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Abstract. This paper presents a new nonintrusive device for everyday
gait analysis and health monitoring. The system is a standard rollator
equipped with encoders and inertial sensors. The assisted walking of 25
healthy elderly and 23 young adults are compared to develop walking
quality index. The subjects were asked to walk on a straight trajectory
and an L-shaped trajectory respectively. The walking trajectory, which is
missing in other gait analysis methods, is calculated based on the encoder
data. The obtained trajectory and steps are compared with the results of
a motion capture system. The gait analysis results show that new index
obtained by using the walker measurements, and not available otherwise,
are very discriminating, e.g., the elderly have larger lateral motion and
maneuver area, smaller angular velocity during turning, their walking
accuracy is lower and turning ability is weaker although they have almost
the same walking velocity as the young people.
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1 Introduction

Ageing in society is a worldwide issue that especially impacts developed coun-
tries. In France, due to the high care cost and the limited number of rooms in
care institution, the solution that has been chosen by care givers, frail people
and their family is to maintain elderly at home and in the best conditions by
giving them an adapted assistance. Among the possible assistance devices, the
walkers have large number of users because of their simplicity while using the
person’s remaining locomotion capability.

Advances in robotics make it possible to develop more intelligent walkers by
adding sensors and actuators. According to the user’s needs, the functions of the
proposed walkers are not restricted to their primary tasks, i.e. physical support
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and mobility assistance [1], [2], [3]. There are other functions such as sensorial
assistance, cognitive assistance and health monitoring [4], [5]. Some walkers also
focus on sit-to-stand transfer [6], [7], navigation help [8], [9], obstacle avoidance
and fall detection [10].

To study the extension of the functions of walkers we have developed our
own family of walking aids based on the walker presented in [11]. Our walk-
ers can perform multi-functions such as navigation, street mapping, fall de-
tection/prevention and autonomous object recovery. In this work we use the
simplest version (Fig. 1), which is based on a commercially available 3-wheels
Rollator. It was instrumented with encoders at the two fixed rear wheels and a
3D accelerometer/gyrometer at the front with the purpose of determining the
walker’s trajectory on a 24/24 basis. A small, low energy consumption fit-pc
computer manages the measurements and records all the data. Compared with
the walkers proposed above, our walker is low cost, simple to be used at home
and its functions can be easily extended. This paper will present how it can be
used for medical monitoring of walking patterns.

Many studies have examined the effect of age on the walking by comparing
younger with older adults [12], [13], [14], [15], [16], [17], [18], [19]. These stud-
ies calculated some gait parameters, such as step length, gait cycle, step width,
cadence and gait speed [19], [20], [21], [22]. Some studies have considered also
gait variability [15], [23], [16], [24]. However, these usual gait parameters are not
sufficient and sensitive enough to evaluate the health state of elderly people,
and the results of previous studies are often inconsistent according to the con-
ditions of experiment. Another drawback of most studies is that these measures
are obtained on a reduced space with specialized laboratory equipment such as
motion capture systems and instrumented walkways, which may not be available
in many clinics and certainly not during daily activities. Thus the recent studies
used the wearable inertial sensors to analyze the fall risk of elderly people [25],
[26], [27]. Thanks to encoders and a 3D accelerometer/gyrometer, by using the
smart walker we can not only calculate accurately all the classical gait parame-
ters proposed above, but also avoid imposing constraints on the end-users. We
also can obtain the trajectory of the walker and therefore compare it with the
reference trajectory. This comparison will allow to establish several original gait
parameters which have not been considered in previous studies. Overall, using
our walker the gait characteristics can be described more comprehensively.

2 Methods

This section will explain how the walker can obtain the walking trajectory and
determine the stride while the subject is walking along a straight line. In addi-
tion, in order to validate our method, the obtained gait features will be compared
with the data given by a 6-camera motion capture system which is used for bio-
mechanical analysis [28].
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Fig. 1. The instrumented walking aid.

X

Y

d
θ

θ

dL

dR

D/2

D/2

Y

X
1

1

o

O

1

Fig. 2. Simple kinematic model of the walker.

