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Abstract: Sports training generally focuses on speed of response and variety of strategies aimed at encouraging 

sustainable physical activity and improving learning skills for players, thus, enhance their performance and skills 

through matches. In this paper, we are presenting a methodology for multi-sensor fusion method of IR depth camera 

and smart band sensors using curve fitting to recognize and group the characteristics of strokes performed by players 

and adapt the training accordingly. The main aim of the methodology is to classify various techniques played in table 

tennis and enhance the strokes based on various body joints. Moreover, the main contribution of this paper is to 

experiment different sensors to get the most optimal tools in classifying players strokes. Also, to test various 

classification algorithms to get the optimal and best result possible. Overall, based on the experiments we have 

concluded that sensor fusion between internal sensors and IR depth camera has increased the classification results and 

robustness of the solution. The system's results indicate an average accuracy of 95% - 100%. 

Keywords: Stroke classification, Stroke identification, Table tennis, IR depth camera, Hand gestures, Smart band, 

Accelerometer, Gyroscope, Inner room server, Multi-sensor, Sensor fusion. 

 

 

1. Introduction 

Competing sports are the major focusing of 

diverse audiences around the world. Table Tennis has 

over 300 million active participants globally and is a 

popular game. Anyone can get involved at any time 

and keep playing all the time. It is particularly good 

for developing awareness and movement. One of the 

main reasons behind this popularity is that people of 

all ages can play it. Table tennis is now a global 

sensation. The highest popularity of the game is in 

Asia. China is considered one of the best-performing 

countries in table tennis. Also, this sport not restricted 

for men only as according to sports and fitness 

industry association shows that 40% of total table 

tennis participants are female. Table tennis 

movements are categorized into basic and advanced 

stages. The basic stroke movements are push, drive, 

and topspin. The forehand stroke is generally played 

from the forehand position, but players are often 

allowed to use their forehand stroke against the balls 

arriving at the centre. On the other side, the backhand 

drive is regularly played from the backside. Players 

are not normally allowed to play backhand strokes 

from their forehand, which may con-tribute to weak 

technique. Adjusting the wrist to different incoming 

balls can create optimal arcs. The arcs are formulated 

by the instant strength and speed of the player. Mostly 

there are lots of movements either forehand or 

backhand that are based on the correct movement of 

the wrist. One of the main wrist error movements is 

ball risen, which means that the racket is moving 

from the bottom to the top, the wrist is the joint that 

controls the racket’s movement. In another way, 

shifting the wrist from the bottom to the top. Fig. 1 

(a) indicates the incorrect movement. 

In our attempt to increase the accuracy we have 
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(a)                                    (b) 

Figure. 1 Incorrect waist movement: (a) backhand drive 

and (b) forehand drive 

 

started with our previous work [1], we have 

experimented with using an IR depth camera but it 

wasn't able to achieve accurate results on its own and 

face some limitations to detect the wrist movement in 

an appropriate way. In order to enhance the results, 

we are proposing a new methodology of using curve 

fitting for multi-sensor fusion to obtain better 

accuracies for detecting and classifying the stroke 

motion of the player. The details of the methodology 

will be explained in the following partitions. The 

paper is partitioned into four parts. Firstly, the related 

work where we present other researches in different 

domains related to the techniques used in the 

proposed system. Secondly, the methodology where 

we mainly explain the proposed approach and the 

techniques used. Thirdly, experiment where we show 

the proposed system contribution and results. 

Fourthly, a discussion where we investigate the basis 

of the introduced platform. Finally, summary and 

future studies where the results and outcomes of the 

research are presented. 

2. Related work 

This section is divided into several parts. Every 

part is mandatory to mention as it is used in our 

system. 

2.1 Hand gestures 

Table tennis is a relatively fast-moving sport that 

can involve the fastest responses in any other sport. 

The motion of the player’s hand can extremely affect 

the strokes. It is enough to identify and recognize 

tennis strokes by capturing hand development. 

Therefore, recognition and identification of a table 

tennis strokes were treated as a problem for hand 

motion as table tennis relies on hand movement [2]. 

Hand motion identification and recognition is a well-

known field for human computer applications. 

Research [3] introduced a very effective system of 

recognition and identification of hand movements 

with online feedback. 

