.
With 40Hz of scanning rate, the tracking ranges are up to
10m. The walking path is only linear. The left and right legs
separation algorithm is also proposed to deal with this specific
position of sensor to walking direction. In [25], a LIDAR is
placed orthogonally to the walking direction. They tested with
two LIDARs which have 10 Hz and 40 Hz of scanning rate.
The legs detection gives a good result only for the higher
scanning rate. They also discard the turning path and only
evaluate the gait parameters in linear walking path. In [26],
the leg trajectory is estimated using Kalman filter. There is
only parallel position of LiDAR is considered. During straight
walking phase, the leg position observations (measurement
in Kalman filter) are calculated considering five leg patterns
(from parallel sensor perspective). Spline-based interpolation
is used to estimate leg position observations during occlusion
in turning phase. In summary, most studies use a high scanning
frequency LiDAR placed parallel to walking direction. The
tracking algorithms are proposed for only normal people
without walking-aids, whereas the gait tracking is important
for patients using a walking-aid as well as for normal people.

In this paper, we propose a gait monitoring system using
only a 2D LiDAR fixed on the ground for both normal people
and walker users. In the legs tracking, the challenge is the
legs separation and the tracking during occlusion between legs,
especially in turning motion. A simple and efficient method
is proposed to solve this problem. In case of walker users,
an algorithm is presented to remove the walker legs data.
The remaining human legs scan data is processed by the
same algorithms in normal people gait tracking. We use a
low scanning rate LiDAR sensor (10Hz) and place the sensor
orthogonally to walking direction to extend the walking range.
Our algorithm can work with any positions of laser sensor;
however, the tracking performance is maximum if the sensor
is placed orthogonally to walking direction.

Il. METHODS
A. 2D LiDAR Sensor

A measurement data point p; obtained in the i-th scan is
defined by:

pji = (dji,0;i) (1)

where d is the measured distance between the rotating core
of the LiDAR and the sampling point, and # is the heading
angle of the measurement.

This polar coordinate measurement is transformed to Carte-
sian coordinate measurement r = [x y]T assuming the y-axis
defined by the angle 0° of measurement:

Xji = dji sin(Hji) (2)
yji = djicos(@;;). (3)

| Walking zone detection Walker user

Normal people | Walker leg data removing

| Clustering and center point estimation }4—‘

!

| Walking center line estimation |

!

| Left and right legs separation |

| Velocity and step length estimation |

Fig. 1. Workflow diagram of proposed human gait tracking method.

Then the set of all data point S; collected in the i-th scan
is defined by:

Si ={pji,rji}, j=1,...N; 4)

where N; is the number of points at the i-th scan.

A RPLIDAR A3M1 2D LiDAR is used in our study. The
scanning frequency of the sensor is 10Hz with 0.3° angular
resolution. The sensor is placed at shin height (0.3m).

B. Proposed Human Gait Tracking Method

Fig. 1 shows the workflow of our proposed human gait
tracking method for normal people and walker user. As we can
see, the difference in walker user gait tracking is the walker
leg data removing part. After that, the problem is similar as
normal human gait tracking.

1) Walking Zone Detection: This process is to detect the legs
scan data and remove the environment scan data. A polygon
is manually defined to bound the measurement points corre-
sponding to the contour of the legs (blue area in Fig. 2).

2) Clustering and Center Point Estimation: A segment is
defined to consist of all measurement data inside or on the
edge of the walking zone polygon in a scan. For detecting
the legs, all measurement data of a segment will be divided
into clusters. Let Ny, be the number of total data segments.
A simple clustering method is then applied for each segment.
If two following conditions are satisfied, a cluster will be
detected.

« Condition 1: Number of measurement data of cluster is
larger than a threshold (integer N.). In our algorithm, leg
scan is modeled as a circle and N, = 3 is used.

o Condition 2: The change of measurement data (dis-
tance or heading angle) is greater than a threshold
(dd for distance and 66 for heading angle).

