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Introduction

. Shoulder Right
* Table Tennis became popular to Elbow Right “

reach 16 million players. Wrist Right

Correct Forhand Push

* Table Tennis major mistakes
while playing:

1- Waist movement mistake.
2- Elbow extends.

3- The racket ends higher than
the table.
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Problem definition

Enhance the classification accuracy and
provide online real-time feedback for
enhancing the player stroke style by

classifying the correct and wrong strokes
p, Using sensor device and IR depth camera on
- . different body joints.



System Architecture Block Technical Diagram
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Classification > User Interface
| )

Wirang Stroke Detection
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FastDTW Algorithm |

Toward accurate dynamic time warping in linear time and space

100°% Radius ws. Error (Random data)
Y — — Band
* They introduced FastDTW, a linear and accurate 50 N
approximation of dynamic time warping (DTW). e -
e FastDTW uses a multilevel approach that recursively ° : ™ racius = = >
projects a warp path to a higher resolution and 100% e
refines it. + oot Fameorw |
b5 \
. . 40%a
* Result: an average error of 8.6% with a radius of only zo N A
1, and increasing the radius to 20 lowered the error to e ; . en - = >
under 1%- Radius vws. Error (Gun data)
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Fig. 9. Accuracy of FastDTW compared to Bands and Abstraction on all three groups of data.

[1] S. Salvador and P. Chan, “Toward accurate dynamic time warping in linear time and space,” Intell.
Data Anal., vol. 11, pp. 561-580, 10 2007.
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Kalman Filter Algorithm |

Improving Joint Position Estimation Of Kinect Using Anthropometric
Constraint Based Adaptive Kalman Filter For Rehabilitation

—— Raw Kinect data T

— Kalman filter (no prior informations
given)

* They proposed a novel algorithm to improve accuracy 15— P
of Kinect skeletal joint.

E,
* Using a second order Kalman filter with adaptive 55
measurement noise to accurately track dynamic 5 2o
trajectory joint center location over time. T

* Results: The STD of the bone length computed o
improves by at least 40%. Lo N
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Figure 12. Peformance of Kalman filter and our proposed approach. The left arm
length is shown for the raw data, Kalman and Proposed method2.

[2] P. Das, K. Chakravarty, A. Chowdhury, D. Chatterjee, A. Sinha, and A. Pal, “Improving joint position estimation of kinect using anthro-
pometric constraint based adaptive kalman filter for rehabilitation,”Biomedical Physics and Engineering Express, vol. 4, 12 2017.



Functional Requirement |

FRO7

Description This function is for classifying player stroke by comparing the
array of optimized strokes from FRO6 with the matched
templates from the dataset.

“ Object of type Classification Result
Array of cutted strokes (FRO5) and optimized strokes (FR06).

Post-condition Database is updated and stroke marked as classified.

@

If the classifier result close to any of the templates from the
dataset then the result will be returned. Otherwise, the
stroke will be classified as unknown movement.



Non-Functional Requirement

4 .

e Architecture change
existence of Inner server
and output server.

e The response time need
to be very short as the
stroke takes milliseconds
to be ended.

Performance
and speed

e Architecture change of a
cloud computing to store
data on and the usage of
loT.

e Measured by increasing
workloads on the system
and measure number of
transactions per second
and response time.

J

Scalability

-

e This is done by applying

e There will be

~

Interface needed to be
simple and easy to be
use, due to the
surrounding
environment of the
player.

Nielsen 10 heuristics
measurements of
usability.

experimental user study
done by the end of the
project.

0
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e A functional
Requirement is that the
system needs to be easy
to maintain to minimize
the amount of changes
that would be done to
the code.

e This is done by
implementing MVC
pattern and lots of
design patterns.

