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Abstract. Inexpensive wearable sensors are well-suited for the auto-
matic recognition of many activities occuring in everyday life. But what
about fast and involved movements such as those occuring in athletic
sports? We tackle this question by studying the feasibility of using body-
worn gyroscopes and acceleration sensors to recognize Tai Chi move-
ments. To this end, we conducted an initial experiment with eight sen-
sors each affixed to four different persons who repeatedly performed three
distinct Tai Chi movements. The resulting data confirm that standard
thresholding and pattern-matching techniques should suffice to automate
the analysis and recognition of the movements. Moreover, the data also
seem to allow for distinguishing between certain levels of expertise and
quality in executing the movements.

1 Introduction

Video analysis and motion capturing are standard tools in professional sports to
monitor and improve athletic performance by fine-tuning the quality of move-
ment. Cutting-edge systems with high-quality sensors hardly suffice to fulfill
these professionals’ needs. Quite often, trainers and other experts still process
the recorded data by hand. The whole setup and procedure are not only expen-
sive and time-consuming but also error-prone in the sense that the effectiveness
of the analysis depends on the humans doing it. Hence, the large-scale use of sim-
ilar analyses for the masses (i.e., hobbyists and spare-time practitioners) requires
a different approach.

We envision to employ inexpensive wearable sensors to achieve this, prefer-
ably tiny gyroscopes and accelerometers worn by people on their bodies (e.g.,
integrated into their clothes). Such body-mounted sensors provide a cheap al-
ternative for motion capture while letting users move and roam about freely
independent of any additional infrastructure. This opens up a wide range of
potential applications in rehabilitation, advanced consumer sports equipment,



and emergency services such as fire brigades. Whether the above applications
can actually be implemented depends on the ability of data processing algo-
rithms to compensate for inaccuracies inherent in inexpensive wearable sensor
system. The inaccuracies result from the limited resolution and sampling rate of
the sensors, variations in sensor placement, dynamic sensor displacement during
user motion, and other sources of noise (e.g., environmental magnetic fields or
temperature-related sensor drift). The challenge in algorithmic design is to find
features that are sensitive to the relevant motion characteristics and at the same
time insensitive to the inaccuracies mentioned before.

As an initial investigation towards such processing algorithms for athletic
sports, we conducted an experiment described in Section 3 capturing Tai Chi
movements with wearable gyroscopes and acceleration sensors to test the feasi-
bility of our vision. Section 4 discusses and analyzes the experimental results,
proving to be very promising indeed. Based thereon, it certainly seems worth-
while trying to automate at least some parts (if not all) of an expert analysis for
Tai Chi movements.

Tai Chi is of special interest because clinical studies show it helps to reduce
the probability of falling, especially for the elderly [10] and patients with chronic
conditions [2]. Furthermore, even experts find it hard to quantify and judge the
quality of Tai Chi performances.

2 Related Work

By now, many independent researchers have demonstrated the suitability and
excellent further potential of body-worn sensors for automatic context and ac-
tivity recognition, e.g., [1,3,6,8,11,12]. The available scientific literature reports
about successful applications of such sensors to various types of activities, rang-
ing from the analysis of simple modes of locomotion [11] to more complex tasks
of everyday life [1] and even workshop assembly [7].

We do not know of any scientific publications about computer aid and support
specifically for Tai Chi. For similar fields of martial arts in general and Kung
Fu in particular, some interesting related research even seems to be currently
ongoing. In [4], wearable pressure sensors integrated into body protectors help
to control and decide the counting of points for Tackwando. Supposedly helping
children with their Kung Fu education, [9] introduces some kind of computerized
toy ball. Focusing on Kung Fu, [5] presents a video capturing system for artificial
and augmented reality games of martial arts. The work emphasizes the specific
gaming aspects of the application and suffers from the usual drawbacks of video-
based approaches, i.e., high sensitivity for lighting conditions and demanding
requirements on equipment and infrastructure.

3 Experimental Setup

Our initial Tai Chi experiment featured four different persons as test subjects
(see Section 3.4) and three kinds of basic Tai Chi movements as test actions



Fig. 1. Test subjects wearing wired sensor boxes while performing

(see Section 3.3). For every subject, we recorded five distinct performances of
each movement resulting in 15 data sets per subject and 60 data sets overall
for the whole experiment. The sensor data stem from eight wearable boxes (see
Section 3.1) affixed to the test subjects’ arms, legs, feet, hip, and neck (see
Figure 1 and Section 3.2).

3.1 Hardware Detalils

We used the XBus Master System (XM-B) manufactured by XSens (http://
www .xsens . com/) as the global sensor control, wired by cable to eight boxed MT9
sensors. Each such MT9 houses a 3-axis accelerometer, a 3-axis gyroscope, and
a 2-axis magnetometer (not used by us). To directly collect the complete sensor
data on some permanent external storage, we linked an ogo mobile computer
(http://0qo.com/) to the XBus master unit via a wireless Bluetooth connection
streaming the captured data in real time.