Hand motions can be distinguished using an IR 

depth camera too, Y. Chen, B. Luo, Y. Chen, G. 

Liang, and X. Wu [4] provide a relatable real time 

replacement to massive HCI devices using Kinect 

and SVM algorithms, which resulted in 95.42% 

precision. One of many sensors were used in the table 

tennis field to classify and recognize hand gestures 

was IMU. According to M. Kos, J. Zenko, D. Vlaj, 

and I. Kramberger [5] which indicates that using 

some simple calculations, you can reach a very good 

accuracy in general table tennis strokes. According to 

K. Xia, H. Wang, M. Xu, Z. Li, S. He, and Y. Tang 

[6] they proposed a framework of a wristband 

(Accelometer and gyroscope sensors) and a hybrid 

multi-layer cluster model for activity detection by 

using different clustering algorithms, feature 

extraction and segmentation processes. Their 

proposed model achieved the highest overall 

accuracy with 86%. Moreover, according to Z. 

Bankosz and S. Winiarski [7] they proposed a system 

to be examine in the topspin forehand by using an 

IMU device which is a wearable inertial sensor to 

estimate and measure the movements of the player’s 

hand and analysing different positions. There 

observation indicates that the highest variability is in 

the wrist joint extension. Overall, IR depth camera as 

a sensor was used lots in sports field and other fields 

too. It was important to get data for different joints 

but also sensors like accelometer and gyroscope 

indicates to be really useful for small joints. 

2.2 IR depth camera sensor background 

As the fundamental concentration from the 

innovation and technology viewpoint in popular 

sports is the classification and detection of the 

player’s developments. Identification of motions 

mostly completed by using a camera particularly an 

IR depth camera or a wearable sensor device. 

According to T. Le, M. Nguyen, and T. Nguyen [8] 

the usage of depth camera with the SVM algorithm to 

target the human posture recognition did achieve high 

precision in several interesting places. Their findings 

reveal that Kinect is a low-cost system that can track 

and identify multiple positions with high precision. 

Overall, the usage of IR depth camera got lots of 

limitations such as artificial vibration, which might 

affect the results of classifications especially of 

sensitive joints. Therefore, looking to attached 

sensors to body might overcome this limitation. 

2.3 Accelerometer and gyroscope sensors 

background 

The main two sensors placed in mobile phones, 

smartwatches, smart bands are an accelerometer, and 
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gyroscope sensors. There are many applications of 

accelerometers and gyroscopes to evaluate physical 

performance [9]. Assigning a hardware component to 

the racket is one of the methods using accelerometer 

and gyroscope for recording player’s movements and 

that was the study and research method [10], they did 

experiment that using these sensors for detecting the 

movements can be easily and gives sufficiently 

precise accuracy. Using the same concept and 

methodology [11] reached to an accuracy of 95.7%. 

Research [12] attached the mobile phone into the 

player’s wrist to use mobile accelerometer and 

gyroscope sensors. They achieved an average 

accuracy of 69.63% and 77.21%. They also created 

an online android program to examine the played 

strokes of the player. Several problems were faced 

while using an accelerometer and gyroscope without 

an IR depth camera. The main problems were the 

precise time and synchronization of different 

positions [10]. On the other hand, while using only 

accelerometer and gyroscope. P. Blank, J. Hossbach, 

D. Schuldhaus, and B. Eskofier [11] faced a 

challenge of detecting events that can’t be allocated 

to each of the types of stroke listed, this is because of 

the usage of accelerometer and gyroscope on a small 

joint which is the wrist. In other words, in table tennis 

to achieve a very correct and accurate movement, it 

is based on different joints and can’t be classified 

using only a single joint. The data gathered from 

different sensors does contain noises, in order to 

remove them we need to filter the data. 

2.4 Filtration process 

The usage of IR depth cameras and wearable 

sensors leads to a high rate of distortion that affects 

the records of data and the system recognition [13]. 

Thus, filtering is the main pre-processing necessary 

for sensors. For Kinect, due to the light-based 

systems, the data would have noise. According to G. 

Li, H. Tang, Y. Sun, J. Kong, G. Jiang, D. Jiang, B. 