Maintainability

~
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Class Diagram

Mode I View
DatabaseHelper
—<Inmterface=~ - ReportPerformanceByDay ReportPerformanceByMonth
cRUD - serverName: string
- userName: string
+ _create(array data) - password: string
+ _read(array condition, array data) - db
+ _update(array condition, array data) - con + createReport(Player player, StrokeClassified sc) + createReport(Player player, StrokeClassified sc)
+ _delete(array data) - db connection
+ _search(array data) + instance
== ==
+ getlnstance() N i
Users Address - connect() H i
- - query(string query) H
- id: long - id: long T herclatray condition ==Interface>> - PlayerProfile
- userName: string - addressName: string + select(string table, array conditions) IReports
- email: string - parentlD: long + insert(string table) + createReport(Player player, StrokeClassified sc)
- password: string + CRUD interface + delete(string table, array conditionsl) -
- phoneNumber: string + getAddressChildren(long parentiD) || + update(string table, array data, array conflitions) gl
- birthdate: date L~ I - execute(string query) + viewProfile(Usertype usertype)
- handUsed : string | —D
<=<Interface>> '

- gender: char UserTypes
+ Usertype: Usertype
+ address: Address

Notifications IProfile

# id: long

" Bl + viewProfile(Usertype usertype)
# usertypeMName: string

+ fromUserID: long Authantication

~ + club: Club + toUserlD: long
+ CRUD Interface + CRUD Interface + message: string coachDashboard
+ subject: string
+ CRUD Interface
TrainingResults = CToachProfile + loginlntoSystem(): void
ayer + forgetPassword(): void
S plaverlD: lon - l 1 + sendMNotification()
pave : ot + user: Users I + controlPlayer()
+ traipingDate: Date + playerNumber: long ClassificationResult + viewPlayers()
+ corfectStrockCount: int + rate: float playerDashboard
+ wrangStrockCount: int + bestRecord: time -+ Error‘Rl'ine: Ztringl + viewProfle(Usertype jusertype)
4 lewvel: int + errorRatio: double
+ CRYD Interface | + isMistake: boolean
Club + CRUD Interface R + isForehand: boolean
+ startTraining() : void + strokeType: string + getMNotifications()
+ id: long + endTraining() : void
+ address: Address + getTrainingResults (TrainingResults training) | © ©RUD Interface
+ clubMName: string
+ rate: int
+ CRUD interface
— ]
Contrnllerl I
<>
WeekTwoPerformance coachController
| WeckFourPorformonce AuthController player: Player
user: Users
+ calculatePerformance(): double WeekThreePErformance - + sendMNotificationsQ
1<
+ getTrainingResults(TrainingResults 53 [ + viewListofPlayers()
—i<<interface>> PP P Ap——— + checkEmail(string email): bodlean + addPlayer()
CalcPerformance. - 1_ ] + calculatePerformance(): double checkPassword(string passworkH): boolean + deletePlayer()
- + getTrainingResults(TrainingResults s) + sendTempPassword(): void . datePl )
+ performancePercientage: double + calculatePerformahce(): double M ;":a::._‘epl:yee&)
' + getTrainingResults(TrainingResults s) ¥
+ playerControéller
WeekOnePerformance + calculatePerformance(): double I I
+ getTrainingResults(TrainingResults =) etrokeClassified
1 ==Abstract>=>
ints: array + getlistofNotincations(Notinication n)

+ phoneNumbers: string
+ MmessageContent: string

d’: |' PlayeriD: long —Fﬁm&mr—k Observable

“+ calculatePerformance(): double FlassifiedResult: string + sms: SMS + getStrokeMNotification(strokeClassified s)

