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Abstract—The extension of health expectancy is getting a
more important subject for developed countries with higher
rate of elderly population. In order to sustain their societies,
aged people are encouraged to participate in the social ac-
tivities, while the social participation requires them to keep
their locomotive function high enough to accomplish their
missions. From this reason, the easy and frequent assessment
of the locomotive function thought the people’s daily lives is
strongly expected. One of the promising methods to evaluate
locomotive function is the Timed Up and Go test (TUG test),
which is a widely used method in the field of physical therapy
for locomotive rehabilitation in medical facilities. Throughout
our research activities, we have been investigating robotic
approaches to assess cognitive and motor functions of aged
people in the purpose of their health expectancy extension.
In this article, we will propose a novel method of a gait
measurement system that will be incorporated with health
care mobile robots developed previously. We demonstrated
experiments to measure the walking patterns of 23 subjects
of aged people in order to evaluate their locomotive functions
using the proposed gait measurement system.

Index Terms—Gait Measurement, TUG Test, Health Care
Robot

I. INTRODUCTION

The extension of health expectancy is getting a more

important subject for developed countries with higher rate

of elderly population. In order to sustain their societies,

aged people are encouraged to participate in the social

activities, while the social participation requires them to keep

their locomotive function high enough to accomplish their

missions. From this reason, the easy and frequent assessment

of the locomotive function thought the people’s daily lives is

strongly expected. One of the promising methods to evaluate

locomotive function is the Timed Up and Go test (TUG

test), which is a widely used method in the field of physical

therapy for locomotive rehabilitation. The advantage of the

TUG test is the simplicity in its measurement, where it

requires only a stop watch. In this measurement, however,

important features that appear in body movements are not

extracted well. The latest robotic technology is expected to

be applied for the measurement.

In literature, gait training platforms such as power assist-

ing libs and body supporting mobile platforms have been
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Fig. 1. A stationary device for the gait measurement (left) and the TUG
test course (right).

Fig. 2. Lucia, a human-interactive health care robot.

studied well [1] [2]. These types of platforms are effective

for physically supporting aged people and patients with

muscle-originated locomotive problems. On the other hand,

patients in nerve-originated locomotive problems such as

cerebral stroke and Parkinson disease rather requires cogni-

tive assistance and intuitive navigation to recover smooth and

periodicity body movements [3] [4]. Cognitive advantage of

robotic assistance in rehabilitation is not fully discussed.

In our research, we firstly develop and examine a station-

ary device for the gait measurement system, and then port the

functionality of the gait measurement into the mobile robot

to allow more dynamic use of the gait measurement. Figure 1



Fig. 3. The architecture of the gait measurement system.

shows the stationary device for the gait measurement system

that we developed. We demonstrated experiments of TUG

tests to measure the walking patterns of 23 subjects of aged

people in order to evaluate their locomotive functions. We

also performed experiments of the gait measurement using

the health care mobile robot. Figure 2 shows Lucia, a human-

interactive health care mobile robot. Lucia is capable of

human interaction using locomotion and stimulation function

on audio, visual and somatosensing.

II. METHOD

A. Gait measurement system

The gait measurement system that we propose here is

an integrated optical measurement system that captures a

temporal sequence of human locomotive movements in the

context of the TUG tests, and then extracts features to

be useful for the assessment of locomotive function. The

locomotive movements captured by the system includes

several elements of motions that frequently appear in the

activity of our daily lives. In the system, the elements of

motions are labeled with the names of stand-up motion,

outward-gait motion, circular-gait motion, return-gait mo-

tion and sit-down motion. These five elements of motions are

automatically segmented based on the video streams given

by a depth camera. The temporal durations of the motions

are then recorded. Meanwhile, the spatial movements of left

and right legs are also tracked based on the field scanning

given by a LiDAR sensor. The trajectories of the legs are

recorded as well. The start and end of the measurement is

automatically detected by Tatto, a seat sensor device that

we designed and developed originally. Figure 3 shows the

architecture of the gait measurement system.