Tao, S. Xu, and H. Liu [14] a joint bilateral filter was 

utilized to label the collected images, therefore, 

increasing the quality of the images. On the other 

hand, for the wearable sensors (accelerometer and 

gyroscope) noise might be due to temperature change, 

shock, or vibration. The noise needed to be reduced 

well as it affects the classification [15]. Moreover, 

according to [16] Kalman filter did achieve a good 

rate of denoise different sensors (IR depth camera, 

accelerometer, and gyroscope). Kalman filter was 

utilized to monitor the joints of the body with the 

elimination of the noise from the unwanted pulses 

also decreases the difference in the middle place of 

the joint [17]. Right before the classification process, 

the implementation of sensor fusion is needed to 

avoid problems of single sensor usage. 

2.5 Sensor fusion 

To avoid problems of single usage of IR depth 

camera or accelerometer and gyroscope as mentioned 

in [10, 11], sensor fusion was necessary, especially in 

a real-time application. According to [18] fusion 

between Kinect and internal sensors (accelerometer 

and gyroscope) did enhance the system’s accuracy. 

This was achieved in different system states the 

position, velocity, and acceleration. Merging 

between Kinect and Internal sensors did help in 

increasing the classification accuracy to be 

approximately 98% [19]. In the field of tennis, [20] 

proposed an efficient real-time analysis system 

focused on the combination of motion and sensor 

vision. A detailed survey of various sensor fusion 

techniques utilized in detecting various human 

activities have been presented in a detailed survey 

[21]. K. Irie discussed the idea of sports swing 

measurements, he used an IMU and a camera to 

measure motions. Overall, he indicates that the 

method of sensor fusion decreased the errors 

significantly in inertial motion calculations and 

reasonable additional costs [22]. At the end of the 

process the classifier is one of the main methods in 

system which lots of key feature can depend on the 

type of classifier used. 

2.6 Hand gesture classification algorithms 

After signals intake and connection of the sensors, 

the remaining part is to classify the movements and 

strokes. Many and different algorithms were used in 

different hand gestures application. Using data 

mining and machine learning algorithm was a real 

focus approach in some researches. The usage of k-

NN was one approach for the identification of hand 

movements and to increase the recognition process, 

where F. Mufarroha and F. Utaminingrum [23] 

reached an accuracy of 80.77% into investigating 

hand gesture recognition. Moreover, classifying table 

tennis strokes Using SVM with an attached inertial 

sensor in a racket would reach a rate of 96.7% [11]. 

Another research implemented a methodology that 

differentiates different fixed hand gestures in a 

complex context by using the Naive Bayes classifier 

and Gabor filter reaching an accuracy of 90% [24]. 

Another important approach in hand gesture was the 

use of neural network algorithms. According to S. 

Shin and W. Sung [25] they used to classify hand 

gesture movements on accelerometer data using 

recurrent neural network (RNN) algorithm. They 

indicate that RNN-based solutions provide positive 
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performance and can be further enhanced by using 

more training details. 

In addition, the dynamic time wrapping 

algorithm is one of the most used algorithms in the 

field of hand gestures, it acts as a key classifier for 

real-time systems. It is a strategy that calculates an 

ideal fit for two groupings of information with 

diverse imperatives. With the recognition of human 

behaviour, dynamic time warping and IR depth 

cameras have been used for human development due 

to their effect on contrast with. speed or style while 

conducting activities [26]. [27] mentioned by the 

usage of DTW with Kinect they could reach an 

accuracy of 97.8% for recognizing hand gestures. 

According to [28] DTW results in high accuracy in 

classification of a system relies on a system 

combination between Kinect, accelerometer, and 

gyroscope.  

Table 1 shows that generally the previous work 

that has been done in the field of table tennis was only 

focusing on the main stroke types and on 

classification of the motion using different wearable 

sensors or sensors attached to the racket, but neither 

of those work focused on the mistakes made while 

player's training based on different joints the only 

joint of focus was the Wrist and the feedback was 

given offline after the training session. Although, 

focusing on the player's different joints rather than 

the racket might potentially lead to more accurate 

results. In our previous work [1] we proposed a 

technique to recognize and identify the utility of 

movements executed by the players using different 

algorithms and focused on an IR depth camera. To  

 
Table 1. System comparison 

Ref. 

No. 