+ getTrainingResults(TrainingResults s) Preporocessing + whatsApp: VWhatsApp + messageSubject: string
lassificationResult{(Preprocessin repro): L s
¥ IRCamerasSignals: array i STl (Frep & prepre) + attach(observer obi)
+ wearableSignals: array eStroke(): void — -+ deaffch'(\‘obs_zrver obj)
wStroke(): void SMS | | Whatsappo + notify(Notification n)
<==<Interface>> - strokeMerge(lRCameraSignals irSignals, r
ssignallntake - wearableSignals wSignals): array NTeTrr=y——— + observer + observer
+ intakeStrokeSingal(): array - KalmenFiltration(: array | IClassification 1 & ==Abstract>> J‘
- cuttingStroke(): void TTlaSSify(array signals): s{ring + sendMsglobservable dependent) + sendMsg(observable dependent) Observer
H - ]
== - -~ | — ]
IRCameraSingals wearableSignals i SVM
Naije Bayps FastDTwW e~ + sendMsg(observable dependent)
+ IntakeStrokeSingal(): array + IntakeStrokeSingal(: array + classify(array signals): strin + cl if i Is): stri + classify(array signals): strin + classify(array signals): strin
- cuttingStroke(): void - cuttingStroke(): void ¥ Y o=iE = classify(array signals): string Y v osie = ¥ Y osiE =
- getCameraPoint(): void




Experiments Setup

* Kinect was placed on a box
with height, 65 cm from the
ground.

* The player is standing away
from it with a distance
between 152 cm and an angle
20 degrees with the Kinect.

e 500 strokes was recorded
from 5 different players.
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Results ¥ — classification acc
Cy

Naive Bayes
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= Wrong Forehand Push M overall Accuracy

FastDTW achieved high accuracy



Results 2 — cutting stroke method accuracy

Timestamp based

e Stroke was cut before or after the
stroke finishes.

Euclidean distance based

* Neglected unwanted movements
and achieved more accuracy than
timestamp by 20%
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Demo

Video is Uploaded



* The paper was accepted in (The 11th International
Conference on Ambient Systems, Networks and
Technologies) in Poland under the title of “Online
detection and classification of in-corrected played strokes
in table tennis using IR depth camera.”

ANT 2020

* In collaboration with Al Ahly Club and Table Tennis
Federation.
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Comments on paper

----- TEXT:
The paper presents a method to identify played strokes in table tennis in order to check their correctness.

The proposed method uses an IR depth camera and the results are convincing.

The article is generally well written with few typos and errors in English (for exemple, Main text ==> Introduction).
The authors should check carefully to correct this small problem.

Equation (1) can be simplified.



Any Questions?



Common Mistakes

Common Mistakes in Push Stroke Common Mistakes between strokes

Wrong Wrist Backhand Push |

[t
Forhand Push Wrist Error

o Elbow

- \ Elbow Extends /
Ty — % Extends

The racket
Position
ends
higher
than the
table level

Wrong starting angle
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Similar Systems (1/2)

Average accuracy stroke detection and classification

» Device Used: mobile device.

» The system detects and classifies tennis strokes:
forehand and backhand.

» Average accuracy 77.21% and 69.63%
Detection the wrist movement.

» Online Feedback.

v

Viyanon, Waraporn & Kosasaeng, Vimvipa & Chatchawal, Sittichai & Komonpetch, Abhirat. (2016). SwingPong: analysis and
suggestion based on motion data from mobile sensors for table tennis strokes using decision tree. 1-6. 10.1145/3028842.3028860.



Similar Systems (2/2)

Offline stroke detection and classification

» Used miPod sensor attached to the racket handle.

» Detected and classified 8 types of strokes with
overall Precision of 95.7%

» Best accuracy was SVM RBF algorithm.

» Classification based on the player movement of the
racket.

» Detection the wrist movement.

» Offline Feedback.

Stroke Detection

I
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1
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Negative masking

v

! 3D
Energy calculation |4 accele-
3 i | ration
Butterworth D
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intervals

>

Peak detection

Blank, P., HoRbach, J., Schuldhaus, D., & Eskofier, B. M. (2015). Sensor-based stroke detection and stroke type classification in table

tennis. Proceedings of the 2015 ACM International Symposium on Wearable Computers - ISWC '15.
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Stroke Classification |

Feature extraction

v

Normalization

v

Classification

___________________________