3.2 Sensor Placement

We discussed good locations for placing the sensors with a Tai Chi expert and
finally decided on the following (one MT9 each):

— right and left upper arm (ca. 2 cm over the ankle),
— right and left lower leg (directly above feet),

— right and left knee (directly above knee cap),

— neck (on shoulder height), and

— rear hip (on backbone origin).

All MT9 sensor boxes were oriented with their cables pointing skywards when the
test subjects stood still and relaxed. Then, the x-axes of the acceleration sensors
pointed down towards the ground while their y- and z-axes pointed horizontally.
The XBus master unit is also affixed at the hip. To strap and keep everything
tight in place, we use flexible bands which work very well here according to our
experience.
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Fig. 2. Data from the z-axis of the accelerometer attached at the left foot.

3.3 Tai Chi Movements

The basic forward and backward movements of the first form of Tai Chi served
as the test actions for our experiment. The English translations of the names of
these three movements read as follows.

1. Parting the Horses Mane
2. Brush Knee Step Forward
3. Repulse the Monkey

3.4 Test Subjects

Two of the four test subjects participating in the experiment are reputable Tai
Chi experts and instructors actually teaching the art. The other two are amateurs
with roughly equal levels of limited experience and skills in Tai Chi. Of the two
amateurs, one has some background in professional dancing that the other lacks.

4 Experimental Results

Subsequently, we discuss our initial analysis of the data gathered by the experi-
ments outlined in the previous section.

Inspecting the accelerometer and gyroscope data, it shows that the peaks
in the signal of the experts have approximately the same length and over the
five measurements the signal is smoother and more periodical than in the am-
ateur’s data. An example for this is depicted in Figure 2. Figure 2 shows the
z-axis accelerometer data of the left foot sensor for amateur and expert during
one measurement of the 'Parting the Horses Mane’ movement. Especially, the
mentioned periodicity appears to be easy recognizable using signal processing or
machine learning techniques. Also, the number of events where the absolute sum
of the foot gyroscopes is smaller than 0.1 (close to zero) is much less with the ex-
perts than the amateurs. This could be a hint for pauses and choppy movement.
The neck and hip movements are much faster with the experts.

One of the principles of Tai Chi is that the total consumed energy is supposed
to be as small as possible. Therefore, we calculated the squared angular velocity,



Subject|squared angular velocity|standard deviation
expert 794 41
amatuer 1 836 35
amateur 2 1130 100

Table 1. The squared angular velocity (in (rand/s)?) and its respective standard
deviation calculated from the gyroscope sensors on the hip
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Fig. 3. 75% percentile plotted against the frequency range power from the neck ac-
celerometer x-axis

w? in (rad/s)?, as indication for the rotational energy, defined by E,otational =
%I w?. As Table 1 neatly underlines this principle of Tai Chi using the data we
gathered. The expert has the least rotational energy consumption, followed by
the amateur that has experience in dance and finally the other amateur. Yet,
one needs to gather more data of a more diverse population to see if this effect
is not simply an artifact.

For further analysis, we used a 100 sample sliding window over the data and
calculated around 20 features. As depicted in Figure 3, two of these features,
the 75% percentile and the frequency range power of the accelerometer x-axis
at the neck , are plotted against each other. It is easy to recognize that these
features seem to separate the second amateur from the expert and the first
amateur. Training a K-nearest-neighbour (KNN) clustering algorithm with these
two features, results in a 76 % correctly classified instances using 10 fold cross
validation, see Table 2. Using those two features and the root-mean squared
(RMS) to train another KNN to classify two different Tai Chi movements leads
to 85% correctly classified instances using a 10 fold cross validation (see Table 2.
Yet, the later classification is test subject dependent. The results seem to be
promising. Yet, to be sure that the features and relationships discovered are no
artifacts, we will need to conduct more experiments.

5 Conclusion and Future Work

As the manual analysis of the data showed, there is some evidence that an au-
tomated evaluation of Thai Chi can work. Therefore, our preliminary results



a b ¢ « classified as a b <« classified as
93 55 0 a = expert 735 165 a =Parting the Horses Mane
42 127 0 b = amateur 1| |150 950 b = Repulse the Monkey

0 0 88 c = amateur 2

Table 2. Confusion Matrices for the two KNN classifications (respective 76% and 85%
of samples corretly classified)

look promising. It is also possible to generate automated, meaningful classifica-
tions from a very small subset of the data, as seen in Table 2. We will continue
to conduct more experimental trials with diverse Tai Chi practitioners, expert,
intermediary and amateur, to get a statistically representative data set.
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