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Table 2 Datasets used in the experiments. Abnormality on the body part(s) refers to the body
part(s) with tools for simulating the physical situation of the elderly. #skeletons represents
the number of skeletons.

Dataset #skeletons Person Abnormality on the body part(s)

A0 799 A none
A1 658 A visual deficit α
A2 764 A visual deficit β
A3 701 A mobility limitation 1
A4 638 A mobility limitation 1 & weakness 1
A5 680 A mobility limitation 2
A6 609 A mobility limitation 2 & weakness 2
B0 593 B none
B1 833 B visual deficit α
B2 691 B visual deficit β
B3 789 B mobility limitation 1
B4 785 B mobility limitation 1 & weakness 1
B5 746 B mobility limitation 2
B6 913 B mobility limitation 2 & weakness 2
C0 979 C none
C1 1048 C visual deficit α
C2 1071 C visual deficit β
C3 1288 C mobility limitation 1
C4 1296 C mobility limitation 1 & weakness 1
C5 1151 C mobility limitation 2
C6 1144 C mobility limitation 2 & weakness 2
D0 1319 D none
D1 858 D visual deficit α
D2 991 D visual deficit β
D3 517 D mobility limitation 1
D4 811 D mobility limitation 1 & weakness 1
D5 426 D mobility limitation 2
D6 1186 D mobility limitation 2 & weakness 2

6 Experiments

6.1 Conditions

In the experiments for evaluating our methods, we used seven kinds of datasets
of four persons A, B, C and D as shown in Table 2. Each dataset consists of
skeletons in a five-minute walk. To collect datasets, we conducted experiments in
the room as shown in Fig. 14.

The robot platform is TurtleBot2 with Kobuki11 (Kobuki). Our Kobuki had a
notebook PC Panasonic CF-SX3. The width, the depth and the height of Kobuki
are about 37cm, 37cm and 46cm, respectively, and a Kinect was mounted on the
top of the robot. The service-oriented DSMS was run on a notebook PC Panasonic
CF-SX2 and the PC and the robots were connected to a wireless LAN router NEC
Aterm WG1800HP (we used IEEE802.11a). Specifications of the PCs are shown
in Table 3. A person walked in the environment and our system observed skeletons
using the two mobile robots which are shown in Fig. 15.

To compare all datasets, we manually removed non-human skeletons and bro-
ken skeletons which largely deviate from walking postures of a human from the

11 http://kobuki.yujinrobot.com/home-en/about/reference-platforms/turtlebot-2/
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Fig. 14 Environment of the experiments (width × height ≃ 6.5m × 4.5m)

Table 3 Specifications of the PCs

Mobile robot Service-oriented DSMS
PC CF-SX3 CF-SX2
CPU Core i7-4500U Core i7-3540M

Operation frequency 1.8GHz 3.0GHz
(using Intel Turbo Boost Technology) max 3.0GHz max 3.7GHz

Main memory 4GB RAM 4GB RAM

Fig. 15 TurtleBot2 with Kobuki

datasets. These skeletons were mistakenly taken from the wall or the floor or con-
tain serious errors such as having the twice longer right arm than the left or both
feet being 10cm above the ground. We consider that it is easy to remove these
non-human and broken skeletons automatically by using a classification method
because they largely differ from normal skeletons. A0, B0, C0 and D0 are normal
gait datasets which consist of safe skeletons. In other datasets, the target human
wore one or more tools on his/her eyes, one leg or both legs to become in a poor
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Fig. 16 Tools for simulating the physical situation of the elderly. The left: the goggle simulates
a visual deficit. The center: the band limits the movement of the knee joint. The right: the 1kg
load simulates the decrease of the physical strength.

physical situation for walking12. We call the influence of such tools abnormalities.
Since the target human often took unsafe postures due to the abnormalities, each
of these datasets consists of safe and unsafe skeletons and is regarded as abnor-
mal. The tools (Sanwa 104-998)13 for realizing these abnormalities are shown in
Fig. 16. They are used to simulate the physical situation of the elderly. The goggle
was used with two kinds of filters: clouded or narrowed. The person with “visual
deficit α” used the goggle with the narrowed filter and with “visual deficit β”, the
person walked using the goggle with the both filters. The band which limits the
movement of the knee joint and the weight which places a 1kg load on the leg sim-
ulate the decrease in physical strength. The person with “mobility limitation 1”
and “mobility limitation 2” wore the one or two bands on his/her one knee and
both knees, respectively. In addition to the mobility limitations, the person with
“weakness 1” and “weakness 2” wore the one or two weights on his/her one ankle
and both ankles, respectively.