2.1 Calculation of the trajectory

As shown in Fig. 2, the origin of the walker frame O1X1Y1 is supposed to be the
position of the middle point between the two rear wheels. The position of the
walker in a reference frame OXY is described by [x, y, θ], where θ describes the
walking direction of the rollator and represents the angle between the horizontal
axis of two rear wheels and the X axis. In our experiment of 10m straight line
walk test, as the reference trajectory was directed along the Y axis we have
θ = 0 at the beginning of the walker’s trajectory. The trajectory of the walker is
determined by using the encoders. Assuming that at the (k + 1)th time sample
moment the measurement of the encoders of two rear wheels are ∆L and ∆R,
the displacement of the left and right wheel are obtained by using (1):

dL =
2πr

4C · 360
∆L, dR =

2πr

4C · 360
∆R (1)

where r is the radius of the rear wheel and C is a constant parameter of the
transformation between the value of encoder and the wheel radius. The change
of the direction angle θ during the (k+1)th sampling time can be estimated as:

dθ = (dL− dR)/D, (2)

where D is the distance between the two rear wheels.
According to the kinematic model shown in Fig. 2, the changes of the walker’s

position can be obtained as follows [29]:

dx =
dL+ dR

2
sin(θk +

dθ

2
), dy =

dL+ dR

2
cos(θk +

dθ

2
) (3)

Finally, the new position of the walker can be calculated by using:

xk+1 = xk + dx, yk+1 = yk + dy, θk+1 = θk + dθ. (4)

Using the above equations, the trajectory of the walker can be determined by
using the encoders. The experiments have shown that after a straight line walking
of 10 meters the estimated positioning has an absolute accuracy better than 1cm.
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2.2 Step detection

Accelerometers are utilized to detect the walking stride in many studies [30], [31].
Most of methods use the peak value of forward acceleration to detect the walking
cycle. However, some steps do not lead to a high-peak forward acceleration, and
hence they are not counted although there is displacement during these periods.
A recent study [32] used thresholds on the magnitude of the gyroscope and
accelerometer signals to identify the zero velocity instant and regarded it as the
end of a step. Our walker also uses the gyrometer data to detect the walking
stride. An interesting contribution is that it allows one to differentiate the right
and left steps when the subject walks along a straight line. Indeed when the
subject is on the left (right) support phase the walking aid rotates on the left
(right). Hence the rotational velocity of the walker around the vertical axis,
which can be easily obtained by the gyrometer, is used to detect the walking
stride. Its zero value instant is regarded as the end of a step.

An example of measured rotational velocity after a low pass filtering for an
elderly people during walking along a 10m straight line is shown in Fig. 3. Since
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Fig. 3. Yaw angular velocity of the walker
when the subject walks along a straight ref-
erence trajectory with 10m. One step is fin-
ished when it passes zero.
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Fig. 4. Displacement of the walker during
every step. The results of left steps and
right steps were put together and they ap-
peared alternately.

the position of the walker at every moment has been calculated by using the
method presented in Section 2.1, the displacement of the walker during every
step, which is regarded as the step length of the subject, can be easily calculated
as soon as all the steps are detected, as shown in Fig. 4. Accordingly, all gait
speed characteristics (such as mean value, minimum and maximum value) can
be obtained for each step. With a sampling time of 1ms for the encoders and
4.8ms for the gyrometer, we may obtain a quiet reasonable accuracy on these
parameters.

2.3 Validation

The proposed methods are tested on a standard 4-wheels rollator equipped with
sensors and monitored by a motion capture system, as shown in Fig. 5. We
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attached 10 optical markers on the walker frame, wheel axis and handle. The
motion capture gives the 3D trajectory of the markers at a framerate of 200Hz.

RGBD sensor

Inertial

sensor

Encoder

Fig. 5. Walker and motion capture optical markers set-up [33]

The motion capture system is a high cost, whole body motion analysis system
widely used for bio-mechanical analysis. Its accuracy is studied in [28] among
other commercially available systems for the measurement of human motion.
The constructors give an accuracy of 0.6cm in a 3-m field of view. In [28], the
accuracy is evaluated by measuring the relative distance between two markers
set on a rigid target of known size (9cm) that rotates around a vertical axis.
The markers are seen by at most 3 cameras at each time frame. The results
show a maximum distance error of 1.2cm. Yet, no result is given on the absolute
distance error.

