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Toward The Perfect Stroke: A Multimodal
Approach for Table Tennis Stroke Evaluation®

Panyawut Sri-iesaranusorn

Abstract

Developing a consistent stroke is a challenge and even more so for non-
professional Table tennis players. To build consistent proper strokes for beginner
players, there is a need to understand the stroke differences between standard
and beginner players. In terms of table tennis applications, prior works used a
video-based method, or accelerometer sensor embedded in a table tennis racket,
or infrared (IR) depth sensor for evaluating the stroke. However, there are certain
challenges in these methods such as having insufficient data to analyse a complete
stroke, time-consuming and costly data collection, as well as using non-prevalent
equipment. Hence, to improve the beginner player’s performance, an ubiquitous
way through readily accessible commercial devices for stroke evaluation is essen-
tial. In this study, to achieve such a goal, we (i) recorded videos and accelerator
signals of standard and beginner players using consumer-grade products, and (ii)
analysed the stroke consistency of both standard and beginner players. The re-
sults show the significant differences in the strokes between both kinds of players
through the multimodal approach. Also, we found the significantly strong cor-
relation between the stroke consistency and the hitting score for the forehand
stroke. These findings motivate us to further examine the improvement of be-
ginner players by instructing procedural knowledge of a standard player’s stroke,

and implement applications for the motor-skill instruction.

Keywords:

Table tennis, Stroke detection, Motion Capture, Joint Kinematics, Sports Ana-

lytics
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1. Introduction

1.1 Background

Table tennis is one of the fastest ball games in the world, requiring precise reaction
time and strokes to achieve different kinds of spins and tactics [1,2]. The nature
of this game requires players to consistently build good habits in their forms as
they develop their muscle memories for their strokes. Given this nature, proper
form building and stroke mechanics are vital not only for the competitive aspects
of the game but also for its enjoyment — especially for casual players.

Building consistent stroke is a challenge, especially for beginner players. Al-
though professional coaching is usually needed in order to assess stroke technique
and quality, it requires time and monetary investment [3]. Hence, developing
an ubiquitous way of evaluating table tennis stroke through readily accessible
commercial devices would help beginner players to improve their performance,
requiring a small amount of their efforts.

Recent advancements in mobile computing technology have given birth to a
plethora of wearable devices that have become popular especially for physically
active groups of people that aim to track their fitness through running [4]. Given
the success of fitness trackers for daily physical activities, the applications of such
devices specifically targeted for a particular sport are still in their infancy. For
example, several researches and applications have been done for tennis such as
sensor-based swing and stroke classification as a tool for personal feedback and
coaching [5-7]. Another similar research has also been done with regards to the
baseball pitching [8], badminton stroke classification [9,10], and the golf swing as
well [11].

In terms of table tennis applications, prior studies used video-based methods
and ball tracking as a way to give feedback to players [12]. A recent study used an
accelerometer sensor embedded in a table tennis racket to classify strokes made
by beginner players [13]. However, there are certain challenges in these methods
such as the data insufficient to analyse a complete stroke and have it replicated
by players at a given time. Previous work also used an infrared (IR) depth sensor
to detect the in-corrected played strokes, but the method is time-consuming and

costly, requiring a complicated sensor set up and custom proprietary software



[14]. Hence, to improve the beginner player’s skill, an ubiquitous solution using

prevalent equipment for stroke evaluation is essential.

1.2 Related works

Recently, mobile computing technology plays an important role in sports analysis.
Due to their convenient and comfortable usage, wearable devices have become
popular and are selected for physically sports groups of people. McCann et al. [4]
introduced smart clothes and wearable technology which is a relatively novel and
emerging area of interdisciplinary research within the fashion, textile, electronics,
and related industries. The outcomes of this wearable technology are used to not
only offer instructions for daily activities such as running and fitness but also
support personal control over our quality of life, health, and well-being. With
the successful outcome of this technology, the applications of specific targets and
particular sports are investigated and implemented to enhance the player’s level
in their society.