Fig. 17 shows a snapshot of the experiments for the abnormal gait dataset A4.
We compared our method against a simplified method using the z-score normal-
ization, which is often used for normalization of features, instead of our focus-on
transformation. The z-score normalization assumes that a feature value v follows
a normal distribution and converts v into v′ to follow the standard normal distri-
bution as shown in Equation (27).

v′ =
v − µv

σv
(27)

Here µv and σv are the mean and the standard deviation of vs which were extracted
from a normal gait dataset Dpost. For each method we tested three sets of the
instability features: the previous two only, the proposed two only and all four.

The value for the absorption threshold θleaf of BIRCH yields various numbers
of clusters; for a specific combination of the dataset D, the instability feature set
X and the preprocessing method Γ of clustering. Thus we define a normalized
threshold θ′leaf as follows.

θ′leaf =
θleaf

maxD Θleaf(X , Γ |D)
(28)

12 Although it is the best way to prepare datasets taken from healthy elderly people, it is
difficult for us to prepare such datasets. This is because we cannot guarantee their safety
completely.
13 The tools are introduced to various domains, e.g., education, social welfare, home builder,
airline company and vocational training. From 2011, the tools were used in several news pro-
grams. Therefore, we consider that the tools simulate the physical situation of the elderly
adequately.
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Fig. 17 Snapshot of the experiments (A4)

Here Θleaf(X , Γ |D) represents the minimum value of θleaf yielding a single cluster
from D by using a method using Γ with X . To simplify the experiments, we
assume that the clustering method always obtains a single cluster when θleaf is
greater than Θleaf(X , Γ |D). A larger value for θleaf gathers less similar skeletons
into a cluster, thus the value tends to yield smaller number of clusters. Clustering
using θ′leaf = 1 gathers all skeletons in each dataset into a single cluster and using
θ′leaf = 0 does not gather any skeletons.

To evaluate a combination of Γ and X , our method uses the similarity between
two normal gait datasets Dstable and Dnormal and the similarity between a normal
gait dataset Dstable and an abnormal gait dataset Dabnormal. Dstable and Dnormal

were selected or created from the normal gait datasets of the four person A, B,
C and D. On the other hand, Dabnormal was selected from the abnormal gait
datasets of the persons. We conducted two kinds of experiments: (1) the datasets
which were used for Dstable, Dnormal and Dabnormal were taken from a single person
and (2) Dnormal and Dabnormal were taken from a single person while Dstable was
taken from another person. In the experiments (1), we consider a case that the
gait of the target human is monitored periodically (e.g., every month) for a long
term and we can prepare a normal gait dataset of the target for Dstable. In the
experiments (2), we consider a more practical case that a normal gait dataset of
the target is unavailable, but a normal gait dataset of another person is available
for Dstable.

In addition to the experiments, we evaluated our clustering method from prac-
tical viewpoints: (3.1) how many skeletons our method needs to judge whether a
gait is normal or abnormal and (3.2) whether several clusters mostly consist of
unsafe postures which are useful in inspecting fall risks. The experiments (3.1)
exhibit that how long the target elderly person has to walk for fall risk discovery.
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The experiments (3.2) inform us that how useful information is included in the
obtained clusters to inspect the fall risks.

6.2 Using Datasets of One Person

In the experiments (1), we employed a half of the normal gait dataset as Dstable

and regarded the remaining half as Dnormal so that we used the datasets taken
from a single person for Dstable, Dnormal and Dabnormal. For example, to ob-
tain the evaluation measure E(X , Γ ) for A1, the normal gait dataset A0 =
{S(0, r(0)), ...,S(T, r(T ))} was divided into the first half A01st and the remaining
half A02nd and then we calculated E(X , Γ ) as follows.

