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Abstract

Background: Accidental falls remain an important problem
in older people. The five-times-sit-to-stand (55TS) test is com-
monly used as a functional test to assess fall risk. Recent ad-
vances in sensor technologies hold great promise for more
objective and accurate assessments. Objective: The aims of
this study were: (1) to examine the feasibility of a low-cost
and portable Kinect-based 5STS test to discriminate between
fallers and nonfallers and (2) to investigate whether this test
can be used for supervised clinical, supervised and unsuper-
vised in-home fall risk assessments. Methods: A total of 94
community-dwelling older adults were assessed by the Ki-
nect-based 5STS test in the laboratory and 20 participants
were tested in their own homes. An algorithm was developed
to automatically calculate timing- and speed-related mea-
surements from the Kinect-based sensor data to discriminate
between fallers and nonfallers. The associations of these
measurements with standard clinical fall risk tests and the
results of supervised and unsupervised in-home assessments
were examined. Results: Fallers were significantly slower

than nonfallers on Kinect-based measures. The mean velocity
of the sit-to-stand transitions discriminated well between the
fallers and nonfallers based on 12-month retrospective fall
data. The Kinect-based measures collected in the laboratory
correlated strongly with those collected in the supervised
(r=0.704-0.832) and unsupervised (r=0.775-0.931) in-home
assessments. Conclusion: In summary, we found that the Ki-
nect-based 5STS test discriminated well between the fallers
and nonfallers and was feasible to administer in clinical and
supervised in-home settings. This test may be useful in clini-
cal settings for identifying high-risk fallers for further inter-
vention or for regular in-home assessments in the future.

© 2015 S. Karger AG, Basel

Introduction

Falls remain an important problem for older people
with a yearly fall probability between 30% from the age of
65 years and 50% from the age of 85 years. Falls are the
leading cause of injury-related hospitalizations in old age
and are associated with a variety of risk factors: slow reac-
tion time, poor balance and weak muscle strength [1-3].
For targeted fall prevention to be successful, it is first nec-
essary to identify people at risk, to introduce standardized
and reliable assessment measures and, then, to put appro-
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priate interventions in place. Various fall risk screening
tools have been developed and tested with moderate ac-
curacy. These assessments often rely on self-reports (i.e.
questionnaires), have low precision (i.e. stopwatch time),
are expensive (i.e. require specialized equipment) or pro-
vide a one-time snapshot under ideal circumstances [4].
Recent advances in sensor technologies hold promise for
task-specific assessments with greater accuracy that can
be performed regularly by older people at home or while
undertaking daily activities [5].

The sit-to-stand test with five repetitions [five-times-
sit-to-stand (5STS) test] is a functional test that is com-
monly used in clinical settings to assess fall risk [6, 7]. The
person is asked to stand up and sit down from a chair five
times as quickly as possible with their arms folded. Previ-
ous studies have shown that performance on the 5STS is
associated with reduced lower-extremity muscle strength
[8, 9], impaired balance [9-11], reduced reaction time
and psychological factors such as pain and vitality [9].
Studies have shown that the 5STS performance is slower
in frailer populations and people with balance disorders
[12]. Performance is usually measured in seconds, as the
total stopwatch-measured 5STS time from the initial seat-
ed position to the final seated position after completing
five stands. A 5STS time longer than 12-15 s has been as-
sociated with a higher risk of falling [6, 13], but there is
no general agreement on the threshold that should be
used to identify fallers.

The use of sensor technologies can provide a more de-
tailed analysis of the movements during the 5STS which
might help to improve the identification of fallers. Recent
research has used inertial sensors, especially wearable ac-
celerometers and gyroscopes, to quantify sit-to-stand
performance in the laboratory [14-16]. The new genera-
tion of inertial and optical sensors (e.g. Microsoft Kinect)
is small, portable and inexpensive and can easily be used
also outside of the laboratory. Previously, the Kinect has
demonstrated good accuracy compared to a gold stan-
dard Vicon motion analysis system for the 55T test [17].