Several kinds of research and applications have been done for sensor- and
video-based sports analysis. Connaghan et al. [5] explored tennis stroke recog-
nition using a wireless inertial measuring unit (WIMU) attached to a player’s
forearm during a competitive match. The stroke was classified into three main
actions, forehand, backhand and serves, using accelerometer, gyroscope, and mag-
netometer sensors which are embedded into the WIMU. Ebner et al. [6], and
Shah et. al. [7] used the IMU sensor and the traditional machine learning such as
Support Vector Machine (SVM), or K-Nearest Neighbors (KNN) to detect and
classify the tennis stroke. Lapinski et al. [8] proposed similar research which is
a distributed wearable, wireless sensor system for evaluating professional base-
ball pitchers, and batters They implemented the SportSemble node which is the
system into a node dedicated to wearable monitoring of athletic gesture, and
specifically used it for measuring baseball players. For the experiment setup,
they attached the inertial measurement units to the chest, upper arm, forearm,
wrist, and waist. Lin et al. [9,10] designed and implemented a mobile applica-
tion a the badminton stroke classification using Random Forest. Egret et al. [11]
performed the kinematic analysis of the golf swing for experienced golfers. They

examined the differences between men and women golfers using the kinematic



data obtained by the optoelectronic system with five cameras operating at 50
frames per second. Numerous sports have been investigated through the sensors-
and video-based applications, especially stroke or swing analysis, however, there
is limited study for table tennis.

For the table tennis applications, there are prior studies that focused on stroke
analysis. Chen et al. [12] measured the quality of the broadcasting table tennis
video. They used the video-based data to extract the high-level information of
player, table, and ball positions, then derived the ball and player trajectories
using Bayesian decision framework with Kalman filtering algorithm. Due to the
video source from the broadcasting competitive game, the analysis is lacking
the implication for the beginner or novice players. Blank et al. [13] presented
the sensor-based detection and classification system for table tennis stroke. The
data was collected from 10 participants with 8 basic table tennis stroke types
by the inertial sensors attached to table tennis rackets. The stroke was detected
by using an algorithm consisting of energy calculation, high-pass filtering, and
threshold-based peak detection, and the stroke was classified by applying the Sup-
port Vector Machine (RBF kernel). However, because of the sensor embedded in
the table tennis racket, the limitation of this work is the imbalance of the racket
which affects the player’s stroke motion directly. Additionally, the challenges of
these methods are the data sufficient to analyse a complete stroke, and have it
replicated by players at a given time. Not so far, Habiba et al. [14] published the
first research that addresses the usage of IR depth camera on the table tennis
player to detect and classify the strokes played in order to enhance the training
experience. They tracked the position of skeleton joints, and collected the stroke
data from the overall 10 players. To classify the player’s strokes, they used a
DTW-based algorithm, and achieve the best results compared to KNN, SVM, and
Naive Bayes. Nevertheless, their method is time-consuming and costly, requir-
ing a complicated sensor setup and custom proprietary software. Furthermore,
although all aforementioned researches motivate us that the analysis of table
tennis games can be analysed from the sensor- or video-based equipment, their
researches used non-prevalent equipment which is difficult to reach for end-user.
Therefore, investigating the table tennis stroke based on prevalent equipment is

required, especially for implementation to the real application for end-user.



1.3 Objective

In this study, the research goal is to find the factor for improving the beginner
players through investigating the difference in stroke consistency between the
standard and the beginner players. We recorded videos and accelerator signals
of two players group using prevalent equipment such as an Apple Watch, or
GoPro8 action camera. For the video-based data, we use DeepLabCut to extract
the arm’s positions [15]. Then, we remove the noise signal from both extracted
arm’s position and accelerometer signals using Kalman filtering algorithm. Lastly,
we evaluated the stroke consistency of both standard and beginner players by
Dynamic Time Wrapping (DTW) with Root Mean Square Error (RMSE).