A01st = {S(0, r(0)), ...,S(⌊T/2⌋, r(⌊T/2⌋))} (29)

A02nd = {S(⌊T/2⌋+ 1, r(⌊T/2⌋+ 1)), ...,S(T, r(T ))} (30)

E(X , Γ ) = ∆X ,Γ (A01st,A02nd)

−∆X ,Γ (A1,A01st) +∆X ,Γ (A1,A02nd)

2
(31)

The results are shown in Figs. 18-21. In each figure, there are six kinds of plots
each of which uses a different dataset as Dabnormal. We show the results in the
figures for each person because there is the difference among representations of
fall risks due to the difference of the individuals. The vertical axis represents the
measure E(X , Γ ) of our evaluation method for a combination of a preprocessing
method Γ and a set of features X . A high value for E(X , Γ ) indicates that the
method obtains clusters in which Dnormal and Dabnormal have different occurrence
frequencies of skeletons. The horizontal axis represents the normalized threshold
θ′leaf

14 of BIRCH. A high value for θ′leaf indicates that the method obtains a few
clusters which are useful in inspecting the fall risks in the skeletons. When both
E(X , Γ ) and θ′leaf exhibit high values, the method has a high ability to identify
abnormal gaits and obtain useful information in inspecting the fall risks. In each
right plot in Figs. 18-21, the target person had larger abnormalities on his/her
walking postures than in the left plot in the same row. Therefore the right three
plots in each figure tend to show higher performance than the left three plots.

In the datasets taken from the persons A and D in which fall risks appear
as instabilities of postures, our method using the focus-on transformation with
the proposed features outperforms the other methods. For example in A4&A0,
E(X , Γ ) of our method exhibits 0.021 when θ′leaf is equal to 0.55. In contrast to our
method, the other methods exhibit no more than 0.002 for E(X , Γ ) in θ′leaf ≥ 0.55.
Although the combination of the z-score normalization and the proposed features
has a peak at E(X , Γ ) = 0.11 in θ′leaf = 0.13, there are 81 clusters. Therefore, the
combination of the focus-on transformation with the proposed features is effective
to discover fall risks which appear in walking postures as instabilities.

In the datasets C2&C0, C4&C0 and C6&C0, fall risks appear as slower
walking speed and shorter strides, but not instabilities of postures. Consequently,
the previous features are as effective as the proposed features. When the target
human walks more slowly, the center of gravity of his/her body does not move

14 We employ the normalized threshold θ′leaf as the horizontal axis instead of the number of
clusters because we confirm the difficulty to select an optimal value for θ′leaf .
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Fig. 18 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (1) (on the dataset of the person A). The combination of the focus-on transfor-
mation and the proposed features shows high performance except A3&A0 because the fall
risks appeared in skeletons as instabilities.
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Fig. 19 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (1) (on the dataset of the person B). The datasets, especially B0, are too noisy for
the proposed features, thus the method using the focus-on transformation with the proposed
features exhibits negative values for E(X , Γ ).
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Fig. 20 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (1) (on the dataset of the person C). There is an irregular case in which fall risks
appear as lower walking speed and smaller strides, thus the previous features are accidentally
as effective as the proposed features.
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Fig. 21 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (1) (on the dataset of the person D). In four out of the six plots, the combination
of the focus-on transformation and the proposed features shows high performance while θ′leaf
exhibits high values. Thus our method is effective to discriminate the normal and the abnormal
gaits for the person such as D.
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forward relatively, thus δHC exhibits a lower value. When the target human walks
with shorter strides, his/her ankles are close to the center of his/her shoulders on
the horizontal plane, thus αW exhibits a lower value. Therefore the previous fea-
tures δHC and αW accidentally discriminate the normal and the abnormal gaits.
However, δHC and αW reflecting slower walking speed and shorter strides exhibit
similar values extracted from standing postures. Thus the focus-on transforma-
tion does not emphasize the differences of δHC and αW in C2&C0, C4&C0 and
C6&C0 and induces negative evaluation values.

In the datasets taken from the person B except B6&B0, the method using
the focus-on transformation with the proposed features exhibits negative values
for evaluation measure E(X , Γ ). Skeletons in the datasets are too noisy for the
proposed features, thus the methods using the proposed features do not show high
performance. Unfortunately, the focus-on transformation emphasizes the effect
of noise. Since skeletons are noisy, all methods show low performance in several
datasets such as B1&B0 and B5&B0.