Validation of trajectory calculation Fig. 6 a. and Fig. 6 c. compare two
walker trajectories (straight line and U-turn) that are estimated using the en-
coder values with the trajectories obtained using the motion capture system.
The instantaneous velocity can also be estimated by mapping the time frames
to these measurements (Fig. 6 b. and Fig. 6 d.).

The straight line experiment shows that the distance estimation given by the
odometers and the motion capture system are similar. The encoders are able
to capture small deviations from the straight line. The U-turn experiment also
shows that the trajectory of the walker is well described, even when perform-
ing maneuver. Then, the encoders’ values can be used to describe the walker
trajectory and they give similar results as the motion capture system.

Validation of step detection The motion capture system tracks a marker set
attached to the feet of the person. It gives the Cartesian position of the feet in
a fixed Cartesian reference frame, which can be used to detect the steps. The
velocity of the feet can also be used to determine the number of steps and their
length. For example, the step starts when the velocity increases while it ends
when the velocity is below an arbitrary threshold, as shown in Fig. 7.
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The number of steps obtained using this method was compared with the
result of the method proposed in Section. 2.2, as shown in Fig. 7. The first graph
depicts the step detection by finding the zero value of the rotational velocity. The
second graph represents the step detection by finding the sagital velocity changes.
The third graph, at the bottom, compares the results of the two methods.
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Fig. 6. Walker’s trajectory and velocity estimation using the encoder (odometry) and
the motion capture system for two experiments: walking on a straight line (a. trajectory
and b. velocity) and U-turn (c. trajectory and d. velocity).

It is worth mentioning that the number of steps shown in the first graph
depends on the parameter of the low pass filter used for the angular velocity. If
the parameter is well chosen, the number of steps is quite the same as measured
with the motion capture system (see Fig. 7). If the low pass filter is not correctly
tuned, the starting moment of the steps is not accurately found and that will
impact the calculated step length and cadence.

In summary, our smart rollator gives results that are similar to motion cap-
ture data while being cheaper, more convenient to use and faster to set up.
Indeed, the motion capture has to be calibrated for each experiment, the marker
set up takes time and is sensible to skin motion, it is also dependent from the
abilities of the system operator and it is restricted to a small area (3-m field of
view for whole body tracking with a 6-camera system) with good illumination
condition. On the opposite, the walker only needs to be turned on, no calibration
is required, the measurements are totally independent from the system operator,
the user does not need to wear any marker and it is insensitive to condition while
it can be used for large displacements. Furthermore, the motion capture has a
framerate of 200Hz, while the encoders and inertial sensors are 1000Hz.
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Fig. 7. Comparison of the step numbers estimated with the gyroscope vs ground truth
given by the motion capture system. The rotational velocity values are filtered with a
Butterworth low pass filter with a coefficient of 0.02.

3 Gait analysis of a 10m walk test

Several classical tests used to assess the mobility of elderly people are the 10m
walk test (10mWT) (measure: time duration) [34], Timed Up and Go test (TUG)
(measure: time duration) [35], Tinetti Test (TT) (analysis of gait parameters
through a video) [36]. Such tests are easy to implement but are basically global
(the time for the 10mWT and the TUG may be identical for two subjects which
have however very different walking patterns) or are subjective (for the TT [37]).
Furthermore these tests are performed only during medical visits and conse-
quently are not appropriate to detect abnormal events in the walking patterns.
Our objective was to examine if the measurements of our walking aid allow one
to refine the output of the above walking tests.