Assume that a cluster m of i-th scan consists of n,, data
points ry = {xk, yx},k = 1,...,n,. We model each cluster
with a circle of fixed radius Rj... Center point of each cluster
is estimated using a least mean square circle fitting procedure.
Let c;,,; be the center of this circle. The optimization problem
becomes:

Nm
: 2 2 \2
min > (k= em,i)? = Riyg)?, )
k=1
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Fig. 2. Centers of legs estimation.

with the initial value of ¢, ; is computed as follows:
- [mean{xk}i|
c = ,
mean{y}
Cinit = €+ 7=

In Fig. 2, the upper plot shows an example of center
estimation in scan 20, and the bottom shows centers estimation
result for all scan data.

3) Center Line Estimation: For a scan which has two centers,
their middle point is extracted. All of these middle points form
the center line. Fig. 3(a) shows the middle points extraction
corresponding to two centers in a scan. Due to occlusions
between legs, some scans do not have enough two centers. This
leads to the loss of middle points in these scans. To overcome
this problem, an eighth-order algebraic splines algorithm is
applied to smooth and interpolate the middle points data [31].
The middle points ms(t) are represented by the eighth-order
spline, where the k-th spline segment is given by:

;
iy () =ritg k(W)=Y _ prjul,

J=0

elkT, (k+1)T], uel0,T],

(6)

where pg;(0 <k < Np,0 < j < 7) are the coefficients of the
k-th spline segment, and Ny is the number of unobservable
middle points. Continuity constraints up to third derivative of
my (1) are imposed on the coefficients. The result of middle
points estimation is shown in Fig. 3(b).

After that, the walking direction wd; (i =1,
of a middle point is estimated as follows:

5 Nseg - 1)

Vhs,i+l - Vhs,i
s iv1 — mg il
0, otherwise.

wdi = (7)
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Fig. 4. Center line estimation. c represents the leg’s center point. wd is
the walking direction. m is the middle point of two legs’ center point. nis
the normal vector of center point to its closet walking direction.

The threshold d,,;, is the minimum displacement of middle
points to dismiss the non-moving period.

4) Left and Right Legs Separation: Let rp and rg denote the
left and right legs. Two criterions are used to classify left and
right legs centers.

Criterion 1: If the displacement of the current cluster center
to the last update of left (or right) leg is smaller than a
threshold odd, it is classified as left (or right) leg.

Consider the current center point ¢, ;. Let di and d> be
defined by:

dy =
dy =

@)
©)

and the last update of left or right leg is determined as follows:

”Cm,i — FVL,end I

”Cm,i — FR.end Il

if di <dd
if dr <dd.

YL.end = Cm,i, (10)
I'R,end = Cm,i,
Criterion 2: If the angle between the normal vector of
current cluster center to its closest walking direction and its
closest walking direction is positive, it is classified as left leg,
and vice versa.
This criterion is illustrated in Fig. 4. Consider the i-th scan
which has two centers ¢, ;, (m = 1, 2). A moving window of
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Fig. 5. Left and right legs classification.

2M; + 1 spline-based middle points from i — My to i + M is
used to find the closest walking direction of a center. Firstly,
we compute the distance from that center to each middle point
in the window:

l, (1)

with k € [i — M;,i + M]. Let k* be the discrete time index
from the following optimization problem:

dm,k = ||Cm,i - n_'ls,k

k+1

k* = min dm ;. 12

i—M,<k<i+M;—1 Z "J (12)
Jj=k

The closest walking direction wdy, nin of center ¢, is esti-

mated as the walking direction at index k*:

wdp min = Wdg*. (13)

As in Fig. 4, the closest walking direction of cy; is wd; while
the closest one of ¢ ; is wd;—i.

The normal vectors n, ; of each center to its closest
walking direction are then easily detected. The sign of the
angle between the normal vector and closest walking direction
decides the left or right legs:

L.end = Cm,i» if Sign(l(nm,i, U)dm,min)) >0 (14)
FR.end = Cm,i> if Sign(L(nm,i, wdm min)) < 0.