2. Methodology

2.1 Dataset

To investigate the stroke based on the player’s skill, we selected two groups of
table tennis players for this study. The first group is composed of standard players
who have playing experience of more than 5 years, or participated in prior table
tennis competitions according to the criteria proposed by [16]. The second group
is composed of beginner or casual players who fall short of the requirement for the
first group. The participants consist of three standard, and seven beginner
players.

Table 1 shows the demographic information for the participants in this study.
The experiments were performed using a total of 8 male and 2 female participant
who are 22-28 years old. To maintain consistency, the participants were restricted
to right-handed players. We recruited the participants through the google form,
and obtained a written consent form for recording their data. Note that the data
collected for this study was approved by the Ethics Review Committee for Human

Studies at the Nara Institute of Science and Technology.

2.2 Experiment Setup

The main actions for table tennis are the forehand and backhand, to return
the ball after the bounce on different playing surfaces over the table. Thus, we
focused on the stroke of receiving the ball from the opponent by using forehand
and backhand. Similar to a prior study [17], we set up a ball-shooting robot at
the center of one side of the table, and let the players stand on the opposite side.
The shooting angle is adjusted to facilitate the actions (forehand or backhand).
Figure 1 demonstrated the procedure for this experiment. At the beginning of the
experiment, the participants stand in the center area and were allowed to freely
move laterally to either side, called the initial position. Then, they are asked to
perform the stroke to return the ball before going back to the initial position to
prepare for the next stroke.

Figure 2 shows the setup dimensions for the forehand experiment. The par-

ticipants were instructed to return the ball from the robot (R) to the target area.



Table 1: Participant’s demographic information. The dominant hand of all par-

ticipants was the right hand

Participant | Gender | Age | Year of Experience
Standard#1 Male 24 7
Standard#2 | Female 27 7
Standard#3 Male 22 5
Beginner#1 Male 25 3
Beginner#2 | Female 26 1
Beginner#3 Male 24 1
Beginner#4 Male 24 4
Beginner#5 Male 28 3
Beginner#6 Male 23 4
Beginner#7 Male 25 1
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If the ball is hit and returned to the target area, a score is counted. In the
case of the backhand, the setup was simply mirrored horizontally. In this study,
the participant consecutively performed 10 forehand strokes, and 10 backhand
strokes.

In this study, we used UNIX NX2845 robo-star table tennis practice as the
table tennis ball machine, and recorded the participants data using an Apple
Watch 5 and a GoPro8 action camera. We tracked the motion of the wrist using
a 3-axis accelerometer data logger from the Apple Watch. As illustrated in Figure
3, we tracked four positions: (1) the shoulder joint, (2) the elbow joint, (3) the
wrist joint, and (4) the center of the racket. These positions were considered
as representative points to determine the form of stroke at the time the player
hit the ball. The camera was set to perform video capture of 10 consecutive
stroke events for both forehand and backhand over 35 seconds. We configured
the device capture rate at 60 frames per second with a 640x360 video resolution.
Furthermore, to ensure that player movements are properly captured, the focal
length of the camera was set to 19 mm to avoid visual distortion and placed

approximately 100 cm away from the table.



Target Area

Player Area

(b) Gopro8 action camera

Camera
(height:
~100cm)

(a) Experiment table

(c) Table tennis ball machine (R)

Figure 2: Experiment table and equipment setup.



(a) Four tracking positions: (1) the shoulder joint, (2) the elbow joint, (3) the wrist
joint, and (4) the center of the racket.