B. Camera-based motion segmentation

The automatic segmentation of the five elements of

motions is realized by the sequential processes of video

capturing, 3D reconstruction, extraction of spacial features,

and pattern fittings. In the video capturing, the image streams

of RGB frames and depth frames are captured. The surface

of the human subject walking inside the cuboid volume

of the TUG domain is extracted from the image streams

and represented in the 3D Cartesian coordinate system as

point clouds with color textures. Equations (1) represent

TABLE I
NOTATIONS OF VARIABLES.

notation parameter value [unit]

θh horizontal angle of FOV 60.0 [deg]
θv vertical angle of FOV 49.5 [deg]
θd diagonal angle of FOV 73.0 [deg]
θhh half horizontal angle of FOV 30 π / 180 [rad]
θvh half vertical angle of FOV 24.75 π / 180 [rad]
θdh half diagonal angle of FOV 36.5 π / 180 [rad]
θx(x) half horizontal angle of target (x,y) [rad]
θy(y) half vertical angle of target (x,y) [rad]
θz(x, y) half diagonal angle of target (x,y) [rad]
w width of image frame 640 [px]
h height of image frame 480 [px]
wh half width of image frame 320 [px]
hh half height of image frame 240 [px]
x horizontal image coordinate of

target from image center
[px]

y vertical image coordinate of target
from image center

[px]

d depth on of target (x, y) [mm]
X(x, y, d) horizontal (left to right) coordinate

of physical space
[mm]

Y (x, y, d) vertical (bottom to top) coordinate
of physical space

[mm]

Z(x, y, d) depth (near to far) coordinate of
physical space

[mm]

Yh(t) vertical (bottom to top) coordinate
of the highest point at time t

[mm]

Zn(t) horizontal (near to far) coordinate
of the nearest point at time t

[mm]

t time [s]

the transformation from the image coordinates (x, y) to

the visual angle (θx, θy, θz). Equations (2) represent the

transformation from the visual angle (θx, θy, θz) to the

Cartesian coordinates (X,Y, Z).

tan θx(x) = tan θhh

(

x
wh

)

,

tan θy(y) = tan θvh

(

y
hh

)

,

tan θz(x, y) = tan θdh

( √
x2+y2√
w2

h
+h2

h

)

.

(1)

X(x, y, d) = − d tan θx√
1+tan2 θx

,

Y (x, y, d) = − d tan θy√
1+tan2 θy

,

Z(x, y, d) = d√
1+tan2 θz

.

(2)

Yh(t) = max
i∈p.c.

Yi(t),

Zn(t) = min
i∈p.c.

Zi(t).
(3)

Figure 4 shows a course of the TUG test and the procedure

of segmentation. From this point cloud data, the highest

point in the domain Yh(t) and the nearest point Zn(t) to the

sensor are extracted as represented in Eq. (3), where they

correspond to the head top and body front of the walking

subject, respectively. The time series of these 3D positions

are recorded, then. From the time series of the body front
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Fig. 4. A course of the TUG test and the procedure of segmentation.

Fig. 5. 3D Visualization of full body movements from the front, side and
top view points.

position, the target circular-gait motion is segmented, where

the system estimates the relative positions between the target

to go around and the subject body. From the time series

of the head top position, the stand-up motion is segmented

from the onward-gait motion, while the sit-down motion is

segmented from the return-gait motion. The system detects

the segments of the stand-up motion and sit-down motion

based on the piece-wise linear fitting for the head motion

patterns. Figure 5 shows the 3D visualization of whole body

movements from the front, side and top view points.

C. LiDAR-based leg tracking

The tracking of spacial movements of legs are realized by

the sequential processes of field scanning, 2D reconstruction,

and extraction of leg positions. In the field scanning, the

LiDAR sensor scans the horizontal plane in the TUG domain

at the slightly lower level of knee joints. The scanned data
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Fig. 6. The algorithm flow of blob detection.

are represented in the 2D Cartesian coordinate systems as

point clouds. From these point clouds, two arch shapes are

extracted, where they are corresponding to the horizontal

slices of the left and right lower legs of the walking subject.

The time series of the 2D center positions of the legs are

recorded. From the time series of the lower leg positions,

a set of a stance phase and a swing phase is segmented as

a single period of the steps. These lower leg positions are

then represented in the 3D Cartesian system together with

the point clouds of the subject body.

In order for leg tracking, we implemented fast blob detec-

tion algorithm based on the distance range. The algorithm

sequentially compares the distance gap of adjacent angle

and segments the angle domain if the distance gap is over

threshold, e.g. 50mm. The system handles each segment as a

general blob. Figure 6 shows the flow chart of blob detection.

Firstly, general blobs are filtered by size-based selection and

area-based selection. The selected blobs are regarded as leg-

size blob and obstacle blob, respectively. Secondly, a newly

detected pair of leg-size blobs is defined as target legs to

track. The system keeps leg tracking as long as one leg is

visible. The tracking is done based on the distance from the

linearly estimated target position and candidate blobs.

A leg movement is modeled with a finite state machine

(FSM). Figure 7 shows a state transition of the leg move-

ment. The FSM is composed of three states that are the idle

S0, stance S1 and swing S2 states. The S0 is the initial state

of the FSM before the system starts leg tracking or after the

tracking legs are lost. The S1 is the state of stance when

the training subject is standing and before lifting a leg up.