As part of this study, we examined the feasibility of the
Microsoft Kinect, a low-cost, portable and marker-free
computer vision sensor in a directed routine 5STS test
(‘Kinect-based 5STS’). We hypothesized that a detailed
analysis of the participants’ movements during the Ki-
nect-based 5STS discriminates well between fallers and
nonfallers and will show stronger associations with estab-
lished clinical fall risk measures when compared to the
standard stopwatch-measured 5STS time. Secondly, we
investigated whether the Kinect-based 5STS can be used
for supervised and unsupervised in-home assessments.

Kinect-Based 5STS Test for Assessment of
Fall Risk

Fig. 1. Illustration of the Kinect-based 5STS.

Methods

Participants

A total of 94 community-dwelling older adults living in retire-
ment villages in Sydney, N.S.W., Australia, participated in this
study. The sample was drawn from two randomized controlled
trials; 41 people were control group participants in the SureStep
interactive step training trial (Australian New Zealand Clinical
Trial ID: ACTRN12613000671763) and 53 were control or inter-
vention group participants in the iStoppFalls trial (ACTRN-
12614000096651) [18]. The in-home assessments were conducted
with the iStoppFalls intervention participants as part of the larger
iStoppFalls trial [18]. The inclusion criteria were: living in the
community, aged 65 years or older and being ambulant with or
without the use of a walking aid. The exclusion criteria were: being
medically unstable, suffering from major cognitive impairment
(Mini-Cog <3), neurodegenerative disease or color blindness.
Written informed consent was obtained from all participants prior
to data collection. The study was approved by the University of
New South Wales Human Studies Ethics Committee.

Kinect-Based 5STS

The Kinect-based 5STS relies on motion capture technology to
assess performance on the 5STS. When conducting the test, par-
ticipants saw themselves represented as an avatar in a virtual test
environment on a television screen, and their movements were
synchronously reflected by the avatar movements (fig. 1). The sys-
tem consists of a personal computer, the Microsoft Kinect sensor
for Windows and the assessment software. The software program
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supports the test procedure by providing visual test instructions
and a test start countdown. Furthermore, it displays the avatar in
the virtual test environment during the test and stores the Kinect
data to the personal computer.

Laboratory Assessment

Participants were asked to stand up and sit down from a stan-
dard-height chair (45 cm) five times as quickly as possible with
their arms folded across their chest. Movements during the 5STS
were recorded with the Microsoft Kinect sensor; the total stop-
watch-measured 5STS time was documented for comparison. The
assessments were video recorded with two standard video cameras
(i.e. front and side view) to assist with the interpretation of any
unusual patterns in the data during the data analysis process. The
Physiological Profile Assessment (PPA) was used to estimate the
overall fall risk based on tests which assess sensorimotor abilities:
balance (sway when standing on a medium-density foam with eyes
open), lower-extremity muscle strength (knee extension), hand re-
action time, contrast sensitivity (Melbourne Edge Test) and pe-
ripheral sensation (proprioception) [19]. A medical history was
recorded during a face-to-face interview, including medications,
the presence of medical conditions and number of self-reported
falls in the past 12 months. A fall was defined as ‘an unexpected
event in which the person comes to rest on the ground, floor, or
lower level’ [20].

In-Home Assessment

The Kinect-based 5STS was conducted in the homes of a sub-
sample of 20 participants (8 fallers, 12 nonfallers) by a trained re-
searcher (i.e. supervised assessment). The time between baseline
(laboratory) testing and the in-home supervised assessment was
on average 40 (£20) days. Participants were asked to perform the
5S8TS unsupervised within the first 30 days after installing the sys-
tem. For this study, the correlations between (1) the laboratory and
supervised in-home assessment and (2) the laboratory and first
unsupervised in-home assessment were analyzed.
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Data Acquisition and Analysis