Figure 3: Accessories for participants and four tracking points
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2.3 Accelorometer and Preprocessing

To measure the consistency of each stroke, we analysed the x, y, and z-axis of an
accelerometer signal data gathered using an Apple Watch 5 with a sampling time
of 50Hz. Kalman filtering algorithm [18] was performed on the accelerometer
data to filter out noise in the signal for each of the axis. The key idea of this
filtering technique is to produce estimates of hidden variables based on inaccu-
rate and uncertain measurements [19,20]. Given a sequence of signal x from an

accelerometer, the denoised signal Z can be calculated as follows:
/.%'\t :Kt'Zt—f'(l—Kt) '/x\t—l (1)

where z; is the measurement value which we assume that it is not perfectly sure
of these values, x;_1 is the estimate of the signal on the previous state, and K, is
called "Kalman Gain” which is the weight between z; and x;_1, and need to be
optimized for each each consequent state. This allows us to remove jitters in data
without eliminating some signal frequencies when compared to a moving average
noise reduction approach as illustrated in Figure 4. In this study, we used the
Kalman filtering algorithm implemented in pykalman library [21].

Here, we describe the procedure of Kalman filtering algorithm, which is a
linear optimal state estimation method. To use this filtering, our problem needs
to be satisfied the conditions that the signal value x and measurement value z

must be calculated by using a linear equation as follows:

= Az + wiy (2)

Zy = th + vy (3)

where x; is a signal value called the state vector, z; is a measurement value called
the observation vector, u; is a system control vector that is infrequent. A, and
H are the state transition matrix, and the observation matrix, respectively. The
two aforementioned parameters (A, and H) are used to represent the dynamics
of the system, and are initialized as the identity matrix for this study. w;
is the process noise vector that is assumed to be zero-mean Gaussian with the
covariance (). v; the observation noise vector that is assumed to be zero-mean

Gaussian with the covariance R.
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Kalman filtering algorithm consists of two stages: prediction and update. At
the prediction state, the objective is to calculate a prior state estimate ; which
means the rough estimate before the update stage, and a prior estimate covariance

P, which is used in update stage. These two priors can be calculated as follows:

&7 = Ak (4)

P = AP AT 4 Q (5)

where A, and () are the state transition matrix, and the process noise covariance
matrix, respectively. P, is the error covariance that obtains from the update state.
In this stage, the prior state estimate (Eq. 4) is evolved from the updated previous
updated state estimate, and the prior estimate covariance (Eq. 5) encrypts the
error covariance that the filter assumes the estimated error has.

For the update state, the objective is to find a posterior state estimate z;
which is the estimate of x at time ¢, a posterior estimate covariance P, which is
necessary for the prediction step at time t+1, as well as the Kalman Gain K; that

we mentioned in Equation 1. These three values can be calculated as follows:

K,=P H'(HP H" + R)™! (6)
&y =&y + Ky(z — Hiy) (7)
b= (I - KH)FP~ (8)

where H, R, and I are the observation matrix, the observation noise covariance
matrix, and the identity matrix, respectively. We noted that it is required to know
the estimate of xy, and Py to start the process, and the set of parameters (A, H, Q,
and R) is estimated by using Expectation-Maximization (EM) algorithm.. After
we gathered all the information for the prediction and update stages, we can
iterate through the estimates. The previous estimates will be the input for the

current state. In the end, we obtain the denoised signal z;.

12
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2.4 Video-Based Semi-Automatic Detection of Arm’s Po-
sition

We used DeepLabCut, a supervised CNN-based tool for animal posture quantifi-
cation, to analyze the players’ stroke from the videos [15]. As shown in Fig. 5,
this tool allows us to automatically annotate the positions of objects in entire
videos, once their positions are manually provided in a few of the video’s frames.
Since DeepLabCut is based on ResNet50, a supervised learning model, it requires
a sample of our videos for training the model. To create the training dataset,
we randomly selected 10 frames per video, a total of 200 frames for training,
and manually annotated the positions of three parts of the arm and the table
tennis racket. Omnce trained, the tool then was used to estimate the positions
throughout the remaining frames. In the end, we obtained the sequences of x
and y coordinate of four tracking positions for each participant. We treated the
results of the arm’s position as the time-series data same with the x, y, and z-axis
of accelerometer signal.

