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Abstract

Our research concerns a hand gesture recognition framework that makes use of
a low cost “off-the-shelf” device. The device is a visual markerless sensor system called the
Leap Motion controller (LM). However, before deploying the LM, we investigate its accuracy
and limitations in measuring finger joint angles. We consider a user that flexes and extends
all the fingers on the hand i.e. users with missing fingers are not considered in this research.
In addition, we assume a user's hand does not shake and can maintain a required position

for the duration of the experiments.

During finger joint angle error analysis, we conducted a series of experiments to
assess the accuracy of the LM in terms of parameters such as elevation, lateral (side-to-side)
positioning, forward-backward positioning, and rotation of the hand relative to the LM. We
used an “artist’s hand” placed above the LM. The artist’s hand is more accurate than a
human hand in performing static hand gestures as it can maintain a fixed position as long as
is necessary. According to the results of the error analysis, we apply Principal Component
Analysis (PCA) to the LM raw data to see whether it can compensate for these errors.
Reasons for choosing PCA are described in Section 1.1. The experimental results show that
the PCA is feasible, effective and can be applied such that accurate measurements can be
obtained. Specifically, PCA was able to reduce AEs (Absolute Errors) by 37.5%, 28.3%,
33.0%, and 22.4% for the experimental results of elevation, lateral (side-to-side), forward-

backward, and rotation, respectively.

Furthermore, we have applied machine learning techniques such as Linear
Discriminant Analysis (LDA) and Support Vector Machines (SVMs). The reasons for choosing
these techniques rather than others can be found in Section 1.1. These techniques help in
recognising and classifying performed hand gestures. In addition, while classifying hand
gestures, these techniques can learn about measurement errors and compensate for them.
Experimental results show a significant benefit when applying LDA and SVM, yielding a
performance accuracy above 88.0%, which is far better than the baseline performance of
67.1%. The baseline performance is the accuracy obtained when we directly observe and

assign all the test samples to the gestures they supposedly represent. Further explanation of
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the baseline performance can be found in the fourth paragraph of Section 5.2.3.

We also propose and evaluate the use of Multi-dimensional Dynamic Time
Warping (MDTW) for simulating a comparison of dynamic hand gestures that would be
performed by a patient relative to hand gestures that could be prepared by a
physiotherapist. MDTW enables us to determine how similar or different a query dynamic
hand gesture is to a reference one whilst filtering out unwanted sources of error resulting
from positional, rotational or speed differences between the query and the reference
actions. It produces a minimum-distance value of a warp path after aligning a query dynamic
hand gesture with a reference one. A low minimum-distance value implies the two gestures
being compared are similar and high minimum-distance value implies the two gestures vary

to a greater extent.

When we deliberately compare a specific hand gesture with itself, we obtain a
minimum-distance value of 0.0° indicating the similarity is 100.0%. Furthermore, when we
compare two closely similar hand gestures i.e. gesture 1 and gesture 4 as described in
Section 6.1.4, a minimum-distance value of 35.9° is obtained. However, when we compare
two quite different gestures i.e. gesture 2 and gesture 3, a minimum-distance value of
248.5° is obtained. Therefore, one can establish whether a user performs hand gestures
satisfactorily or an adjustment is required based on the minimum-distance values of the

warp paths.

Finally, we propose and implement PCA to investigate whether it is capable of
improving the performance of LDA, SVM and MDTW. During PCA implementation, a feature
vector that consists of the retained Principal Components (PCs) should be carefully selected.
When we discard the first PC and retain the remainder as the feature vector, we obtain

superior results where the performance of LDA, SVM and MDTW improves.

Hussein Walugembe PhD Thesis Page 5 of 145



Queen Mary

University of London

Acknowledgment

| would like to thank the Islamic Development Bank (IsDB) for the merit
scholarship granted to me to pursue my PhD at Queen Mary University of London. IsDB has
been paying the tuition fees for the whole PhD duration and support me with the monthly
living costs for 3 and half years. In addition, they have facilitated some of the conferences |
have attended and presented some of our research. | am really so grateful and may Allah

reward them abundantly.

| extend my sincere thanks to my two supervisors Dr Chris Phillips and Dr Jesus
Requena-Carrion for tireless guidance, tremendous advice, great support, and prompt
feedback. | have really learnt from both of them. | also thank all the teachers who have

trained me to acquire researcher development skills.