For that purpose we have led a large scale experiment that was approved
by the regional ethical committee (Comité de Protection des Personnes). Each
subject was asked to walk along two specific trajectories while using the walker.
One is a 10m straight line and another is an inverted L-shaped trajectory (see
Fig. 12). The subjects are a group of young adults of INRIA (with age between
25 and 65 years, mean value 32) and a group of elderly people (age over 65 years)
of Nice hospital. No subject has pathological walking diseases and all of them
were asked to perform twice the trajectory with the walking aid.
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3.1 Results

There were 23 young adults and 25 elderly people that participated to the 10mWT.
The trajectories of all the subjects for the 10mWT are presented in Fig. 8. The ref-
erence trajectory is the horizontal axis and the vertical axis is scaled to illustrate
the lateral deviations between the real and reference trajectories. Fig. 8 clearly
shows that the elderly subjects have larger deviations than the young subjects.
The maximum lateral deviation between the real and reference trajectory of the
two groups is presented in Fig. 9. It illustrates that the results of the elderly have
a significantly larger deviation than that of the young subjects. For example, the
mean value of the maximum lateral deviation for the elderly is 11.048± 5.99 cm
while that for the young people is only 3.963± 2.301 cm.

Fig. 8. Trajectory of the subjects in the xy plane, where the blue color denotes the
elderly subjects and the red one denotes the young subjects. The reference trajectory
is the horizontal line: y = 0.

In addition, several other walking indicators calculated from a trajectory,
e.g., the area between the real and reference trajectory, the traveled Manhattan
distance and the orientation angle of the walker also reveal that the lateral
motion of the elderly is larger than the younger. It has been has shown that
there exists significant group difference in the medio-lateral displacement of the
center of mass between healthy elderly adults and elderly patients [38] . It is
consistent with our result and they reveal that walking accuracy can be regarded
as a pertinent walking quality index.

Since the user’s step can be detected by using our walker, most of gait param-
eters presented in the usual walking tests can be calculated or estimated, such
as step length, step period, gait speed, cadence, forward acceleration and vari-
ability of these gait parameters. Although the step width cannot be calculated
accurately, the analysis of the walker’s lateral motion in the previous section can
reflect the characteristic of the subjects’ step width.

Usually gait speed or walking velocity is regarded as a very important in-
dicator of health. Some studies claimed that older subjects exhibited signif-
icantly reduced gait speed compared to younger adults [12], [13], [19] while
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velocity of the two groups. The results are
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other studies showed that there were little or no differences in that [16], [17].
It has been shown that the gait speed depends on age, sex [20], use of mobility
aids, chronic conditions, smoking history, blood pressure, body mass index, and
hospitalization [22]. The instantaneous walking velocity can be derived from
the encoder measurements and Fig. 10 gives their maximum values. It shows
that the maximum walking velocity of the younger subjects is a little larger
than that of the elderly. For the elderly the mean value of the maximum walk-
ing velocity is 117.969 ± 15.851 cm/s and for the young people this value is
119.967 ± 16.019 cm/s. Hence there is no obvious difference between the two
groups, which is consistent with the result of [16], [17].

We have also compared step period, step length and their variability for the
two groups. Again, there is almost no difference between the two groups, which
explains why the two groups have similar walking speed. The mean values of step
period and step length of the elderly are 0.526± 0.1 s and 54.862± 11.643 cm,
and 0.537± 0.095 s and 55.050± 8.605 cm for the young people.

4 Gait analysis of an inverted L-shaped trajectory test

An inverted L-shaped reference trajectory is described in Fig. 12. During the
test, the subject was asked to walk along a 5m straight line, turn right (or left),
walk along a 5m straight line again, turn 180◦ and return to the starting point.
Hence the total traveled distance is 20m. The inverted L-shaped trajectory test
is considered because walking with turning is a common activity in our daily
life. Turning frequently causes loss of balance in all gait disorders [39], and it is
associated with increased risk of falling in elderly adults [40], [41].

Many analysis of turning are considered in TUG test or figure-of-eight walk-
ing test. These studies examined the usual gait parameters such as used time
[42], gait speed, stride length, cadence, double-limb support duration during
the turning [43]. Other methods assess accelerometer-derived parameters [44],
[26] and gyroscope-derived parameters [45]. Our objective is to find new quality
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index during turning phase by using the walker instrumented with an accelerom-
eter/gyrometer, which may help doctors to evaluate the fall risk of the elderly.

time(s)
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Yawangle(°)

walk1 turn1  walk2 turn2 walk3 turn3 walk4
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Fig. 11. Yaw angle and yaw angular velocity of an elderly subject during the inverted
L-shaped trajectory test.