The Microsoft Kinect is a marker-free computer vision sensor
that can measure three-dimensional motion of a person. The Ki-
nect sensor was placed in front of the television screen at a height
of 80 cm and a distance of 200 cm from the participant. Skeleton
data of anatomical landmarks in world coordinates were recorded

using the Kinect Software Development Kit for Windows with a

frequency of 30 Hz and a resolution of 640 x 480 pixels.
Microsoft Kinect data from the vertical displacement of the

head movement were used to quantify sit-to-stand performance

(fig. 2). The offset of the data was corrected by using the coordi-

nates of the head tracking point during the start of the test as the

initial position. The global start and end point of the 5STS was de-
tected as the first vertical increase above the empirically found

threshold of 5 cm and the last decrease below 5 cm, respectively. A

sit-to-stand cycle was split up into four phases: sitting, sit-to-stand

transition, standing and stand-to-sit transition phase. A similar
threshold-based method to that described by Doheny et al. [21] for
accelerometer signals was used to detect the phases of the linear
displacement data of the 5STS.

Our algorithm used three steps to automatically quantify 5STS

performance (fig. 2):

(1) Identification of the mid-standing and mid-sitting points: the
signal (head position) was low-pass filtered using a 4th-order
Butterworth filter with a cutoff frequency of 2 Hz. Mid-stand-
ing and mid-sitting positions were defined by the peak and
trough, respectively.

(2) Identification of the start and end points of sitting and standing
phases: the standing phase started when the signal amplitude
first crossed a threshold 5 cm below the mid-standing point and
ended with the second crossing. The sitting phase was similarly
defined by a head position within 5 cm of the mid-sitting point.

(3) Feature extraction: a set of timing- and speed-related measure-
ments was derived from the sensor signal. Total time of the
Kinect-based 5STS, mean duration of the sitting and standing
phases and the mean vertical velocity of the sit-to-stand and
stand-to-sit transitions were calculated.

Ejupi/Brodie/Gschwind/Lord/Zagler/
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Table 1. Characteristics of fallers and nonfallers

Parameters Fallers Nonfallers p value
(n=29) (n = 65)

Age, years 80.6%6.7 79.3%£6.3 0.369

Height, cm 159.2+8.1 163.1+9.1 0.055

Weight, kg 67.2+10.8 71.6+13.7  0.135

Body mass index 26.5+3.2 26.9+4.6 0.680

Statistical Analysis

Analysis of covariance (ANCOVA) was used to evaluate differ-
ences between the faller and nonfaller groups adjusted for partici-
pants’ height. Cohen’s d values were calculated to obtain measures
of effect size. Pearson’s correlation coefficients were calculated to
quantify the association between the supervised laboratory, super-
vised and unsupervised in-home assessments and between the
5STS and clinical fall risk measures. Correlation results were cat-
egorized as weak (0.1-0.3), moderate (0.4-0.6) and strong (0.7-
0.9) after the schema from Dancey and Reidy [22]. The paired t test
was used to test for significant differences between the laboratory
and in-home assessments. p values <0.05 were considered to be
statistically significant. Signal processing and statistical data analy-
sis were performed in MATLAB 8.2 (R2013b).

Results

The participants (n = 94) were 79.7 + 6.4 years old; 66
(70%) women participated in this study. Twenty-nine
(31%) people were classified as fallers with one or more
falls in the past 12 months. There were no significant dif-
ferences in age, weight and body mass index between the
fallers and nonfallers. The differences in height were close
to significance (table 1).

Laboratory Assessment

Fallers were significantly slower than nonfallers on Ki-
nect-based measures and the total stopwatch-measured
5STS time (table 2). The mean velocity of the sit-to-stand
transitions was the best discriminator between the fallers
and nonfallers with an effect (d) of 0.67. This effect size
was comparable to the one of the PPA (d = 0.65), a multi-
component clinical fall risk assessment.

The correlations between the Kinect-based measures
and the strength (i.e. knee extension), balance (i.e. sway
when standing on a medium-density foam with eyes
open) and reaction time (i.e. hand reaction time) compo-
nents of the PPA were weak to moderate (table 3). The
mean velocity of the sit-to-stand transitions was the only
measure that was significantly correlated to all three PPA

Kinect-Based 5STS Test for Assessment of
Fall Risk

measures, with a stronger correlation to the knee exten-
sion strength compared to the other performance indica-
tors of the 5STS.

