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Automatic Classification of the Stand-to-Sit Phase in
the TUG Test Using Machine Learning
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Abstract—Over the past several years, researchers have shown a
great interest in assessing the mobility of elderly people to measure
their functional status. Usually, such an assessment is done by
conducting tests that require the subject to walk a certain distance, turn
around, and finally sit back down. Consequently, this study aims to
provide an at home monitoring system to assess the patient’s status
continuously. Thus, we proposed a technique to automatically detect
when a subject sits down while walking at home. In this study, we
utilized a Doppler radar system to capture the motion of the subjects.
More than 20 features were extracted from the radar signals out of
which 11 were chosen based on their Intraclass Correlation Coefficient
(ICC > 0.75). Accordingly, the sequential floating forward selection
wrapper was applied to further narrow down the final feature vector.
Finally, five features were introduced to the Linear Discriminant
Analysis classifier and an accuracy of 93.75% was achieved as well as
a precision and recall of 95% and 90% respectively.

Keywords—Doppler radar system, stand-to-sit phase, TUG test,
machine learning, classification.

1. INTRODUCTION

VER the past few decades, researchers have shown a great

interest in human gait analysis and its various applications.
When it comes to gerontology, physicians are interested in
studying the motion of elderly subjects to detect any signs of
mobility impairment or decline [1]. Therefore, several clinical
tests were designed and implemented to assess subjects’
mobility and frailty based on the gait analysis.

During clinical evaluations, subjects are prompted to
complete a series of tasks based on the requirements of each
test. To illustrate, the Timed Up and Go (TUGQG) test is one of
the most common clinical assessments where subjects are asked
to stand up from the chairs they were sitting on, walk forward
for a distance of 3 meters, turn around, and sit back down in
their seats [2]. During the TUG test, two transfer phases are
performed: Sit-to-Stand phase and the Stand-to-Sit phase. The
Stand-to-Sit phase can be further divided into two sub-phases:
the turning to sit phase and the sitting down phase. An example
on how a radar signal during the TUG test can be segmented is
seen in Fig. 1, where:

* TI corresponds to the Standing phase
* T2 corresponds to the Turning to Sit phase
* T3 corresponds to the Stabilization phase (the phase where
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the subject stabilizes him/herself after turning around and
just before sitting down). It is worthy to note that this phase
may be crucial in determining and studying the stability
and frailty of elderly people.

e T4 corresponds to the Sitting down phase

Meanwhile, the Dynamic Gait Index (DGI) test assesses
subjects’ functional stability while performing eight tasks that
range from walking and turning to crossing over and around
obstacles [1].

Most of these clinical tests take place in specialized clinics
under the supervision of trained physicians. Nevertheless, in
order to improve the evaluation of the functional status of
seniors, continuous monitoring of their gait is needed. In fact,
when clinicians are provided with constant updates and
information on their patients, they can tell if subjects are at
higher risk of adverse outcomes such as falling, physical
disability, cognitive impairment, etc.

Based on all of the above, various technological systems
were built and implemented to provide elderly with constant
walking supervision in the comfort of their own homes. Such
systems mostly require installing cameras inside the subject’s
home or wearing different sensors [3]. Although these systems
have their own advantages, many problems arise from their use.
To exemplify, camera-based systems may invade and violate a
person’s privacy. Additionally, an elder might forget to wear
the necessary sensors that the monitoring system depends on to
extract useful parameters and information [1]. Thus, many
researchers are nowadays working on designing new techniques
that are much more accurate while keeping in mind the
practicality of the system and the patients’ privacy.

Therefore, this paper proposes a novel technique for an at

home monitoring system that automatically detects the two sub-
phases (turning to sit phase and the sitting down phase) in the
Stand-to-Sit phase during the motion of the subject. A Doppler
radar was utilized in this study as it is not affected by
surrounding light, does not require the user to wear any special
equipment, is effective while remaining cost friendly, and
finally provides the user with the needed privacy [1].
The remainder of this paper is organized as follows: Section II
tackles the experimental protocol and the followed
methodology. Then, Section III discusses the results followed
by the conclusion and future perspectives in section I'V.
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Fig. 1 Segmented Radar Signal during the TUG Test

II. METHODOLOGY

A. Experimental Protocol

Ten healthy participants, five females and five males, age
ranging between 22 and 27 years, volunteered to participate in
the conducted study. They were given a detailed description on
the experimental protocol as well as the motivation of the study
at hand. Since the aim of this study is to detect the Stand-to-Sit
phase in elderly people, the participants were asked to watch a
one-minute video of an older adult performing the TUG test and
mimic them several times as practice trials. After making sure
that the subjects were familiar with the TUG test and what they
are expected to do, each subject was asked to perform the TUG
test in a slow manner four consecutive times. The entire
experiments were performed in the UTT well-equipped
laboratory as shown in Fig. 2.