4.1 Detection of distinct phases

Since the inverted L-shaped trajectory test consists of a sequence of activities
such as walking, 90◦ turning and 180◦ turning, it is necessary to evaluate the
user’s ability in distinct phases or activities to make the test more sensitive.
Several studies use wearable inertial sensors to detect the phases in TUG test
by using the Euler angles or angular velocity signals that had been processed
by filters [25], [26]. Some specific algorithms used to filter out the noise of the
sensors for the detection are presented in [27], [46]. Here we use filtered yaw
angle and yaw angular velocity to detect each activity and the test was divided
into seven phases in sequence: walk 1, turn 1 (walking with 90◦ turning), walk
2, turn 2 (walking with 180◦ turning), walk 3, turn 3 (walking with 90◦ turning)
and walk 4, as shown in Fig. 11 and Fig. 12. For example, Fig. 11 presents both
yaw angle and yaw angular velocity signals of an elderly subject during the test.
In order to follow the reference trajectory shown in Fig. 12, the yaw angle of the
walker changes from 0◦ to a nearby value of −90◦, 90◦ and 180◦ respectively at
the end of turn 1, turn 2 and turn 3. When the yaw angular velocity passes zero
and the yaw angle signal starts to increase or decrease suddenly, the turn phase
starts. From this moment when the yaw angular velocity passes zero again, the
turn phase ends.
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As soon as the onset and offset of the three turn phases are detected, the
duration of all the seven phases are obtained. During the four walk phases, the
yaw angular velocity passes zero several times although the yaw angle almost
keeps a constant value, and these zero-pass moments can be used to detect the
user’s steps, which has been presented in the previous section.

Fig. 12. Inverted L-shaped reference
trajectory.

Fig. 13. Trajectory of the elderly (blue color)
and young people (red color) in the xy plane.

4.2 Results

There were 25 young adults (between 25 and 65 years, mean value 32) and 12
elderly people (> 69 years) that participated to the inverted L-shaped trajectory
test. The walking trajectories of the two groups using the walker are presented
in Fig. 13, which clearly shows that most of the elder subjects cannot follow
exactly the reference trajectory. This is consistent with the result of 10mWT (see
Fig. 8 and Fig. 9), meaning that the deviation between the reference trajectory
and the followed trajectory can be always regarded as a walking indicator.

Turning duration is always an important index to be examined in the TUG
test. It has been claimed that the elderly or people that has higher fall risk use
more time during turning [25], [26], [27]. Fig. 14 presents the duration of each
phase for the two groups. It clearly shows that the duration of all turning phases
for the elderly is longer than that of the younger group, which is consistent
with the result of previous studies. However, during the walking phases without
turning, the elderly use less time. One reason which could explain this is shorter
walking distance of the elderly (see Fig. 13) , with similar walking velocity of
two groups, as presented in the previous section.

Using only the time parameter to evaluate the fall risk of the subject is
obviously not sufficient. To further investigate this issue, other gait parameters
derived from the walker will be assessed. From the walking trajectories shown in
Fig. 13, we can see that the elderly need larger space to complete a turn. Hence
it is interesting to compare the maneuver area, which is surrounded by a turning
trajectory and a straight line that connects the start and end of the turning,
as shown in green shadings of Fig. 12. Fig. 15 indicates that the maneuver area
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Fig. 14. Comparison of the duration of each phase for young and elderly people.

of the elderly is significantly larger. Hence it can be regarded as an important
indicator to quantify the maneuvering ability of subjects.
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Fig. 15. Comparison of the maneuver area
of each turning phase for the two groups.
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Fig. 16. Comparison of the RMS value of
yaw angular velocity for the two groups.