Sensor 

used 

Feed-

back 

Joint of 

focus 

Stroke 

type 

[7] IMU 

device 

Off-

line 

Wrist Serve, 

forehand 

and 

backhand.  

[11] miPod 

sensor  

Off-

line 

Wrist Forehand 

and 

backhand 

push, block 

and topspin 

[12] Mobile 

Sensors 

On-

line 

Wrist General 

forehand 

and 

backhand 

Prop. 

Sys. 

IR depth 

camera 

and 

smart 

band 

sensors 

On-

line 

Waist, 

Wrist, 

Shoulder 

and 

elbow 

Forehand 

and 

backhand 

push, 

drive and 

topspin. 

enhance the algorithms classification results in some 

table tennis strokes and based on observations of data 

IR depth camera got some limitations with small 

joints as wrist which is a very important joint in table 

tennis. Therefore, in this work we present a 

methodology that relies on the multi-sensor fusion of 

IR depth camera and smart band. Recognizing and 

group the characteristics of strokes performed by 

players and adapt the training accordingly depending 

on breaking down the data obtained from IR depth 

cameras and smart band sensors. 

3. Methodology 

The system is divided into different parts. Firstly, 

is the data acquisition where data is collected for 

different joints through different sensors. Secondly, 

the pre-processing part which consists of segmenting 

strokes, data filtration, and sensor fusion between IR 

depth camera, accelerometer, and gyroscope. Thirdly, 

the feature extraction part to identify key features in 

the data. Finally, the processing part where the 

classification is made to classify the strokes. 

3.1 Data acquisition 

Data acquisition is carried out using the IR depth 

camera SDK to distinguish various joints (Elbow, 

Shoulder, and Waist) as shown in Fig. 2 from the 

player’s body along with the sensors readings from 

the smart band (accelerometer and gyroscope) worn 

by the player around his/her wrist. The data collected 

from each sensor are three-dimensional points (X, Y, 

Z). IR depth camera gets three-dimensional points for 

each joint. The data collected is transmitted to the 

inner room server connected to both sensors. 

3.2 Pre-processing  

Pre-processing step measures for automated 

learning help remove unnecessary and redundant data, 

increase the accuracy of learning, and improve the 

understanding ability of performance [29]. The data 

are collected from the sensor during this step and 

filtered before the feature extraction phase. 

 
Figure. 2 The system tracks and records the player’s 

joints and its movements related to table tennis strokes. 
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3.2.1. Segmenting strokes 

The stroke should be segmented from the 

collected data stream after automated data collection. 

Over table tennis stroke stages, the program 

calculates the Euclidean distance among the primary 

starting point at the stage of passes to. The Euclidean 

distance is used to distinguish and detect each stroke 

from the sequence gained from the sensors. Euclidean 

distance tests the length of a section linking the two 

points. 

3.2.2. Filtering data 

Kalman filter is utilized for IR depth camera noise 

removal. Kalman filter utilized filter for noise 

elimination and motion tracking. It is used to improve 

the accuracy of joints position estimation of IR depth 

camera and displayed an acceptable pre-processing 

and accuracy enhancement as mentioned in [25], and 

fusing it with other sensors increases the accuracy as 

mentioned in [14]. Two types of noise affect the IR 

depth camera time-series data, which are because of 

high-frequency fluctuations and extracting joint 

position from the skeleton. Our collected data passed 

through the Kalman filter for improving joint position 

estimation of IR depth camera and removing the 

noise that affects the data like temperature change, 

gravity, vibration, etc. Moreover, the Kalman filter 

assists to remove the noise of the accelerometer and 

gyroscope that might be caused due to vibration or 

temperature. It displays an acceptable pre-processing 

and accuracy enhancement as mentioned in [13]. 

Kalman filter contains a set of mathematical formulas 

that predicts of the inner condition from a variety of 

distorted calculations for a linear dynamic system and 

provides an estimation of unknown variables, which 

appear to be more accurate than the ones dependent 

on a single calculation by calculating a combined 

distribution of probability around the variables in 

each time-frame. A linear stochastic differential 

equation is used to model a discernible time cycle. 

