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Abstract. Frailty is one of the major problems associated with an aging society.
Therefore, frailty assessment tools which support early detection and autonomous
monitoring of the frailty status are heavily needed. One of the most used tests for
functional assessment of the elderly is the “Timed Up-and-Go” test. In previous
projects, we have developed an ultrasound-based device that enables performing the
test autonomously. This paper described the development and validation of
algorithms for detection of subtasks (stand up, walk, turn around, walk, sit down)
and for step frequency estimation from the Timed Up-and-Go signals. The
algorithms have been tested with an annotated test set recorded in 8 healthy subjects.
The mean error for the developed subtask transition detection algorithms was in
between 0.22 and 0.35 s. The mean step frequency error was 0.15 Hz. Future steps
will include prospective evaluation of the algorithms with elderly people.
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1. Introduction

The growth in life expectancy in the past decades has led to increasing frailty, which is
a risk factor for many diseases [1]. To prevent the associated negative health outcomes,
an early identification of the frailty signs and symptoms is needed. There are various
approaches for automatically assessing frailty with different devices, which are very well
summarized in [2] and [3]. One of the most promising frailty-assessment tools especially
for home-based, autonomous scenarios, is the Timed Up-and-Go (TUG) test [4]. While
the total TUG time has already proven to be a good frailty measure, it has been shown
that considering also sub-tasks of the TUG test [5] and gait speed [6] can further improve
frailty assessments. In a previous work, we have developed an ultrasound-based TUG
measurement device to be used autonomously by patients at risk of frailty [7]. Initial
experiments for subtask detection showed promising results [8], but still left some room
for improvement. This paper describes the development of advanced algorithms for
subtasks detection and for step frequency estimation from TUG signals.
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2. Methods
2.1. Recording of supervised TUG tests

We recorded healthy volunteers performing supervised TUG tests. TUG device data
were captured together with audio and video data using a camera in an Android mobile
phone. Data automatically derived from the TUG recordings were compared to a ground
truth, which was manually extracted from the audio and video recordings.

2.2. Subtask classification

We designed and compared algorithms based on three different approaches for subtask
detection. For filtering and smoothing, a Gauss distribution was fit to the original TUG
signal. Four transitions in between the five subtasks of the TUG test were annotated:
stand up/walk forward (T1), walk forward/turn around (T2) turn around/walk back (T3)
walk back/sit down (T4). Figure 1 shows an example of a test signal with the moments
of the transitions marked by the vertical lines.
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Figure 1. Example of a test signal. The curve represents the distance from the subject to the device placed in
the backrest of the chair. TUG subtasks and the transitions between them according to reference are
represented in gray. Transition times estimated with one of the algorithms are marked by pink vertical lines.
Approach 1 was based on our previous approach published in [8], which separated the
subtasks depending on specific distances of the subject to the device. However, no
reference subtask annotations were available when developing the approach in [8].
Therefore, for approach 2, we optimized the threshold distances based on the recorded
videos. For approach 3, T1 and T4 were estimated before the maximum and at the
minimum of the polynomial fitting of the derivatives of the signals. Table 1 presents an
explanation of the different criteria established for the detection of the subtask transitions.

Table 1. Explanation of three different approaches to separate subtasks: stand up/walk forward (T1), walk
forward/turn around (T2) turn around/walk back (T3) walk back/sit down (T4).

Approach T1 T2 T3 T4

1 1 m (way out) 3.2 m (way out) 3.2 m (way back) 1 m (way back)

2 0.5 m (way out) 3 m (wayout) 3.3 m(wayback) 1.2 m (way back)

3 Before the maximum of the - - At the minimum of the

derivative’s polynomial fitting polynomial fitting
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2.3. Step frequency

We considered two different approaches for estimating the step frequency. In the
frequency domain, after applying some processing steps to the signals, we transformed
them to the frequency domain via a fast Fourier transform. We considered the highest
peak in the spectrum as the estimated frequency. In the time domain, we derived the
number of steps made during the test from the derivative curve of the signal. Specifically,
the number of peaks higher than a certain value in the derivative signal was assessed with
each of the peaks corresponding to one step. The peaks were counted for the walking
period. After estimating the number of steps for each test, we calculated the step
frequency dividing the number of steps in a test by the duration of the test.

3. Results
3.1. Dataset

Eight healthy volunteers (20 to 29 years, 5 female) each performed 10 tests, resulting in
80 TUG, video and audio signals. The average test duration was of 10.01 s. The average
difference between total TUG time measured by the device and respective reference
values from the videos was 0.19 £ 0.16 seconds (mean relative error: 1.50%).

3.2. Analysis of the subtask classification strategies

Table 2 summarizes the results for all the approaches. The mean time difference refers
to the comparison between the real subtask transition times (extracted from the videos)
and the times obtained by establishing the corresponding approach.

Table 2. Comparison of subtask times as calculated based on criteria with the ground truth derived from video
recordings including correlation coefficients R.

Approach 1 T1 T2 T3 T4

R (p-value) 0.65 (p <0.001) 0.93 (p <0.001) 0.87 (p<0.001) 0.97 (p < 0.001)
Mean =+ std 0.71+0.34 s 0.28+0.24s 041+048s 0.34+0.34s
Approach 2 T1 T2 T3 T4

R (p-value) 0.48 (p <0.001) 0.91 (p<0.001) 0.86 (p <0.001) 0.95 (p<0.001)
Mean =+ std 0.25+0.27s 025+023s 0.35+0.48 s 0.28+0.37s
Approach 3 T1 T2 T3 T4

R (p-value) 0.62 (p <0.001) - - 0.97 (p <0.001)
Mean = std 0.224+0.17 s - - 0.27+0.22s

3.3. Analysis of the step frequency calculation strategies

Estimated step frequencies were compared with the reference frequencies extracted from
the videos. In the frequency domain, the difference between the measurements was
considerably high and with respect to the correlation, the results were not significant. For
the analysis in the time domain of the step frequency of the participants, the estimated
number of steps was translated to frequency by dividing it by the total duration of the
test. The mean difference and standard deviation between the real and the estimated
frequencies for all subjects was 0.15 £ 0.12 Hz (R=0.45, p <0.05).
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4. Discussion

Regarding the validation of the TUG device, the level of accuracy ensures that the small
error would not influence the identification of the subject’s frailty. Overall, it can be
stated that the TUG device is also useful to detect where each of the subtasks starts and
ends autonomously, avoiding the use of complex camera systems [9] or sensors [10]. For
the gait speed estimation, in the frequency domain, the results cannot be considered
worthwhile since a p-value of p > 0.05 leads to discard this method. In the time domain,
the results were significantly improved as the mean error of the estimation as well as the
p-value were considerably decreased.

The newly developed algorithms have been optimized and tested based on the same
test set. A prospective study is currently planned, to validate the results and to exclude
potential overfitting. There may be imprecision in the results coming from the inaccuracy
at the determination of the "real" parameters. If different people had determined the
values for those parameters, they may not have given the exact same results.

All the investigation proceeded in this work should be extended to elderly people. It
should be studied if the designed algorithms can also be applied to signals obtained from
elderly people which may also have mobility limitations. All the processing steps
developed could be applied to previously recorded TUG device signals for other studies.
In [7] fall risk of an elderly population was assessed by discrimination between fallers
and non-fallers. For this purpose, different features of the TUG test were considered.
This investigation could be extended by evaluating the differences in gait speed or in the
duration of specific subtasks between the two groups.
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