In-Home Assessment

The supervised in-home assessment (i.e. Kinect-based
5S8TS) was conducted by 20 participants. One person was
not able to perform the 5STS with arms folded and one
recording had to be excluded because of technical issues.
On average, the 18 participants completed the test in
11.01 + 2.79 s in their homes compared with 13.42 +
5.30 s in the laboratory (p = 0.008). The correlations be-
tween the Kinect-based 5STS assessments in the labora-
tory and the supervised in-home assessments for the
total time (r = 0.832, p < 0.001), sitting time (r = 0.824,
p < 0.001), standing time (r = 0.758, p < 0.001), sit-to-
stand velocity (r = 0.704, p = 0.001) and stand-to-sit ve-
locity (r = 0.777, p < 0.001) were strong. Figure 3 illus-
trates the comparison of the mean sit-to-stand velocity
for the two assessments.

Thirteen participants (6 fallers, 7 nonfallers) per-
formed the unsupervised 5STS on their own. Three par-
ticipants had to be excluded from further data analysis
because of data recording issues. Two participants per-
formed four instead of five repetitions and, therefore,
only their mean sit-to-stand velocity measurements were
included in the analysis. Participants completed the 5STS
in 11.82 +2.04 s in the laboratory and in 9.70 + 1.39 s in-
dependently in their homes (p < 0.001). The correlations
between the laboratory and the unsupervised in-home as-
sessments for the total time (r = 0.922, p = 0.001), sitting
time (r = 0.845, p = 0.008), standing time (r = 0.775, p =
0.024), sit-to-stand velocity (r = 0.931, p = 0.002) and
stand-to-sit velocity (r = 0.820, p = 0.013) were strong.
Figure 3 shows this relationship for the mean sit-to-stand
velocity. Participants reported no falls or other adverse
events in relation to undertaking the Kinect-based 5STS
test.

Discussion

In this study, the feasibility of the Kinect-based 5STS
for fall risk assessment in community-living older people
was examined. To our knowledge, this is the first study
which has used the Kinect sensor to assess 5STS perfor-
mance in the laboratory and home setting in older people.

The present findings showed that an automated and
more detailed analysis of the 5STS is feasible. Our algo-
rithm was able to correctly identify each phase and to

Gerontology 2016;62:118-124 121
DOI: 10.1159/000381804



Sit-to-stand velocity

=
%
|

r=0704 @ -

=
o
1

o
wn
|

Unsupervised home assessment

Supervised home assessment

o
o

\ T T T
0 0.5 1.0 1.5 0 0.5 1.0 1.5
Laboratory assessment Laboratory assessment

Fig. 3. Correlations between the laboratory and supervised, and laboratory and unsupervised home assessments
for the mean sit-to-stand velocity.

Table 2. Test scores for the clinical and Kinect-based 5STS assessments for the fallers and nonfallers

Measurement Fallers (n = 29) Nonfallers (n = 65) p value ]
Clinical fall risk measures
Stopwatch-measured 5STS time, s 16.80£5.68 14.33£4.53 0.028* 0.50
PPA score 1.73+£0.87 1.18+0.83 0.014* 0.65
Kinect-based 5STS measures
Total time, s 15.33+5.45 13.12+4.06 0.034* 0.49
Mean sitting time, s 1.75+0.88 1.46+0.59 0.071 0.42
Mean standing time, s 1.02+£0.38 0.85+0.31 0.063 0.51
Mean sit-to-stand velocity, m/s 0.78+0.20 0.94+0.24 0.019* 0.67
Mean stand-to-sit velocity, m/s 0.65+0.20 0.76+0.22 0.151 0.48
*p <0.05.

Table 3. Correlations between the Kinect-based 5STS measures and the strength, balance and reaction time
components of the PPA

Measurement Stopwatch 5STS Strength Balance Reaction time

Clinical fall risk measures

Stopwatch-measured 5STS time (s) - -0.317** 0.255* 0.188
Kinect-based 5STS measures

Total time (s) 0.994** -0.316** 0.234* 0.167

Mean sitting time (s) 0.904** -0.304** 0.252%* 0.055

Mean standing time (s) 0.874** -0.326** 0.161 0.285**

Mean sit-to-stand velocity (m/s) -0.586** 0.533** -0.246* -0.321**

Mean stand-to-sit velocity (m/s) -0.517** 0.432%* -0.078 -0.274**

*p < 0.05; ** p < 0.01.