Root mean square (RMS) is a statistical measure of the magnitude of a
varying quantity and is especially useful for sinusoids. We compared the RMS
value of yaw angular velocity during turning phases between the two groups
(Fig. 16). It clearly shows that during turning phases the young people has a
higher RMS value of yaw angular velocity. The value of every subject during the
turn around phase (turn 2) is presented in Fig. 17. It indicates that almost all
members of the elderly group has lower RMS value of yaw angular velocity except
for one member (92.54◦/s). In addition, the trajectory of this subject, presented
in Fig. 18, shows that the maneuver area during turn 2 phase is very small, and
almost equal to the one of the young people. In order to further investigate this
issue, Fig. 19 presents the maneuver area and yaw angular velocity during turn
2 phase for all subjects. It shows that during the turning phase the young people
has high RMS value of yaw angular velocity and a small maneuver area. This
indicates that the two groups can almost be discriminated only by using these
two indicators. Moreover, for the one subject that has the maximum RMS value
of yaw angular velocity (92.54◦/s) in the elderly group, the maneuver area is
only 857.4 cm2. Thus in Fig. 19 this point can be classified into the young group,
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which can explain the abnormality of Fig. 17. The RMS value of acceleration
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Fig. 17. RMS value of yaw angular velocity
during the turn 2 phase for the two groups.
The results are sorted in ascending order.
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Fig. 18. Trajectory of the elderly subject
that has the maximum RMS value of yaw
angular velocity during the turn 2 phase.

during each phase is compared for the two groups in Fig. 20. It reveals:

– all the subjects exhibit a larger acceleration during turning phases than
during walking phases,

– for the elderly, the difference between the acceleration during turning phase
and walking phase is significantly smaller,

– the elderly have smaller acceleration than the young people during the turn
around phase while they exhibit a larger acceleration during walking phases.
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Fig. 19. RMS value of yaw angular velocity
as a function of the maneuver area during
the turn around phase (turn 2).
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In summary, by using the smart walker instrumented with inertial sensors,
the subject’s gait can be assessed by the above indicators. Besides, we also
compared other parameters for the two groups. Derived indicators during the
10m straight line test and the turn around phase of inverted L-shaped trajectory
test are summarized in Table 1.
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Table 1. Gait indicators obtained during 10mWT and turn around phase of the inverted
L-shaped trajectory test by using the walker, where S means small and L means large.

10m straight trajectory Inverted L-shaped trajectory

Indicators Old Young Indicators Old Young

Lateral deviation L S Turning duration L S

Manhattan distance L S Maneuver area L S

Orientation angle L S RMS value of angular velocity S L

Forward acceleration L S Amplitude of angular velocity S L

Percentage of forward support S L RMS value of acceleration S L

5 Conclusions

This paper proposed a gait analysis method an instrumented walker. The results
of a 10 m straight line test and an inverted L-shaped trajectory test for a group
of young adults and a group of elderly people were compared comprehensively.
The gait of the two groups were analyzed during both walking phases and turn-
ing phases. Several indicators that exhibit significant difference between the two
groups were obtained, such as the maximum lateral deviations, the orientation
angle and the traveled Manhattan distance. For the elderly these indicators are
much larger than that of the young people, which indicates that the walking ac-
curacy of the elderly is lower. Moreover, we found there is no obvious difference
in step length, step period and walking speed between two groups, which is con-
sistent with some previous studies. It reveals that these classical gait indicators
are neither sufficient nor sensitive enough to evaluate the fall risk of the elderly.

For the inverted L-shaped trajectory test we found that indicators derived
form the walker’s sensors can be used to classify the gait quality of subjects. For
example, during the turning phases for the elderly the maneuver area is larger
and the RMS value of angular velocity is smaller than that of the young people.
In addition, for the elderly during turning phases the RMS value of acceleration
is lower than that of the young people while during the walking phases it is larger
than that of young people. Surprisingly this is inconsistent with previous studies
[25], [26], which claimed that during both walking phases and turning phases the
RMS values of acceleration for the group with high fall risk are smaller than that
of the group with lower fall risk. However, during the 10mWT we also found that
the elderly have larger forward acceleration and the walking velocity of the two
groups are similar. Our interpretation is that elderly people are more familiar
with walking aids and have walking patterns that benefit from such an aid, while
younger people have a more dynamic pattern that is jeopardized by the aid. An
open issue is to deduce the gait indicators for natural gait without the walker
from the measurements obtained with the walker.
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