3.2.3. Sensor fusion 

Like most sensors they are not immune to 

measurement error. Besides the presence of drift, 

other events (such as rapid movements, occlusions, 

disturbance in the Bluetooth communication, optical 

or magnetic noise) can lead to false or missing 

measurement data from one of both sensors. Since the 

wrist is the most important joint in detecting and 

classifying the stroke, by using wearable sensors 

along with the IR depth camera, more measurement 

data of the wrist joint were added to the system to 

compensate for the missing or false data using an  

 
Figure. 3 Curve fitting and fusion between accelerometer, 

gyroscope and depth camera sensors. 

 

algorithm that fuses information from wearable 

sensors and IR depth camera. After collecting and 

filtering the data from different sensors that contain 

data related to a single stroke. Due to the difference 

between the data frequency acquired from the IR 

depth camera and the wearable sensors. The process 

of the sensor fusion starts with fitting for every 

dimensional stream of data into a curve that is ideally 

matched to a variety of data points, this process is 

normally considered only as a part of the conditioning 

process. Curve correction is a form of regression 

analysis that is a collection of statistical processes to 

estimate the relationship between dependent 

variables, also referred to like the outcome variables. 

Then, we used multiple equations and models of 

linear and non-linear regression and compare them to 

determine which model provides the best fit for our 

data.  

Fig. 3, illustrates a model of the process on the 

wrist joint data from the correct forehand drive stroke. 

The blue point is the position of wrist joint acquired 

from IR depth camera and the red curve is the data 

acquired from the sensors (Accelerometer/ 

Gyroscope). The green curve shows the fitted curve 

for Kinect data, the same goes for the blue curve 

which shows the fitted curve for sensors data 

(Accelerometer/Gyroscope). The process of curve 

fitting gives us the ability to get data from both IR 

depth camera and sensors at the same exact time, then 

we merge them into one curve and that is the yellow 

curve. The algorithm utilizes the least-squares 

approach for optimization to approximate the 

solution of equation sets by minimizing the size of 

residual squares in each equation results. The default 

algorithm is Levenberg–Marquardt for unconstrained 

problems and Trust Region reflective algorithm if 

bounds are provided. In the end, it returns a list of 

these optimal values for the parameters, and a two-

dimensional list contains the covariance calculated 

for these ideal values. The diagonals show the 

parameter estimation variance. The system uses these 

two lists in forming a set of a combined stream of data  
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Figure. 4 Correct/wrong forehand drive graph (elbow 

joint). 

 

for each dimension and estimates and predicts all the 

data series needed from all sensors in the same 

timestamp as shown in Fig. 4 graph. 

3.2.4. Curve fitting methodologies 

As curve fitting is our main methodology for 

sensor fusion, it was really important to obtain it with 

the best curve fit possible. The following Table 2 

shows all equations tested in our system and the 

accuracy obtained along with the graph created by 

each equation. The usage of the curve fitting 

equations depends on the type of data [30]. 

According to the proposed system, the data is 

considered to be real-time dimensional data. At Table 

2 the constraints is given by default as we have 

utilized Scipy library to implement the proposed 

system. Moreover, Fig. 5 shows that Eq. (1) at Table 

2 was the most optimal equation used in the proposed 

system. This was determined by creating a method to 

calculating the distance between the curve points for 

each number between the range of constrains. The 

shortest overall distance between the points was 

considered to be the optimal. 

3.3 Feature extraction 

The selection of features increases the 

understanding of the mechanism and help to obtain 

high performance of learning algorithms [29]. 

Through this phase it was found that the observation 

of the collected data and the initial raw data set was 

reduced for the pro-cessing phase to more  

 
Table 2. Curve fitting equations 

Eq. CF 

Equations 

Constraints Graph Fig. 6 

Curve 

1 𝑎 × (𝑒−𝑏 × 𝑥)
+ 𝑐 

No constraints Blue Curve 

2 0 < a <= 3.0; 

0 < b <= 1.0; 

0 < c <= 0.5; 

Red Curve 

3 𝑎 ×  (𝑒𝑏 × 𝑥) Initial guesses 

a = 2.088; b = 

0.060 

Green 

Curve 

 
Figure. 5 Curve fitting equations graph. 

 

manageable categories. Feature extraction is used to 

classify essential data characteristics and to decrease 

the number of resources avail-able for evaluation 

without lacking specific or significant information. 

Multiple extractions of feature techniques were used 

such as magnitude, standard deviation, peek-to-peek 

amplitude, mean, median, minimum, and maximum. 