6.3 Using Normal Gait Dataset of Another Person for the Subject

It is difficult to prepare the normal gait dataset of the target elderly as Dstable ex-
cept several cases in which the gait of the target is monitored periodically for a long
term, e.g., every month. Therefore, it is useful to employ the normal gait dataset
of another healthy person as Dstable. The experiments (2) employed a normal gait
dataset of another person as Dstable. For example, we calculated ∆X ,Γ (A0,B0),
∆X ,Γ (A0,C0) and ∆X ,Γ (A0,D0) and used the average value of these similarities
as ∆X ,Γ (A0,Dstable).

The results of the experiments are shown in Figs. 22-25. As the same to the ex-
periments (1), the right three plots in each figure tend to show higher performance
than the left plots. In the datasets taken from A and D, in which fall risks appear
in postures as instabilities, our method using the focus-on transformation with the
proposed features outperforms the other methods. For example in A2&A0, our
method achieves E(X , Γ ) = 0.030 in θ′leaf = 0.72, but the other methods exhibit
no more than 0.003 for E(X , Γ ) while θ′leaf exhibits more than 0.59.

In Fig. 23 except B2&B0, all methods show low performance. This is because
the noisy skeletons in B0 are dissimilar to skeletons in each normal gait of the
other three persons, thus the positive term ∆X ,Γ (Dnormal,Dstable) of E(X , Γ )
(refer to Equation (5.3.2)) becomes low. In the datasets taken from C, the method
using the focus-on transformation with the previous features exhibits negative
values for E(X , Γ ) around θ′leaf = 0.40. In contrast to the experiments (1), the
previous features are considered to be ineffective to detect fall risks in C. As we
explained in Section 6.2, the previous features δHC and αW exhibit lower values
reflecting lower walking speed and smaller strides. However, the values are similar
to the values which are extracted from skeletons in another normal gait, thus the
methods using the previous features do not show high performance as same as in
the experiments (1). On the other hand, though our method using the focus-on
transformation with the proposed features does not exhibit high evaluation values
in the datasets taken from C, our method tends to outperform the other methods.
For example in C1&C0, the proposed features inhibit negative evaluation values.
The same effect also appears in C3&C0. For example in C4&C0, the combination



Skeleton Clustering by Multi-Robot Monitoring for Fall Risk Discovery 33

-0.04

 0

 0.04

 0.08

E
(X

,Γ
)

A1&A0 based on B0, C0, D0

Z-score (previous)
Z-score (proposed)

Z-score (all)

A2&A0 based on B0, C0, D0

Focus-on (previous)
Focus-on (proposed)

Focus-on (all)

-0.04

 0

 0.04

 0.08

E
(X

,Γ
)

A3&A0 based on B0, C0, D0 A4&A0 based on B0, C0, D0

-0.04

 0

 0.04

 0.08

 0  0.2  0.4  0.6  0.8  1

E
(X

,Γ
)

θ’leaf

A5&A0 based on B0, C0, D0

 0  0.2  0.4  0.6  0.8  1
θ’leaf

A6&A0 based on B0, C0, D0

Fig. 22 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (2) (using the abnormal gait datasets of the person A). In five out of the six plots,
the method using the focus-on transformation with the proposed features exhibits high values
for E(X , Γ ) while θ′leaf exhibits high values.
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Fig. 23 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (2) (using the abnormal gait datasets of the person B). All methods show low
performance because B0 is dissimilar to the normal gait datasets of the other three persons
due to noise.
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Fig. 24 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (2) (using the abnormal gait datasets of the person C). In contrast to the first
experiments, the previous features are not effective because fall risks appear in skeletons as
slower walking speed and shorter strides, but not instabilities.
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Fig. 25 The evaluation measure E(X , Γ ) in terms of the threshold θ′leaf : the results of the
experiments (2) (using the abnormal gait datasets of the person D). In four out of the six
plots, the method using the focus-on transformation with the proposed features shows high
performance while θ′leaf exhibits high values.
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of the focus-on transformation and the proposed features exhibits E(X , Γ ) = 0.01
in θ′leaf = 0.77. Thus the method keep a high ability to discriminate safe and
unsafe skeletons when θ′leaf becomes high.