This model consisted of two components, pretrained ResNet50 [22], and de-
convolutional layers [23]. For the first component, as illustrated in Figure 6, the
ResNet5h0 is a convolutional neural network (CNN) that is 50 layers, and con-
sisted of 5 stages each with a convolution and identity block [24,25]. This model
used the max pooling layers [26,27] along with the rectified linear unit (ReLU)
activation function [28], and batch normalization [29]. As the "skip connection”
mechanism in this component, this model is able to resolve the vanishing gradient
problem [30]. For the second component, the deconvolution layers are used for
up-sampling the visual information and producing the spatial probability densi-
ties. By a stochastic gradient descent [31], the model is trained more than 200,000
iterations with setting the learning rate as 0.0005 and weight decay as 0.0001.
The training time is taken up to 8 hours, and the loss is less than 0.001. We noted
that our model used the pre-trained weight from the ResNet50 for initialization.

For the setup of computational resources, the pose estimation model in this
study was implemented, trained, tuned, and evaluated on the Google Colabora-
tory platform with Intel(R) Xeon(R) CPU @ 2.30GHz CPU, 12 GB of RAM, and
Tesla P100-PCIE-16GB GPU. The model was run on Python 3.6.8, Keras 2.2.5,
and Tensorflow 1.14.0.

14
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2.5 Dynamic Time Warping for Stroke Consistency Eval-

uation

We used Dynamic Time Warping (DTW) and Root Mean Square Error (RMSE)
on pairs of two strokes from each player, in order to evaluate the consistency
between the stroke motion signals from video motion tracking and the Apple
Watch accelerometer. Prior works applied this algorithm for analysis on various
fields such as basketball [32], and surgery [33]. The use of DTW allows for
matching the peaks of the strokes by reducing the effects of time and shifting
distortion between the two signals and detects how similar their phase and shapes
as described by Algorithm 1.

RMSE was used as the metric to compare the consistency of the stroke motions
after using DTW on the signals by measuring the square root of the difference
between two compared signals as shown in Equation 9. RMSE can be calculated

as follows:

n

RMSE = 1 a; — b;)? 9

) =) )
where a and b are two input sequences, and n is the total number of the feature
which denotes to the index of the element of a vector, and equal to 1 for this study.
In this context, a sizeable difference in RMSE implies greater inconsistency and
erraticism in the stroke motion. For each of the players, we selected the reference
signal as signal that produces the lowest averaged RMSE when paired with other
strokes. Further note, we discarded the first and last strokes because they contain
signals from initial and ending postures during the recording. For each player, we
calculated RMSE from the set of signals, and use it as the feature for analysis.
The video tracking approach contains eight features, x and y coordinate of four
tracking points from the GoPro8 action camera. For the accelerometer tracking
approach, there are three features, x-axis, y-axis, and z-axis of the accelerometer
from Apple Watch.

17



Algorithm 1: Dynamic Time Warping Algorithm

Data: s, t: the sequences
Result: d: the minimum distance
n = s.length() ;
m = t.length() ;
DTW = array|0...n][0...m] ;
for : < 0 ton do
for j + 0 to m do
| DTWTIi][j] = infinity
end
end
DTW]I0][0] = 0 for i < 0 to n do
for j + 0 to m do
cost = RMSE(s[é], t[7]) ;
DTWTi][j] = cost + minimum(DTW[i — 1, 5], DTW[i, j — 1],
DTW[i — 1, j — 1))
end

end
return DTW/n][m];

18



2.6 Statistical Testing

To investigate which factor(s) were correlated with the consistency of the stroke

motions, we performed statistical comparisons between the following pairs:
o successful v.s. failure results when the beginners tried forehand strokes.
o successful v.s. failure results when the beginners tried backhand strokes.
» standard v.s. beginner players when the players tried forehand strokes.
o standard v.s. beginner players when the players tried backhand strokes.
o successful v.s. failure results in case of forehand strokes.
o successful v.s. failure results in case of backhand strokes.