Fig. 5 shows the classification result. The left and right leg
centers are displayed by magenta and black circles, respec-
tively.

5) Velocity and Step Length Estimation: The velocities of legs
are simply estimated by taking derivative of legs trajectories.
However, the occlusion between legs during walking causes
the missing of legs data so that the trajectories is not differen-
tiable. To solve this problem, an eighth order spline algorithm
is again applied to smooth and interpolate the legs trajectories.
Fig. 6 shows the spline-based trajectories estimation of left
(blue dot line) and right (black dot line) legs.

Let rp s and rg s be the spline-based trajectories of left and
right legs, respectively. The velocities of left (v;) and right
(vR) legs are estimated as follows:

orps

v o (15)
arR s

= 16

DR o (16)

Fig. 6. Spline-based legs trajectories estimation and ground contact of
feet.

Velocities of legs estimation and ground contact detection
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Fig. 7. Velocities of legs estimation and ground contact of feet detection
(red diamonds).

Fig. 7 shows the velocity estimation of the left leg in the
upper plot and the velocity estimation of the right leg in the
bottom plot. A simple threshold-based zero velocity detection
method is applied to estimate the zero velocity intervals of
each leg. The discrete time k is assumed to belong to the zero
velocity interval if the following condition is satisfied:

vL,j = a7

VR,j = (18)
where B, is a threshold and N; and N, are integers. The
ground contact of feet is detected as the minimum value of
velocity during zero velocity interval. The black rings in Fig. 6
and red diamonds in Fig. 7 represent the moments feet are on
the ground.

The walking step length is then defined as the travelling
distance between two consecutive ground contact time of the
same foot. Let G; and G, be the number of ground contact
points of left and right feet, respectively. We denote ¢;, and g
to be the discrete time indexes of ground contact time of left
and right feet, respectively. The walking step length is then
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Fig. 8. Center points of consecutive scans data with Ny = 5.

estimated as follows:
(19)
SRy = P Rosutmsyin = PRty |l (20)

where k1 € [1,G1 — 1] and k» € [1, G — 1], and 57 and sg
are the walking step length of left and right legs, respectively.

6) Walker Legs Data Removing: The human gait tracking
for walker users is another contribution of this paper. The
difference in the human gait tracking for walker users is the
present of walker legs scan data in addition to human legs
scan data. If the walker legs data are removed, the problem
becomes normal human gait tracking which is proposed in the
previous section. Therefore, we only presents an algorithm to
remove the walker legs data in this section.

At the i-th scan, we compute the center points cw; of
2N, + 1 consecutive scans as follows:
1 &
= ﬁjz_;pj,k» i— Ny <k <i+ Ny,
where Ny is the number of scan data in a scan k. By using all
of the scan data in a moving window, the bounding shape has
less change, so that the center point moving is more smooth.
Fig. 8 shows the center points of consecutive scans with
Ny = 5. It is quite smooth and similar to walking trajectory.

The center point direction cd is then estimated as follows:

SL.ky = ||rL,S,tL,k1+| - rL,S,tL,kl ||

CWj

2y

CWiy1 — Cw;

cd; = 1<i < Nygg — 1. (22)

lewi+1 — cw;l’

The next part is clustering and merging. We use the same
two conditions in section II-B.2 to divide scan data into
clusters. A different merging algorithm is used for robustness.
As illustrated in Fig. 9, when a part of human leg is occluded
by a walker leg, we have three clusters: clusters 1 and 3 belong
to human leg and cluster 2 belongs to walker leg. To prevent
losing data, an algorithm is needed to merge clusters 1 and 3.