6.4 Evaluation from Practical Viewpoints

In the experiments (3.1) and (3.2), we evaluated each method from more practical
viewpoints: how many skeletons are necessary to identify an abnormal gait and
how useful information are included in the obtained clusters to inspect fall risks. In
the experiments (3.1), we used the datasets taken from the person D and normal
gait datasets of the other three persons in the same way as the experiments (2).
The normalized thresholds θ′leaf which we used are shown in Table 4. The results
are shown in Fig. 26.

There are six plots which are different from each other in terms of the combina-
tion of a preprocessing method Γ and an instability feature set X . The vertical axis
represents the similarity ∆X ,Γ (D,Dstable) between two datasets D and Dstable in
terms of the occurrence frequency of skeletons with respect to the obtained clus-
ters. Here D was selected from the dataset taken from D and ∆X ,Γ (D,Dstable)
was an average value of the similarities each of which used one of A0, B0 and
C0 as Dstable. The horizontal axis represents the number of skeletons from D and
∆X ,Γ (D,Dstable) was calculated when every ten skeletons of D were input as data
points into the CF tree constructed from the skeletons in Dstable.

After about 500 skeletons were input, the values for ∆X ,Γ (D,Dstable) in Fig. 26
became stable and the difference between D0 and another dataset became large.
Therefore, our approach needs more than 500 skeletons to discover subtle fall risks
effectively in these settings. To calculate the skeletons per second in Table 5, we
regarded a computation time per skeleton longer than two seconds as the time that
the both robots lost sight of the target and excluded them. In the worst case, 4.43
skeletons were observed per second, so it takes about two minutes without missing

Table 4 Normalized thresholds θ′leaf which is used to estimate that how many skeletons are
necessary for each method to discriminate the normal and the abnormal gaits effectively (the
experiments(3.1)).

Z-score normalization Focus-on transformation
previous proposed all previous proposed all

θ′leaf 0.094 0.086 0.091 0.419 0.549 0.236

Table 5 Skeletons per second in each dataset

D skeletons/s D skeletons/s D skeletons/s D skeletons/s

A0 5.52 B0 5.59 C0 6.87 D0 7.77
A1 4.74 B1 4.71 C1 6.94 D1 7.88
A2 4.80 B2 5.09 C2 7.26 D2 6.21
A3 4.43 B3 6.91 C3 7.50 D3 6.08
A4 4.58 B4 5.65 C4 7.20 D4 7.55
A5 4.44 B5 8.03 C5 6.94 D5 5.44
A6 4.71 B6 7.29 C6 6.32 D6 8.54
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Fig. 26 Similarity in Section 5.3 in terms of the number of skeletons taken from the person
D. Before about 500 skeletons are input, the similarity is highly unstable.

time to observe 500 skeletons. We believe that two minutes are short enough not
to impose heavy burden on the target elderly.

In the results using the proposed features, the larger the number of skeletons
becomes, the lower the similarity ∆X ,Γ (D5,Dstable) becomes. If our monitoring
system observed more skeletons of D5, it may be possible to discover fall risks
more effectively. In the results using the focus-on transformation with the pro-
posed features, the similarity ∆X ,Γ (D1,Dstable) becomes high when the number
of skeletons is about 800. Such a case was considered as irregular, in which the per-
son D became familiar with the abnormality on his eyes and the method succeeded
in reflecting the change.

In the experiments (3.2), we show several postures in the obtained clusters from
a pair of the datasets A0 and D1 (or D6) using the focus-on transformation with
the proposed features. In this clustering, the numbers of input skeletons in D1
and D6 are limited to 500, respectively and we used the value for the normalized
absorption thresholds θ′leaf of BIRCH shown in Table 4. Several postures in the
obtained clusters are shown in Figs. 27 and 28. All postures shown in Figs. 27 and
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cluster 0
455/1218

cluster 1
33/57

cluster 2
1/8

cluster 3
0/4

cluster 4
4/4

cluster 5
3/3

cluster 6
0/1

Fig. 27 Examples of the obtained clusters from D1 with A0: n1/n2 represents that there are
n2 skeletons including n1 skeletons from D1 in the cluster. cluster 1, cluster 4 and cluster 5
mostly consist of skeletons from D1 and these clusters are considered to be useful in inspecting
the fall risks.