The comparison was implemented by two-sample t-test (significance level = 1.0e-
4 without adjusting for multiple comparisons) for each coordinate. We calculated

t value of each comparison as follows:

1 — X9
N )
m T ma

where T; and T, are the means of the two samples, s; and sy are the standard
deviations of the two samples, n; and ny are the sample sizes. The number of
degrees of freedom for the problem is the smaller of n; and ns.

For the relationship between the player’s stroke and the hitting score, we
defined the stability error for representing the player’s stroke consistency. We
applied Principle Component Analysis (PCA), which is a technique for reducing
the dimensionality of the features, and have been used in various works [34-36].
We then selected the first principal component score as the stability error. For
example, we reduced the dimensional of the eight features of the video tracking
approach into one feature called stability error. This procedure was also used with
the features for the accelerometer tracking approach. To evaluate the strength
of the correlation between the stability error and the hitting score, we applied
Pearson’s correlation coefficient and used the criteria according to the previous
work [37,38].

19



3. Results

3.1 Detection of Arm’s Position

As a preliminary assessment, we analyze the detection of three arm’s positions
and the center of the racket. The annotation results are shown in Figure 7 for
the forehand stroke, and Figure 8 for the backhand stroke. The blue, cyan,
yellow, and crimson colors represent (1) the shoulder joint, (2) the elbow joint,
(3) the wrist joint, and (4) the center of the racket, respectively. We can see
that the annotated arm’s positions are precise and are well prepared to be used
in the stroke analysis for the participants. With the pose estimation model, we
obtained the x, and y coordinates of the three arm’s position and the center of
the racket of the video-based data in this study. Again, we treated the results of
the tracked position as the time-series data same with the x, y, and z-axis of the

accelerometer signal for the stroke analysis.

3.2 Stroke Consistency and Statistical Analysis

We analysed the stroke consistency using averaged RMSE of video tracking and
accelerometer tracking. Table 2 and 3 shows the averaged and standard deviation
of RMSE for video tracking and accelerometer tracking, and the hitting score of
each player, for forehand and backhand, respectively. We have a total of eleven
features, eight features from video tracking and three features from accelerometer
tracking. For a simple analysis, we average the feature depending on the feature
group and the dominant hand such as video tracking of forehand, video track-
ing of backhand, accelerometer-based tracking of forehand, accelerometer-based
tracking of backhand. Noted that the results of the video tracking approach are
based on the pixel-to-pixel difference of footage from the GoPro8 camera, while
the results of the accelerometer tracking are based on the inertial measurement
unit (IMU) in the Apple Watch 5.

Considering the forehand results in Table 2, we see that the lowest RMSE of
the standard player’s group is 162.07 4+ 100.36 for video tracking, and 3.39 + 1.10
for accelerometer tracking. For the beginner player’s group, the lowest RMSE is
265.60 £+ 124.65 for video tracking, and 7.07 £ 2.05 for accelerometer tracking.

20



Figure 7: The automatically annotation results of the forehand strokes of the

standard players
21



Figure 8: The automatically annotation results of the backhand strokes of the

standard players 929



It can be implied that the stroke consistency of standard players is more efficient
than the beginner players. Furthermore, all standard player’s group achieve the
perfect score with the low RMSE for forehand stroke. In contrast to the forehand
results, as shown in Table 3, we see that the lowest RMSE of the standard player’s
group is 205.12 £+ 106.70 for video tracking, and 4.27 £+ 0.92 for accelerometer
tracking, while, the lowest RMSE of beginner player’s group is 87.76 £ 36.17 for
video tracking, and 6.42 £ 1.01 for accelerometer tracking. The results show that
some beginner players, who achieve the low RMSE for video and accelerometer
tracking, can obtain the various hitting score.