Consider three clusters 1, 2 and 3 in Fig. 9. Each cluster is
defined by: number of scan data (n,,), center of cluster (Cy,)
(the mean value of scan data) and scan data {dy, k, Om k. 'm.k}
with m = 1,2,3 and k € [1,n,]. Clusters 1 and 3 will be
merged if the following conditions are satisfied:

1) Three clusters are consecutive:
(92,1 — 91,,11 < 2o (23)
031 — 020, < 2a, 24)

with o = 0.3° is the angular resolution of scan data.

Fig. 9. Human leg is occluded by walker leg during walking.

2) The number of scan data in cluster 1 and 3 is larger than
N, =3:

ni+n3 > Ne. (25)

3) Both widths of clusters 1 and 3 are smaller than human
leg diameter:

lr1,1 — 13,5l < 2Rjeq. (26)

4) The difference of distances from centers C; and C3 to
LiDAR is smaller than human leg radius:

lde, — dcs |l < Rieg- 27)

5) The width of cluster 2 is smaller than walker leg
diameter:

||r2,1 - r2,n2” < Ryalker- (28)

The minimum number of scan data of an input cluster of
merging is only 1. However, the minimum number of scan
data of merged cluster is N, = 3.

Fig. 10 shows an example of clusters merging in scan 71.
Before the merging, this scan has 6 clusters which are plotted
by different colors in Fig. 10(a). Clusters 1, 2, and 4 are walker
legs while clusters 3, 5, 6 are human legs. The LiDAR is at the
origin (0,0) which is not plotted. At this position, the human
leg is divided into 2 clusters: clusters 3 and 5. By applying
the above merging algorithm, two clusters 3 and 5 are merged
to one cluster 3 as in Fig. 10(b).

Now, the clustering method in section II-B.2 can be applied
on merged data. Each cluster is then represented by a center
point C,, which is the mean of scan data in that cluster:

Cy = mean{ry}, ke [l,nyl, (29

where n,, is the number of data in cluster.

The closest center point direction cdy, min is estimated as
in (11), (12), and (13). Let k* be the index of the closest
center point direction. The distance d from C,, to cdy, min 15
computed as follows:

(Cm — cwps)v
lloll
where v = [cdm,min (2) —cdm,min(l)]/.

dn = (30)
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An example of cluster merging in scan 71
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Fig. 10. An example of cluster merging in scan 71: clusters 3 and 5 (left)
are merged into cluster 3 (right).

Human legs scan data after merging and removing walker data
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Fig. 11. The human legs data after removing the walker legs data.

TABLE |
PARAMETERS USED IN THIS PAPER

Parameters Equation
dmin = 30mm (7)
6d = 50mm (10)
By = 400mm/s for slow speed
B, = 600mm/s for normal speed a7)
By = 800mm/s for fast speed
Ruyalker = 15mm (28)
Ad = 200mm 3D

The walker and human legs are classified as follows:

if dn < Ad

otherwise.

C;, = human, 31)
C,, = walker,

Fig. 11 shows the result after removing the walker legs
data. The human gait tracking problem of walker users now
becomes normal human gait tracking.

Ill. EXPERIMENTAL RESULTS
A. Parameters

The parameters used in this paper are listed in Table I. The
leg radius of a person is manually measured by a tape.

B. The Validation of the 2D LiDAR Tracking System

The first experiment is to verify the tracking performance of
proposed method with two positions of LiDAR and different

OptiTrack camera
system provides

the true position

-—

j ----------------------------- o Right

-, @, »a

(@)
.- - .- LiDAR
""""""""""""""""""""""" Left
& (@)
LiDAR

Fig. 12.  Two LiDARs are placed parallel and horizontal to walking
direction for comparison.

Fig. 13. The LiDAR and walker picture.

speed levels. Fig. 12 and 13 show the configuration of this
experiment. Two LiDARs are placed at a height of 30cm above
the ground, at two positions: parallel and horizontal to walking
direction. They have the same sampling scan rate of 10 Hz.
Four healthy participants (3 men and 1 woman) are recruited
for this experiment. All subjects are asked to start with the left
leg and walk total five steps (three steps for left side and two
steps for right side). Without the walker, each person walks
15 times equally divided into three speed levels (slow, normal
and fast). With the walker, each person walks 5 times at their
normal speed level. The position provided by an Optitrack
camera system is used as the ground truth. An infrared marker
is attached on each shank to get the position.