3.4 Processing 

The data extracted is subsequently recognized 

with the data set through FastDTW after the pre-

processing process. The dynamic time warping 

(DTW) algorithm allows for the optimal 

synchronization of the double pair. It is also used to 

define time series parallels, classifications, and 

determine the correct regions between two periods. 

FastDTW is a DTW approximation that has a linear 

structure in time and space. FastDTW utilizes a 

multilevel approach which helps to resolve a solution 

based on a coarse resolution and refines the proposed 

solution. The FastDTW starts to make the cost matrix 

for every player's stroke and every dataset stroke. 

FastDTW proceeds the process of determining the 

minimum value between both points and their 

neighbours in the matrix between the test stroke 

focuses and each stroke. Furthermore, The FastDTW 

utilizes cost matrix analysis and greedy search to 

literally get the distance. FastDTW ordinarily begins 

by including a point from the upper left of the cost 

grid cell to recognize the two strokes. The FastDTW 

guarantees that the correct balance between each 

stroke in the dataset and the stroke tried is 

accomplished. At last, FastDTW starts to scan for the 

base parity separation. Consequently, as classified 

the stroke mark potentially acquired from the dataset. 

Although, in order to test the efficiency of FastDTW 

algorithm, we compared the algorithm with k-NN, 

SVM, logistic naïve bayes and RNN which were 

implemented in their default structures and used in 

previous work [4, 23-25]. The comparison of the 
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usage of algorithms will be shown in experiment 2 

Table 4. 

4. Experiments 

This section presents equipment setup for the 

system and the data collected. Moreover, it also 

presents the implementation and assessment of the 

use of different sensors through our system and 

FastDTW, k-NN, SVM, Naive Bayes and RNN 

algorithms for classification of table tennis strokes.  

4.1 Equipment setup 

The first-generation IR depth sensor, 

accelerometer, gyroscope, and the software were 

used to capture motion in our trainer system. The IR 

depth camera, accelerometer, and gyroscope, along 

with their time stamps, were used for tracking the (X, 

Y, Z) coordinates of the four joints of the body. The 

IR depth camera was located on the tennis table, 65 

cm height from the floor and the player is 152 cm 

standing away, as shown in the Fig. 2. 

4.2 Data collection 

Overall, the data obtained was collected over 800 

trials from 8 different professional players (6 male 

and 2 female) on two keystrokes that are forehand 

drive and backhand drive. Each player repeated every 

stroke 50 times with a total of 100. The trials are 

divided into correct and incorrect strokes equally. 

The wrong strokes distinguish between various wrist 

errors, such as wrong approaches of movement and 

wrong gestures of the hand. Data obtained by our own 

built software and joint coordinates delivered for 

classification to the inner room server via socket 

programming to minimize time consumption, avoid 

leak of data and preserve the integrity of data. 

subsequently the other eight players executed the 

movement more than once to evaluate the platform 

and get the feedback in real-time. 

4.3 Experiment 1 - Usage of different sensors 

As we concerned in our latest published paper [1] 

to achieve valuable results and obtain precise 

accuracy, we used an IR depth camera to detect the 

skeletal joints (Wrist, Elbow, Shoulder, Waist) in 

direction X, Y, Z. We noticed that many different 

strokes depend on the movement of the wrist, 

considering the wrist to be a very sensitive joint. Also, 

as mentioned previously, the IR depth camera had 

several limitations with small and sensitive joints in 

detection as shown in the IR depth camera part on the 

graph Fig. 6. Therefore, the ability to detect wrist  

Figure. 6 Joints accuracy with different sensors 

 

joint more accurately will increase our classification 

results. 