For pair-wise comparisons, after we applied two-sample t-test for our features,
the coordinates showing significant difference were as follows:

As results of pair-wise comparisons,

1. standard v.s. beginner players when the players tried forehand

strokes

e video tracking: x and y coordinate of elbow joint, wrist joint, and the

center of the racket.

o accelerometer tracking: x-axis, y-axis, and z-axis

2. standard v.s. beginner players when the players tried backhand
strokes

o accelerometer tracking: y-axis, and z-axis

We noted that the significant level in these results is 1.0e-4 without adjusting
for multiple comparisons. These pair-wise comparison results suggest that we
can distinguish the forehand stroke between the standard player’s group and the
beginner players’ group through the video and accelerometer tracking. On the
other hand, we can use only the accelerometer tracking for backhand stroke. For

other comparisons, they did not show a significant difference.
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Table 2: Average and standard deviation of RMSE within players forehand strokes

Participant

Video Tracking

Accelerometer Tracking

Hitting score

(RMSE) (RMSE)
Standard#1 | 214.91 4+ 73.86 6.41 + 0.49 10
Standard#2 | 162.07 £+ 100.36 6.93 £ 0.92 10
Standard#3 | 243.56 £ 175.19 3.39 + 1.10 10
Beginner#1 | 663.73 4+ 388.00 9.36 £ 3.62 10
Beginner#2 | 1064.31 £ 868.51 7.98 £ 1.00 7
Beginner#3 | 401.66 + 230.38 10.62 + 3.72 7
Beginner#4 | 265.60 4+ 124.65 9.59 + 1.00 10
Beginner#5 | 698.91 £+ 319.56 16.96 £ 1.58 6
Beginner#6 | 605.69 4+ 456.54 7.07 + 2.05 8
Beginner#7 | 725.51 4+ 632.22 21.90 £ 7.33 7
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Table 3: Average and standard deviation of RMSE within players backhand

strokes

Participant Video Tracking | Accelerometer Tracking Hitting score
(RMSE) (RMSE)
Standard#1 | 237.12 + 114.34 4.27 £ 0.92 10
Standard#2 | 539.16 + 475.45 6.76 + 0.61 9
Standard#3 | 205.12 £+ 106.70 4.34 + 0.85 7
Beginner#1 87.76 £ 36.17 10.80 + 3.21 10
Beginner#2 147.92 £ 65.76 9.87 + 2.31 6
Beginner#3 | 335.59 £+ 207.97 7.45 + 1.40 8
Beginner#4 | 391.58 £ 274.08 13.30 £ 1.80 8
Beginner#5 | 562.62 + 167.08 11.35 + 1.85 7
Beginner#6 | 394.33 4+ 428.32 6.42 + 1.01 9
Beginner#7 | 291.21 4+ 141.69 9.10 £ 4.16 6
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3.3 Player’s Stroke and Hitting Score

To examine the relationship between the player’s stroke and hitting score, we
analysed the stability error and the hitting score. Figure 9 and 10 show the
relationship for video and accelerometer tracking approach, respectively. The x-
axis is the stability error of the player’s stroke which obtain by applying PCA to
the feature for each approach. The y-axis is the hitting score. The blue point
represents the beginner player, while the yellow point represents the standard
player.

For the results of the video tracking approach as shown in Figure 9a, we can
see that there is an obvious difference in stability error between standard and
beginner players for forehand stroke. We noted that there are overlapped two
points of standard player’s group in this visualization. On the other hand, Figure
9b suggests that there are unclear differences for backhand. Based on the result
from Pearson’s correlation, we see that there are strong negative and negligible
correlations for the forehand and the backhand strokes, respectively.

Similar to the video tracking approach, the forehand result of the accelerom-
eter also shows the difference between two player’s groups through the stability
error as shown in 10a. For the backhand stroke, the differences seem to be more
clear comparing to the video tracking approach. The interpretation results from
Pearson’s correlation suggest that there are moderate negative and negligible
correlations for the forehand and the backhand strokes, respectively.