28 look like safe at a glance. However, several clusters mostly consist of postures
from D1 or D6 which look more unsafe than other postures. In these postures, the
subtle fall risks which are included in D1 and D6 are more apparent. Therefore,
we believe that our method using the focus-on transformation with the proposed
features can provide useful information in inspecting the subtle fall risks.
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cluster 0
418/1181

cluster 1
36/60

cluster 2
16/16

cluster 3
7/14

cluster 4
9/9

cluster 5
6/7

cluster 6
6/6

cluster 7
0/4

cluster 8
1/1

cluster 9
1/1

Fig. 28 Examples of the obtained clusters from D6 with A0: n1/n2 represents that there
are n2 skeletons including n1 skeletons from D6 in the cluster. cluster 2, cluster 4, cluster 6,
cluster 8 and cluster 9 mostly consist of skeletons from D1 and these clusters are considered
to be useful in inspecting fall risks.
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7 Conclusions

We developed an autonomous multi-robot monitoring system and tackled the prob-
lem of discovering fall risks: to discriminate normal and abnormal gaits and to
obtain useful information in inspecting fall risks. In this problem, we aim to pre-
vent dangerous situations in which an elderly person is likely to fall. Since unsafe
skeletons, in which fall risks appear as slight instabilities, are similar to safe skele-
tons, our problem is challenging. It is difficult to reflect small instabilities of unsafe
skeletons, thus we need features which are sensitive to the instabilities. There are
no obvious boundary between safe and unsafe skeletons, thus we need a method
enabling clustering to focus on the difference between safe and unsafe skeletons. It
is difficult to find unsafe skeletons at a glance, thus we need an evaluation method
which does not need a class label for each skeleton.

To discriminate safe and unsafe skeletons, we proposed two instability features
and a preprocessing method for skeleton clustering. The features, the horizontal
deviation of the upper and lower bodies and the curvature of the back, are sensitive
to instabilities which are caused by subtle fall risks. The preprocessing method,
the focus-on transformation for an instability feature, emphasizes the difference
between safe and unsafe skeletons. To identify an abnormal gait, we defined a
similarity between two datasets in terms of the occurrence frequencies of skeletons
with respect to the obtained clusters. By using the similarity, we proposed an
evaluation method which uses two normal and an abnormal gait datasets.

To evaluate our method, we conducted three kinds of experiments by using
seven kinds of gait datasets of four persons. The datasets of each person consist
of a normal gait dataset and six kinds of abnormal gait datasets. In the first
experiments, we assumed that a situation that an elderly person is monitored
periodically, e.g., every month to confirm whether he/she walks with fall risks.
Thus our evaluation method used the datasets of a singular person for calculating
two kinds of similarities. In the second experiments, we assumed that a normal
gait dataset of the target person were not available for identifying whether the
gait which is observed as having fall risks. Thus we used a normal gait dataset
of another person for calculating the similarity between two datasets. The third
experiments were conducted from more practical viewpoints: how many skeletons
are necessary to identify an abnormal gait and whether there are several clusters
which mostly consist of unsafe skeletons.

The first and second experiments exhibited that our method using the focus-on
transformation with the proposed features mostly outperformed the other methods
when fall risks appeared in skeletons as instabilities. In an irregular case, fall
risks appeared as slower walking speed and shorter strides, The previous features
reflected the difference between a normal gait and an abnormal gait which had such
fall risks. Thus the previous features were as effective as the proposed features in
the first experiments. However, the previous features were ineffective in the second
experiments because the features exhibited similar values extracted from standing
postures.

In the third experiments, the similarity between two datasets became stable
and the difference between a normal and an abnormal gait datasets became large
after about 500 skeletons were input. By using our monitoring system, it took
about two minutes without missing time to observe 500 skeletons. In the obtained
clusters, there were several clusters which mostly consist of postures from the
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abnormal gait dataset and these postures look more unsafe. Thus these clusters
were considered to be useful in inspecting fall risks. Therefore, our method using
the focus-on transformation with the proposed features is effective to discover fall
risks when more than 500 skeletons are observed and fall risks appear in skeletons
as instabilities.

Future work includes an investigation on the effective range of the evaluation
method in terms of its robustness as well as alternative theoretical methods which
are valid for a wider range of problems.
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