To overcome this problem and avoid these 

limitations that can affect the player’s experience, we 

decide to use a smart band including accelerometer 

and gyroscope sensors which are suitable for 

relatively small movements of the wrist, which must 

be analysed in real-time. These sensors detected the 

wrist’s motion easily and give adequately precise 

accuracy. On the other hand, using accelerometer and 

gyroscope sensors can’t be satisfying for detecting 

and classifying other different large joints like 

shoulder and waist as shown in Accelerometer and 

Gyroscope part in the graph Fig. 6. Therefore, 

affecting the achievement of good accuracy and 

classification of the data. In this experiment we asked 

4 professional players (2 male / 2 female) to perform 

multiple wrong strokes in each joint. Each player 

performed a total 25 wrong stroke for every joint for 

three times, once using only an IR depth camera and 

once using Accelerometer and Gyroscope only and 

last using both as sensor fusion. Sensor fusion 

between both sensors did overcome the drawbacks of 

both sensors and raised the accuracy of detecting and 

classification for each joint as shown in the Sensor 

fusion part in the graph Fig. 6. It raised a lot 

especially in the wrist and elbow joints comparing to 

the IR depth camera or Accelerometer and Gyroscope 

alone. Duo to the limitations of the sensors to the 

distance between the further joints (Shoulder/Waist), 

the accuracy was not raised a lot but still better than 

any single sensor. Which helped to develop the 

identification and classification of swing motion of 

the player. Using sensor fusion did increase the 

classification accuracy as shown in Experiment 2. 

4.4 Experiment 2 - Sensors fusion algorithm 

comparison 

In this Table 4, indicate the outcomes which were 

performed to approximate and measure the efficiency 

of distinguishing main points algorithms utilizing 4 

major algorithms illustrated in the former work [9, 
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14]. With these algorithms, the most critical point in 

an algorithm we are searching for is that it combines 

between high accuracy low classification time. The 

examination was achieved and tested on the dataset 

we gathered and made. Each algorithm calculated on 

the dataset and checked and attempted many times to 

obtain the average percentage. Table 3 is a confusion 

matrix based on the data tested 240 samples (30% of 

the total data gathered) that illustrates how well the 

system could identify strokes and assign it to be 

correct or incorrect related to our data-set.  

5. Discussion 

Table 3 illustrates how the system was successful 

in the detection and classification of strokes. The 

system did have some mistakes in detecting some 

movements and that’s because some mistakes while 

performing the stroke was in the shoulder or waist 

movement. As both movements contain less error  

 

 
Figure. 7 Correct/wrong forehand drive graph 

(shoulder/waist joints) 

 

Table 3. Confusion matrix of the testing data (fastDTW) 

 CBD CFD WBD WFD 

CBD 58 0 3 0 

CFD 0 60 0 1 

WBD 2 0 56 0 

WFD 0 0 1 59 

 

Table 4. Different classification algorithm comparison 

 Fast-

DTW 

k-NN SVM Naïve 

Baye

s 

RNN 

CBD 96.7  

% 

96.7% 90   

% 

85      

% 

98.3

% 

CFD 100   

% 

98.3% 91.7

% 

76.6    

% 

100  

% 

WBD 93.3 

% 

95 % 81.6

% 

80      

% 

96.7

% 

WFD 98.3 

% 

93.3% 83.3

% 

71.6   

% 

100 

% 

Average 

Accuracy 

97.2 

% 

95.6% 86.7

% 

78.3   

% 

98.8

% 

Average 

time 

1.38 

sec 

4.14 

sec 

4.89 

sec 

2.76 

sec 

6.41 

sec 

ratio as shown in graph Fig. 7, so the system might 

confuse between the movements. Despite these 

limitations, FastDTW and RNN achieved the best 

classification accuracy 97.2% and 98.8% as shown in 

Table 4, and since our system is time-sensitive to 

provide real-time feedback we depended on 

FastDTW. The FastDTW algorithm obtained an 

acceptable accuracy average with the lowest time 

taken of 1.38 second per 1 stroke because it analyses 

various time series to measure the association with a 

related behaviour between two-time intervals, where 

time and speed vary significantly. 

6. Conclusion 

To sum up, in this study we have proposed a 

system to train table tennis players and increase their 

performance. The system was built on the basics of 

strokes in table tennis: backhand drive, forehand 

drive.  Based on our studies, the system explored that 

by the usage of FastDTW algorithm and utilization of 

an IR depth camera and wearable sensors, the system 

results in an accuracy of 97.2%. The system was able 

to achieve a high classification accuracy in an 

acceptable time for a real-time system. Our future 

work aims at adding more table tennis strokes to the 

system data set, which can be detected and classified 

by the proposed method. We also planning to extend 

the systems functionalities, using new algorithms in 

the analysis of the table tennis strokes. 
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