I thank my mum and dad for frequent support and encouragement. | thank my
twin brother, Hassan for encouragement and spiritual support. We have been in the same
struggle to attain PhD award at the same time. | thank my wife Ramlah and my twin
daughters (Inam and Inaaya) for the support and courage they have given me during my
final stage of the PhD study. Further, | thank all my family members for their love and

support.

Finally, | thank my fellow students in the Networks research group and other
PhD students who have supported me in one way or another. These students have been

there for me in good and challenging moments throughout my PhD study.

Hussein Walugembe PhD Thesis Page 6 of 145



Queen Mary

University of London

Table of Contents

STATEMENT OF ORIGINALITY AND AUTHORISATION ....ooiiiiiiiiieiieieceeeree e 2
PUBLICATIONS ...ttt e R e et e e s s e e Rt e R e e et e e e e e e s Re e e r e e neenreennenne e 3
A B S TR A C T ettt ettt b et h bt bt e s h e e bt e e bt e bt oAbt R £ e SR e e E £ e k£ oAbt oA beeReeehe e he e ebe e ebe e bt e beenbeene e 4
ACKNOWLEDGMENT ...ttt sttt ettt he e s bt e bt e ke et e s seesbeesbe e sbeesbeembeenneeanesnee e 6
TABLE OF CONTENTS .ottt b e bt bt he e eh s e eb e e e bt e beesbeesbesbeesbeesaeennas 7
LIST OF FIGURES ... oottt b e e bt e r e et sr e b e n e e r e e neanne s 11
LIST OF TABLES ...ttt ettt h e s bt b e e bt e s bt s b e e s b e e s Re e e Rt e nn e e an e emresb e e nne e reenreanne s 13
LIST OF ACRONYMS ...ttt ettt ettt b e bt s b e s b e e s be e s be e Rt e r e e an e emeeebeenneereenrennneas 14
1 INTRODUCTION ...ttt ettt r et h bt b et e e e s b e e sbeesbe e nbeenneanneaneennee e 16
11 IMIOTIVATION L.ttt h e b e e s e s b e b e sh e s b e e b e e b e s s e e e sbe e nr e nne s 19
1.2 CONTRIBUTIONS ..ttt sttt sttt h b b eh e s bt eb e bbbt s e st bbbt bt eb et e s nenrennenr e 22
13 THESIS OUTLINE ....ccvtiiteiitieti ettt st sttt s b e h e bbb s b e s b e e en e s e s eb e ea e e s r e e s n e e n e e snesrne s 23
2 STATE OF THE ART REVIEW ...ttt sttt enee e 24
2.1 SENSOR TECHNOLOGIES FOR HUMAN HAND MOTION ....ccoiiiiiiiiiniiicnieie e 24
2.1.1 Contact-based Sensor TECANOIOGIES .......ccveiueiieiie ettt 24
2.1.2  Non-contact-based SENSOr TECANOIOGIES .......ccveiiiiieiiiie e 29

2.2 TYPES OF HAND GESTURES ...ttt sttt bbb 32
2.2.1  SEALIC HANA GESTUIES ...ttt ettt b et b e bbbttt bbb b s 32
2.2.2  DYNAMIC HANA GESIUIES ...ttt sb et sb ettt b ettt bbb eb s 33
2.3 HAND OVERVIEW ...ttt sttt etttk n bbbt sn bbbt bt bt e e e e b nn e nn e b e ene s 34
2.3. 1 BONES OF the HANM. ....ccoiiiiie bbbttt e s 34
2.3.2  JOINES OF the FINQETS ...ttt b e bbbt b ettt sbesbesreeneas 34
2.4 KINEMATIC HUMAN HAND IMODEL .....oviuiiiiiiiitisit sttt 35
2.5 SUMMARY 1.ttt sttt bbbt bbbt bbb R R bR E R e 37
3 BACKGROUND THEORY OF LM, PCA, LDA, SVM, DTW, AND MDTW ......cccccceovverreennene. 39
3.1 LIM MOTION CAPTURE SYSTEM ....ittitiiiieuientestestesteatesseessesesse b sse b sse et e e sse b st b bt eseesee s e b snesbesneeneas 40
311 INteraction Area Of LIM ...c.coi ittt 41