In order to obtain the ground truth reference data for every
trial, a 3D motion tracking system, known as the Vicon system,
was utilized. The Vicon system is an optoelectronic system that
depends on infrared cameras and reflective markers placed in the
subject’s body. The Vicon cameras emit infrared light and
receive the reflected waves from the markers. Based on the set
origin and the reflected wave, the position of the subject can be
computed in the x, y, and z directions. In this study, eight Vicon
cameras were used along with four reflective markers placed on
the left and right shoulder as well as the left and right toe. The
system was calibrated before the beginning of the experiment.

Fig. 2 Experimental Setup

In this study, an X-band Doppler Motion Detector of
frequency 10.587 GHz was utilized [4]. After performing a set
of experimental trials, it was decided that the radar would be
placed on the edge of the seat, tilted outward at a 20-degree
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angle, and positioned at a 70-degree angle with respect to the x-
axis. This system is used to locate and calculate different gait
parameters based on the principle of transmitted and reflected
electromagnetic waves. To illustrate, the radar emits an
electromagnetic wave and receives a reflected signal after it
bounces off a moving target. Based on the Doppler effect, the
speed of the target can be calculated as seen in (1)
Afxc

V= (1)
where v is the target speed, c is the speed of light in vacuum
(3 X 108 m/s), Af is the difference between the transmitted
and the received frequency, and f, is the frequency of the signal
emitted by the radar [5].

The radar output was connected to an electronic circuit to
filter out noise and amplify its amplitude. Initially, based on the
location of the radar and how close it would be near the subject
while sitting, a gain of 45 was used. As for the filters, the radar
output was introduced to a band pass filter with cut-off
frequencies of 2 Hz and 1200 Hz. In fact, the cut-off frequencies
were set approximately based on the minimum (v, =
0.075m/s) and maximum walking speed (Ve = 1.5m/
s) of an individual [1]. However, in order to compensate for the
speed of the limbs, which can reach up to 500 Hz, and to leave
a certain margin of error, the cut-off frequencies were set to 2
Hz and 1200 Hz.

B. Pre-Processing

In this study, the processing of the radar signal was done
using two different techniques.

Firstly, it was proposed to convert the radar signals into a
Waveform Audio File to extract spectral features found strictly
in audio signals. In fact, based on the Doppler effect, the
Doppler Frequency shift Af seen in the backscattered radar
signal of a moving person is equal to 2v/A, where v is the
velocity of the subject and A is the wavelength of the emitted
radar signal. The Doppler frequency shift (Afy) due to the
motion of the human torso is between 190 and 30 Hz, which
lies in the frequency band of audio signals. Although swinging
human limbs cause a larger shift in the Doppler Frequency, the
frequencies are still within the audio frequency band. Thus,
Doppler signal received after backscattering from the motion of
a subject can be related to audio signals [6]. Furthermore, as
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seen in Fig. 3, the radar and audio signal share common
characteristics and parameters which allows us to apply speech
processing on radar signals. In our study, the recorded radar
signals were converted to a “.wav” file in order to extract the
necessary features.

In order to visualize the acquired signals in the time-
frequency domain, the Continuous Wavelet Transform (CWT)
was applied to the Doppler signals using the “bump” wavelet
[1]. Since this study aims to detect the transfer phase of a
moving subject, the maximum energy point was extracted from
the CWT matrix at each instant. Hereafter, the Doppler
Equation was applied to the obtained signal to calculate the
speed of the subject.
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Fig. 3 Comparison between Audio Signal (on top) and Radar Signal
(bottom)

C.Feature Extraction

More than 20 time domain, frequency domain and time-
frequency domain features were extracted from our radar
signals as follows:

1. Time Domain Features: Mean [7], Variance [7], Kurtosis
[8], Skewness [8], Sequence Period [9], Root Mean Square
(RMS) [10], Autocorrelation [11], and Partial
Autocorrelation [11], and Zero Crossing Rate [12].