The S2 is the state of swing while the leg is moving. The

condition of the state transition from S1 to S2 is defined as

the case that ∆x > ∆xL, where x denotes the coordinates
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Fig. 7. State transition of leg movements. (a) a finite state machine model.
(b) Velocity profile of the tracking leg.

to the absolute direction of gait. ∆x is defined as follows:

∆x = |x(t)− x(t− t1)|, (4)

where t and t1 denote the current time and the time when the

FSM most recently transited the state into S1. ∆x therefore

means the spatial variance from the previously stepped

position. ∆xL denotes a threshold of spatial movements. The

condition of the state transition from S2 to S1 is defined as

the case that the velocity of the tracking leg is decaying.

Figure 7(b) shows the velocity profile of the tracking leg.

When the state is S2, the FSM evaluates the velocity profile

of the tracking leg v with the function f :

f(v(t)) = G(v(t); t̄, σ, a, b), (5)

v = |(vx(t), vy(t))|, (6)

where G is the Gaussian function with the center t̄, variance

σ, amplitude a and bias b. These function parameters are

given by non-linear optimization with the frame data set of

{v1, · · · vn}. If the current time is in the domain between

(t̄+r1σ) and (t̄+r2σ), the FSM considers that the tracking

leg is going to land on the floor, and transits the state from

S2 (swing) to S1 (stance). r1 and r2 are the parameters to

control the landing detection.

D. Illuminance-based standing detection

The start and end of walking in the TUG test is au-

tomatically detected by Tatto, a seat sensor device that

we designed and developed originally. Figure 8 shows the

appearance of the inside and the outside of the Tatto, and a

sample plot of temporal sequences measured by Tatto. In the

plot, the horizontal and vertical axis indicate the time and

illuminance level. Tatto is set on a chair to detect the timing

of sitting and standing of a person. The detection principle is

based on the ambient illuminance of the environment. If the

ambient illuminance on the chair is shielded by a person

who sits down on the chair, the sitting state is detected

by comparing a threshold illuminance level that can be

calibrated in advance.

Fig. 8. The appearance of the inside (up left) and the outside (up right) of
a seat sensor Tatto, and a sample plot of temporal sequences (bottom).

E. Robotic applications

The functionality of the stationary device is ported into

Lucia shown in Fig.2 to allow the gait measurement system

in dynamic environments by using its mobility. Visual pro-

jection, sound generation and local body vibration equipped

with in the robot intuitively inform training subjects of

the current state of own movements and the next target

in the middle of motor execution. We hypothesized that

enhancement of own motor recognition leads efficiency for

recovery of motor control in rehabilitation. We implemented

a interactive robot system to realize the motor recognition.

In early studies, robotic guidance using visual projectors

were proposed, where the projector was mounted on a pan-

tilt unit of the mobile base [5] [6]. The step-on interface

with a projector was proposed, where the robot projected

footprints for users walk guidance [7] [8]. In addition to

visual stimulation, auditory stimulation is effective for motor

recognition. Rhythm sound presentation is effective for loco-

motive rehabilitation [9] [10] [11]. The auditory stimulation

mediates entrainment between the system and human subject

in the walking task [12]. Comparing with the conventional

studies, this study focuses on the enhancement of motor

recognition. The enhancement of the motor recognition will

be realized by the closed loop of interaction between the

robot and training subject based on measurement, motor

planning, sensory stimulation and locomotion.

III. EXPERIMENTS

A. Motion segmentation of aged people

We demonstrated experiments to measure the walking

patterns of 23 subjects of aged people (all female subjects in

70s or 80s) in order to evaluate their locomotive functions

using the proposed gait measurement system. For simplicity

of the experiments, we used a skeleton device shown in

Fig. 1. The skeleton device is the subset version of the



Lucia shown in the Fig. 2. In advance of the experiments,

we requested the subjects to answer a questionnaire that

asks about the experience of falling down in their daily

lives, and divide the subjects into the two groups denoted

as the Group A and Group B. The Group A is consist of

members who have experiences of actual falling down or

almost. The Group B is consist of members who have no

experience of falling down. Table II represents the contents

of the questionnaire and Table III represents the results of

the questionnaire, respectively. The subjects who chose the

answer (1) or (2) in A3 were assigned to the Group A, while

the subjects who chose the answer (3) in A3 were assigned

to the Group B. Table III shows the results of each group

separately. The result of the questionnaire suggested that

the members of the Group have tendency to feel dangers

more than the members of the Group B. The members of

the Group A especially feel dangers in stepping, which is

the most critical factor to cause actual falling down.