To evaluate the performance of our proposed method,
we compute the difference of step length estimation and the
total walking distance estimation of two systems as follows:

(32)
(33)

Se; = SLj optitrack — SLi,LiDAR,
Dey = Dk,optitrack - Dk,LiDAR = Z Sei,

where Se and De are the step length error and total dis-
tance error, respectively. SL; is the step length estimation of
i-th step. Dy is the total walking distance estimation of k-th
walking.

Fig. 14 and Fig. 15 show the errors and the means of the
estimated step length and total walking distance, respectively.
After removing the outliers, the root mean square errors
(RMSE) of the estimated step length and total walking distance
are computed and shown in Table II.
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Fig. 15. The errors (De) of estimated total walking distance with two
positions of LiDAR, different speed levels and with a walker.

TABLE Il
THE RMSE (M) OF THE ESTIMATED WALKING DISTANCE AND
ESTIMATED WALKING STEP LENGTH FOR LEFT AND RIGHT
LEGS FROM PARALLEL AND HORIZONTAL
PLACEMENTS OF LIDAR

Step length Slow Normal Fast Walker
Parallel Left 0.012 0.016 0.023 0.013
Right 0.011 0.016 0.025 0.017

Horizontal Left 0.014 0.015 0.020 0.014
Right 0.015 0.019 0.020 0.018

Total distance

Parallel Lpft 0.012 0.021 0.030 0.014
Right 0.014 0.025 0.035 0.022

Horizontal L.Eft 0.009 0.010 0.014 0.006
Right 0.011 0.006 0.006 0.010

As we can see, for the parallel LiDAR, the RMSEs of
the estimated step length and total walking distance increase
with the walking speed from 0.011m to 0.025m and from
0.012m to 0.035m, respectively. The maximum of estimated
step length errors and estimated walking distance errors are
0.059m and 0.043m, respectively. In case of parallel LiDAR,
the distance from LiDAR to human legs increases with the
walking step. When the walking speed increases, the legs scan

Human leg

p—

Fig. 16. Walking range determination.

data decreases. Therefore, the estimation error increases with
the walking speed.

For the horizontal LiDAR, the RMSE:s of the estimated step
length slightly increase with the walking speed from 0.014m
to 0.020m. In the walking distance estimation, the RMSEs are
almost not affected by the walking speed. The maximum is
0.014m for fast walking speed. The maximum of estimated
step length errors and estimated walking distance errors are
also smaller than the one of parallel LIDAR. They are 0.043m
and 0.030m, respectively.

The reason for better performance of horizontal LiDAR is
that the distance from the human legs to this LiDAR is smaller
than parallel LiDAR. Therefore, horizontal LiDAR can collect
more scan data and gives better estimation of legs’ center
points. Another reason is that two LiDAR scan different sides
of the legs. It leads to the difference in legs’ center point
estimation.

The estimation results when using a walker are similar to
the results of normal speed walking without the walker for
both positions of LiDAR. This confirms the robustness of our
proposed method.

C. Walking Range of Proposed Tracking System

In our proposed method, human legs are model as circles
with fixed radius. Therefore, we need at least three scan data
on a leg. Fig. 16 shows the ideal case with three points on leg
as plotted. Assume that d is the scan radius or the walking
range. a is the angular resolution of the LiDAR. To collect
3 scan data on a leg, the distance L must be smaller than the
leg diameter. We have the following condition:

L =2dsina < 2R (34)
R

d < =8 (35)
Sin o

With Rj,e = 0.04m and o = 0.3°, the maximum walking
range d;qx = 7.6m. This is the maximum walking range in
ideal case. In practice, the maximum walking range is much
smaller.