Based on these results, it is obvious that there is a difference of stability
error between standard and beginner players for forehand results for video and
accelerometer tracking approaches. These imply that stability error can be an
efficient candidate for evaluating a player’s skill, especially for right-handed play-
ers. On the other hand, there are unclear differences between the two players

groups for the backhand strokes.
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4. Discussion and Conclusion

In this work, we present a multimodal approach for table tennis stroke evaluation.
We recorded the videos and accelerator signals of a total 10 players of standard
and beginner players through the Apple Watch 5 and Gopro8 action camera. We
then applied Kalman filtering algorithm to remove the noise from the accelorome-
ter, and extracted the arm’s position using DeepLabCut. Lastly, we evaluate the
table tennis stroke consistency through Dynamic Time Wrapping with RMSE;,
and perform statistical testing analysis. Our results suggest that there is a differ-
ence in stroke consistency between standard and beginner players based on the
multimodal approaches, especially for the forehand stroke. The statistical anal-
ysis reveals that the significant differences of the forehand strokes between the
two players groups are the x and y coordinate of elbow joint, wrist joint, and the
center of the racket from video tracking, and x, y, and z-axis from accelerometer
tracking. On the other hand, only the y- and z-axis from accelerometer tracking
are significant differences for the backhand stroke. For the relationship between
the stability error and the hitting score, we see the strong negative and moderate
correlation of the forehand stroke for both tracking approaches. These findings
suggest that the stability error can be an efficient candidate for evaluating a
player’s skill, especially for the forehand stroke of right-handed players.

As the results show that some beginner players, who achieve the low RMSE
for video and accelerometer tracking, can obtain the various hitting score for the
backhand strokes. Additionally. for the relationship between the stability error
and the hitting score, there are unclear differences between the two players groups
for backhand. We suspect that it is possibly affected by the camera position setup,
the slight movement for the backhand stroke, the player’s dominant hand, and so
on. Therefore, we conclude that any patterns in the backhand strokes are unclear
to our current study, and more investigation is required.

There are three main limitations that affect the accuracy and reliability of
our results. The first is that the result of using DeepLabCut is affected by the
camera position, especially for the backhand. Regarding the full stroke motion
for the forehand of the right-handed player, we set the camera position to see the
entire stroke. With the full stroke motion, we can analyse the forehand stroke

accurately. On the other hand, as shown in Figure 11, when the player performs
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the backhand, their left hand can be intercepted by their body. This problem
might be a cause of inaccurate analysis for the backhand stroke. To resolve this
issue, we aim to place another camera to capture the entire player’s stroke for the
backhand. The second is Dynamic Time Warping (DTW) discards the timing
information. The nature of Dynamic Time Warping (DTW) is to match the
peak of the strokes by reducing the effects of time and shifting distortion. While
DTW is able to capture how consistent is the stroke motion, the stroke duration
information is not included in the analysis results. Hence, measuring additional
insight such as speed of the stroke can be considered given that stroke consistency,
hit timing, and hand-eye coordination movements are affected by speed not only
in table tennis but in other sports as well [39]. The last limitation is the small size
of participants and the stroke types in this study. As the hitting score represents
the success or failure strokes, we can see that our dataset contains a small amount
of fail strokes. Mainly, we are lacking the failure strokes from standard players
for forehand. Also, due to the technical difficulty, we cannot perform the rally
situation. Therefore, these analyses should be validated by increasing the number
of participants and strokes types for all player groups in further studies.

With our evaluation procedure, we can monitor the beginner player’s skill by
using the stroke consistency through the prevalent equipment. Regarding the
training of beginner players, one possible way is to use the stroke analysis of the
standard player as a template of proper stroke for beginner players to follow.
Since our data consists of the arm’s tracked position and accelerometer tracked
signal, we can build the stroke template from this data. Afterward, the beginner
players can use the template to improve their strokes to be closer to the standard
player. From an engineering standpoint, we aim to implement these applications
on both smartwatch and mobile phone as a monitoring and training device for

convenience and accessibility purposes in future directions of this study.
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(b) The example of the backhand stroke when the participant’s body intercept their
left hand

Figure 11: The example of the backhand stroke
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