122 Gerontology 2016;62:118-124 Ejupi/Brodie/Gschwind/Lord/Zagler/
DOI: 10.1159/000381804 Delbaere



extract time- and speed-related measures from the sen-
sor signals of all successfully completed tests. The mean
sit-to-stand velocity classified fallers and nonfallers well
based on 12-month retrospective fall data. Furthermore,
it had stronger associations with clinical tests for balance,
strength and reaction time than the stopwatch-measured
5S8TS time. Noteworthy, the correlation between the sit-
to-stand velocity and the stopwatch-measured 5STS time
itself was only moderate, which supports the hypothesis
that the sit-to-stand velocity, as a performance indicator
for muscle power, is more than just an alternate measure-
ment of total STS time. Our findings are in accordance
with the study by Doheny et al. [21] who used accelerom-
eters and concluded that a more detailed analysis of the
5STS phases provides an improved discrimination of
fallers from nonfallers compared to the stopwatch-mea-
sured 5STS time. In addition, our findings demonstrate
good criterion validity indicated by good correlations be-
tween the in-home and laboratory Kinect-based 5STS
measures.

We acknowledge certain study limitations, most of
which relate to the pioneering use of a new technology.
First, while a history of falls has been shown to be a good
predictor of future falls, the retrospective recording of
falls may have underestimated the true prevalence of fall
events. Further studies are warranted to assess the predic-
tive power of the Kinect-based 5STS for future falls. Sec-
ond, the assessments were not standardized for time of
day or attire. Third, the avatar-based approach might
have influenced participants’ timing of the 5STS. In the
supervised settings, participants were instructed to focus
on the task rather than on the movements of the avatar.
While it was feasible to administer the Kinect-based 5STS
in a supervised home setting, only 56% of the participants
performed the Kinect-based 5STS unsupervised within
30 days. Participants reported technical issues with the
system, especially at the beginning of the study, which
might have prevented them from turning the Kinect-
based 5STS on. The Microsoft Kinect is also sensitive to
different light conditions and sometimes fails to locate
and isolate the participant if objects (e.g. a chair) are in
close proximity. Further studies are warranted to assess
the feasibility of the unsupervised Kinect-based 5STS.
Based on informal user feedback, it appears that unsuper-
vised assessments would be improved by (1) less complex
system designs, (2) clearer test instructions, (3) more reli-
able equipment and (4) more engaging test assessments
(e.g. gamification). Lastly, we acknowledge that an unsu-
pervised Kinect-based 5STS might not be feasible in peo-
ple with higher levels of frailty.

Kinect-Based 5STS Test for Assessment of
Fall Risk

In future, the Kinect-based 5STS could be used in clin-
ical settings as an objective, inexpensive and quick test to
identify older people at increased risk of falls. With fur-
ther development, in-home assessments could be con-
ducted by the following means: (1) test administered on
regular home visits by trained personnel or (2) test per-
formed independently and unsupervised as a self-assess-
ment. Both in-home methods would provide measure-
ments of fall risk over time and could be used to provide
feedback regarding physical benefits (e.g. of a fall preven-
tion exercise program). This feedback could be in written
or visual form and accessible through the television for
older people. Further, the Kinect-based 5STS system
could be connected to the internet. This would enable cli-
nicians to access the results remotely and the system
could automatically generate alerts regarding significant
improvements or declines.

In summary, our findings indicate that the Kinect-
based 5STS discriminated well between fallers and non-
fallers and was feasible to administer in clinical and su-
pervised in-home settings. This study represents an im-
portant step towards the development of home-based fall
risk assessments. With further research, especially under
unsupervised conditions, the assessments may prove use-
tul as a fall risk screen and home-based assessment mea-
sure of functional mobility for monitoring changes over
time as well as the effects of fall prevention interventions.
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