We will investigate the maximum walking range with two
positions of laser sensor: orthogonal to walking direction and
parallel to walking direction. Three subjects are asked to
do this experiment. Fig. 17 shows the configuration of this
experiment. Three subjects walk following an U-shape path.
maximum walking distances to the LiDAR are 4m, Sm and
6m for parallel LiDAR. In the horizontal LiDAR, the walking
distances are 9m, 10m and 11m where the LiDAR is placed
in the middle point. For a walking distance, each subject
walks 5 times without the walker and 5 times with the walker
at normal walking speed. In total each subject has 30 data
(3 x 5 x 2) for a position of LiDAR. This experiment also
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Fig. 17. Schematic U-shape walking with two positions of LiDAR.
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Fig. 18. Walking range from parallel LiDAR. The left and right legs trajec-
tories are represented by red lines and dashed blue lines, respectively.
The black ring represents the LiDAR position.
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Fig. 19.  Walking range from horizontal LiDAR. The left and right

legs trajectories are represented by red lines and dashed blue lines,
respectively. The black ring represents the LiDAR position.

verifies that the proposed method can track nonlinear walking
path.

In Fig.6 and Fig.7, an example is given from 5m walking
data with the parallel sensor. They show the left and right
legs trajectories and velocities. Fig. 18 and Fig. 19 show the
estimated trajectories of three subjects from parallel LiDAR

and horizontal LiDAR, respectively. The left side is normal
gait walking without the walker. The right side is the walking
with the walker. As we can see, in parallel LiDAR, the tra-
jectories estimation of both legs shows good results up to Sm
for normal gait and 4m for walker-using gait. In horizontal
LiDAR, the walking range is up to 10m for normal gait and 9m
for walker using gait. In longer distance, the scan data is not
enough to estimate the leg’s center point. Therefore, the spline
algorithm cannot smooth and interpolate the trajectory data.
This is the reason for large deviations in the third rows of
Fig.18 and Fig. 19.

These results demonstrate that our algorithm can work well
with any position of sensor and the walking range is doubled
up to 10m if the sensor is placed orthogonally to walking
direction.

IV. CONCLUSION

This study presents a human gait tracking method for both
normal people and walker users using a 2D LiDAR. The sensor
is placed at shin height (0.3m) to track human legs which
are modeled as circles with a fixed radius. For normal people
gait tracking, the scan data is firstly divided into clusters. If a
scan has two clusters, a middle point is extracted. The line
formed by these middle points splits the legs centers into two
sides. Then we can easily detect left and right legs. An issue
in human legs tracking with a 2D LiDAR is the occlusion
between legs where one leg is hidden from the sensor. To solve
this problem, an eighth-order algebraic spline smooth and
interpolation method is applied to estimate middle points line
and the trajectories of left and right legs. For walker users gait
tracking, an algorithm is also proposed to remove the walker
legs data. Then the remaining human legs data is processed
with the same algorithm for normal people gait tracking.

From the experimental results, it was confirmed that our
proposed method can track human gait in both position of
sensors: parallel or orthogonal to walking direction. However,
it is apparent that the walking range is extended if the sensor
is placed orthogonally to walking direction. With scanning
rate of 10Hz, the walking range of our system is up to 10m
if the sensor is orthogonal to walking direction. With higher
scanning rate and angular resolution, the walking range could
be greater. The accuracy of our system is also compared
with an optical tracking system. With difference walking
speed, the horizontal LiDAR shows a higher accuracy than
the parallel LIDAR. With the parallel position, the RMSEs of
estimated step length and walking distance increase with the
walking speed. Their maximum values are 0.025m and 0.035m
for estimated step length and walking distance, respectively.
With the horizontal position, the RMSEs slightly change
with the walking speed. Their maximum values are 0.020m
and 0.014m for estimated step length and walking distance,
respectively. The tracking performance with a walker is similar
to the normal walking speed without the walker.
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