2. Frequency Domain Features: Median and Mean frequency
[13], Spectral Bandwidth [14], [20], Spectral Roll-off [15],
[20], Spectral Flatness [18], p20], Spectral Entropy [18],
and Spectral Contrast [19].

3. Time-Frequency Domain Features: Speed and
Acceleration were computed after applying the CWT to the
radar signal, extracting the maximum energy points, and
then applying Doppler Equation. Chroma Short Time
Fourier Transform (STFT) [16], Chroma Constant-Q
transform (CQT) [16], Spectral Centroid [14], Mel
Spectrogram [17], and Mel Frequency Cepstral Coefficient
(MFCC) [18].
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D.Feature Selection

Feature selection is selecting a subset of features that include
only the relevant and essential features. In this stage, the low-
reliable features are removed so that the performance of the
classifier is enhanced and computation time is reduced [21].

Firstly, it was of utmost importance to select the reliable and
consistent features; hence, we propose a feature selection
technique based on the ICC outcomes. In fact, the ICC
measures how repeatable and reliable a feature is [22], [23]. In
this research, the ICC was computed using the 2-way random
effect model, a k-measurement type, and an absolute agreement
estimation. The preceding model was chosen since the sample
of raters is randomized and it is essential for the outputs to have
an agreement between them [24]. Regarding the selected type,
the intended measurement protocol is planned to be done in
actual applications through a series of measurements. Thus, the
ICC can be calculated as in (2).

MSR—MSE
MS¢—M 2
s TC T

ICC =

where, MSy is the mean square of the rows, MSy is the mean

square error, MS. is the mean square of the columns, and n is

the number of subjects.

After the initial screening of the features using the ICC, a
wrapper was applied to further narrow down the final feature
vector. To illustrate, wrapper methods select the subset of
features based on the learning algorithm’s performance [25]. In
this work, we applied the Sequential floating forward selection
(SFES) wrapper to the chosen features using nine different
classifiers. The SFFS goes through three basic phases [25]:

1. Inclusion: the SFFS starts with an empty set of features (X
= 0) then, it takes a step forward by inserting the most
significant feature concerning X.

2. Conditional exclusion: the SFFS finds the least significant
feature k in X. If that feature has been just added, then it is
kept and the algorithm goes back to step 1. Else, feature k
is excluded and the algorithm proceeds to step 3.

3. Continuation of conditional exclusion: the least
significant feature is found again in X. If its removal will
leave at least two features in X and will cause a larger value
for the feature selection criterion function J(X), then the
SFFS removes that feature and repeats the same steps.
Whenever these two conditions cease to exist, the SFFS
returns to step 1 until a predetermined number of features
is reached.

In our research, the SFFS was applied to nine classifiers that
are commonly used when classifying radar and electromagnetic
signals [26]. The list of used classifiers can be seen below. An
example of how the SFFS works when applied to one of these
classifiers can be seen in Fig. 4.

Decision Tree (DT)

Random Forest (RF)

Linear Discriminant Analysis (LDA)

Quadratic Discriminant Analysis (QDA)

Logistic Regression (LR)

Support Vector Machine with a linear kernel (SVM)

AN S e
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7. K-nearest neighbors (KNN)
8. Naive Bayes (NB)
9. Multi-layer Perceptron (MLP)

Decision Tree: Sequential Forward Selection (w. StdErr)
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Fig. 4 SFFS applied on the Decision Tree Classifier

E. Training and Testing the Models

After applying the SFFS, the feature vector that yielded the
highest accuracy was considered for each classifier. Hereafter,
the model was trained and tested on its corresponding subset of
features using 10-fold cross-validation.

III. RESULTS AND DISCUSSION

The TUG test performed by the participants can be sectioned
into three transfer phases, as mentioned earlier; thus, as seen in
Table I, the ICC was computed for all the features in the three
phases of a TUG test: Standing, Turning to sit, and Sitting down.
The bold values found in the table refer to reliable features since
ICC values between 0.5 and 0.75, 0.75 and 0.9, and 0.9 and 1,
respectively, indicate moderate, good, and excellent reliability
[24].