Next, we performed analysis of features in the TUG test

data sampled from the subjects. Figure 9 shows the results of

motion segmentations. In the figure, No.2070 and No.2001

are the members of the Group A and Group B, respectively.

The plots show the representative patterns of their belonging

group. As shown in the figure, the motion segmentation

functioned successfully, and output the set of time durations

required for respective five motions. Table IV summarized

the set of the time durations of the Group A and Group B,

respectively. In the results, the set of duration times seemed

similar in average, and we could not find a clear correlation

between the time durations of motions in the TUG test to the

experience of falling down. In the individual level, however,

we found the high variance of the time duration especially

in the sit-down motion, and that caused the latency in the

TUG test. This result suggests the possibility of the sit-down

motion for the assessment of locomotive function. The sit-

down motion is considered to require high confidence of

landing on a spot and motor control should correctly stop

the whole body motion at the appropriate timing.

B. Leg tracking of disordered gait patterns

We examined the effectiveness of the leg tracking for

healthy and disordered gait patterns simulated by physical

therapists. In this experiment, we used the Lucia shown in

Fig. 2 for the gait measurement. In the experiment, physical

therapists who dedicated in gait rehabilitation demonstrated

three types of representative gait patterns that appear in the

gait of healthy, hemiplegia and aged people. The Lucia mea-

sured the gait patterns and analyzed them. The gait patterns

of hemiplegia patients and aged people show characteristics

in asymmetry gait and short stride gait, respectively. In this

experiment, Lucia was set stationary and the subjects walked

towards Lucia from the start area that was about 7m away.

Figure 10 shows the velocity profiles of the left and right

legs with landing detection. In each case of gait patterns, legs

were well tracked and steps were almost correctly detected.

TABLE II
CONTENTS OF THE QUESTIONNAIRE.

Q1. Have you felt a danger to fall down in the following
situations? Choose all the items that apply.

A1. (1) Standing up
(2) Walking straightly
(3) Shifting direction
(4) Sitting down
(5) Stepping on a different level
(6) Walking up on a slope

Q2. What do you think the reasons of feeling are in Q1 ?
Choose all the items that apply.

A2. (1) Stamble
(2) Unsteady
(3) Slip
(4) Misstep

Q3. Have you fallen down actually?
Choose a single item that applies.

A3. (1) Yes actually
(2) Not actually, but almost
(3) No

TABLE III
RESULTS OF THE QUESTIONNAIRE.

Que. Answer # of (A) Rate (A) # of (B) Rate (B)

Q1. (0) Nothing 4 0.333 7 0.500
(1) Standing 1 0.083 0 0.000
(2) Straight 1 0.083 2 0.143
(3) Direction 0 0.000 2 0.143
(4) Sitting 0 0.000 0 0.000
(5) Stepping 5 0.417 3 0.214
(6) Slope 1 0.083 0 0.000

Q2. (0) Nothing 5 0.385 10 0.625
(1) Stamble 3 0.231 2 0.125
(2) Unsteady 1 0.077 3 0.188
(3) Slip 2 0.154 0 0.000
(4) Misstep 0 0.000 1 0.063

Note that the tracking was available over 10m. Moreover, the

landing detection did not matter short strides and asymmetric

movements towards the side direction. The accuracy of loca-

tion in the long range tracking is an advantage of LRF-based

tracking, compared to the IR-based tracking system. The

landing detection functioned successfully. It is considered

that the finite state modeling and velocity profile fitting allow

noise reduction in estimation of the landing timing.

IV. CONCLUSION

In this article, we proposed a novel method of a gait mea-

surement system that is incorporated with health care mobile

robots developed previously. We demonstrated experiments

to measure the walking patterns of 23 subjects of aged

people in order to evaluate their locomotive functions using

the proposed gait measurement system, and successfully

analyzed the motion segments appeared in the TUG test.

We also examined leg tracking for the healthy and disor-

dered gait patterns. Through the experiment, the features

of hemiplegia patients and aged people are well extracted.

In the future, we will make use of Lucia to go round in
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Fig. 9. Trajectories of left and right legs, and motion segmentations based
on the profiles of the head top positions. (a) trajectories (No.2070), (b)
trajectories (No.2001), (c) motion segments (No.2070), (d) motion segments
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TABLE IV
TIME DURATION REQUIRED FOR EACH MOTION.

Type Group Sta. Out. Cir. Ret. Sit.

Ave. A 0.945 1.85 1.38 2.33 2.37
Dev. A 0.150 0.692 0.389 0.945 0.789

Ave. B 0.949 1.86 1.42 2.21 2.50
Dev. B 0.165 0.251 0.186 0.640 1.01

day-service facilities and assess locomotive functions of the

facility users.
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