TABLEI
ICC VALUES OF RELIABLE FEATURES DURING DIFFERENT PHASES

Features Standing Turning to Sit Sitting Down
Zero Crossing Rate 0.85 0.40 0.89
Root Mean Squared 0.90 0.87 0.80
MFCC 0.90 0.73 0.82
Spectral Contrast 0.78 0.85 0.87
Spectral Flatness 0.34 0.85 0.84
Mel Spectrogram 0.88 0.83 0.68
Spectral Roll-off 0.82 0.69 0.90
Spectral Bandwidth 0.78 0.86 0.89
Spectral Centroid 0.78 0.76 0.91
Kurtosis 0.75 0.63 0.62
Mean 0.83 0.84 0.62
Variance 0.78 0.88 0.65
Median Frequency 0.78 0.78 0.95
Peak2RMS 0.79 0.73 0.83
RMS 0.85 0.48 0.72
Skewness 0.84 0.72 0.96
Sequence Period 0.89 0.82 0.96
Spectral Entropy 0.82 0.79 0.86
Partial Correlation 0.80 0.76 0.88
Auto Correlation 0.80 0.78 0.87

International Scholarly and Scientific Research & Innovation 15(11) 2021

Since the main aim of this work is to detect the different
phases, but namely, the turning to sit and the sitting phase, two
different feature vectors were taken into consideration. To
exemplify, the first feature vector consisted of features that
were reliable in all three phases, while the second vector
included parameters that were reliable in the turning to sit and
sitting down phase. The two feature vectors were introduced to
the SFFS wrapper based on all nine classifiers mentioned
above. The results of the SFFS are shown in Tables II and III
where the highest accuracies achieved by the classifier are
mentioned as well as their corresponding number of features for
the first and second feature vector, respectively. In fact, Table
11 shows how well the classifier performed when classifying the
three phases while Table III depicts how well the models
performed when separating only two instances.

TABLE II
SFFS RESULTS BASED ON DIFFERENT CLASSIFIERS (ALL PHASES)

. Accuracy Size of Feature
Classifier (%) Vector
Decision Tree 75 5
Random Forest 79.16 6
Quad. Discriminant Analysis 70.83 2
TABLEIII

SFFS RESULTS BASED ON DIFFERENT CLASSIFIERS (TURN AND SIT PHASE)

Classifier Accuracy Size of Feature
(%) Vector
Decision Tree 91.25 3
Random Forest 93.75 11
Linear Discriminant Analysis 93.75 5
Quad. Discriminant Analysis 90 5

After finding the classifiers that performed the best in terms
of accuracy, each feature vector was taken and reintroduced
into the studied model to train and test using 10-fold cross-
validation. The results of this step are shown in Tables IV and
V.

TABLE IV
EVALUATION OF CLASSIFIERS (ALL PHASES)
Classifier Accuracy (%) Precision Recall
Decision Tree 56 57 57
Random Forest 76.5 76 79
Quad. Dlscrl.mlnant 70 69.96 69
Analysis
TABLE V
EVALUATION OF CLASSIFIERS (TURNING AND SITTING DOWN PHASE)
. Accuracy Precision Recall
Classifier (%) (%) (%)
Decision Tree 92.5 91.7 97.5
Random Forest 89 92.6 95
Linear Dlscrl.mmant 9375 955 90
Analysis
Quad. Dlscrl‘mmant 95 9.6 90
Analysis

As seen in the preceding tables, the classification models
were able to perform well when classifying the turning to sit
and sitting down phase in the TUG test. That is due to the fact
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that the standing phase, which is very similar to the sitting down
phase, is not taken into consideration. Therefore, since in
previous works, the standing phase was detected using different
techniques, we can neglect it and focus on the remaining two
phases. Thus, it was evident that the LDA classifier had the best
performance when it came to distinguishing the turning to sit
and sitting down phase.

IV. CONCLUSION AND FUTURE PERSPECTIVES

To wrap things up, this work investigates the possibility of
building a Machine Learning model that distinguishes the two
sub-phases when a person sits down. This was done by
extracting various features from the radar signal and filtering
them out based on their reliability and their contribution to the
learning process. Then, several classifiers were tested and the
one with the best performance was selected.

As for detecting the exact instants at which the subject begins
to turn around to sit and when he/she starts to sit down, we aim
to use regression to find a generalized equation for motion of a
subject during the entire TUG test. Through modeling, we will
be able to find an equation upon which we can detect the desired
instances.
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