Hussein Walugembe PhD Thesis Page 7 of 145



Queen Mary

University of London

3.1.2  Internal STrUCLUIE OF LIM ..o 42
3.1.3 Simple Calibration Procedure of the Leap Motion DEVICE .......c.ccvcveiiereiereseneeeseese e 42
3.1.4 Set-up and Comfortable Use of the Leap Motion DeVICE..........cccovevveiireie i se e 43
3.2 PRINCIPAL COMPONENT ANALYSIS (PCA) ...eiiiiiiitiieiiiteieiste et 44
3.2.1 PCAasaFiltering MeChaniSm ...t 44
3.2.2 Application of PCA in Areas Related to our RESEArch ..o, 46
3.3 LINEAR DISCRIMINANT ANALYSIS (LDA) ..ottt 47
3.3.1  How LDA S0IVES the ProBIEM......c..ciiiicicece e 48
3.3.2 Applications of the LDA Technique in Areas Related to our Research .............cccooevvvevivccecincnnnnn, 50
34 SUPPORT VECTOR MACHINE (SVIM) ...ttt te et st nteeaeanneaneenne e 52
3.4.1 HOw SVM SOIVES the ProbIEM .....c..ciiicii e 52
3.4.2 Relevant Applications of SVYM Technique in Areas Related to our Research ..........cccccocevcvvvrinnnnn 53
3.5 DYNAMIC TIME WARPING (DTW) ..ottt 55
3.5.1  DESCIIPtION OF DTW ..oiiiiiiiiiiietiiterieie ettt bbb bbb bbbttt bbbt b 56
3.5.2  Warping Constraints Of DTW .......c.cciiiiiiiiiie sttt ste e sre e steenae s e nnee e 57
3.5.3  Dynamic Programming AIGOFItNM .........cciiiiiie e 59
3.5.4 Problem Formulation for Comparing Dynamic Hand Gestures using DTW and MDTW............... 60
3.5.5 Relevant Applications of DTW and MDTW in Areas Related to our Research ..............ccccccovenniee. 63
3.6 SUMMARY ...ttt er ettt bbbkt h e b bR R Rt s e e s e Rt AR AR £ R £ R R E R R R Rt Rt n e n e nenr e 67

4 CHARACTERISING AND REDUCING ABSOLUTE ERRORS (AES) WHEN MEASURING
FINGER JOINT ANGLES IN LM USING PCA ...t 68

4.1 MOTION DATA COLLECTION PROCEDURE.......cuvtiiiietiiiiittiiteeessssiistietseessssisssaeesseesssisssssssesesssssssssesssesss 68

4.2 CHARACTERISING AND REDUCING ABSOLUTE ERRORS (AES) IN FINGER JOINT ANGLE

IMEEASUREMENTS ...ttt itttk sttt st sa bbb bbbt b bR bbb e et b s b bt bbbt e e et e n e sn bbb s 71
4.2.1 Experimental Set-up to Characterise AbSoIute Errors (AES) .....ccccoereieienenenineee e 72
4.2.2  Results of Characterising AbSOIUte EFrors (AES) ......cooeoiiiiiieiiiieiee e 74
4.2.3 Experimental Set-up to Reduce Absolute Errors (AES) USing PCA .......cccveiiiniiiiineiceneeiee, 83
4.2.4  Results of Absolute Error Compensation USING PCA.........cocoiiiriiiineiieneese e 85

4.3 VARIATION OF ERRORS WITH FINGER JOINT ANGLES .....coitierierieieneesiee s e sne e 88

Hussein Walugembe PhD Thesis Page 8 of 145



Queen Mary

University of London

4.3.1 Experimental Set-up to Investigate Variation of Errors with Finger Joint Angles..........cc.ccoevevnne. 89
4.3.2  Results of Variation of Errors with Finger Joint ANGIES ........cccoveviieieie i 89

4.4 DETERMINING WHETHER ABSOLUTE ERRORS (AES) ARE CONSISTENT IN LEAP MOTION DEVICES
(LMs) 90

4.4.1 Experimental Set-up for Determining whether AEs are Consistent in LMS..........cccccvviiincinennn. 90
4.4.2 Results for Determining whether Absolute Errors are Consistent in LMS...........ccccocnviiincinnnne. 91
4.5 SUMMARY ...ttt ar e h bbb et R R R s 2 e s R AR AR R R R R R R b n e r e r e 96
5 HAND GESTURE RECOGNITION IN LM USING LDA AND SVM .....cccoiiiiiiine e 98
5.1 METHODOLOGY ...ttt st sr sttt bbb b bbb b bbb bbb e bbb 98
5.1.1 Architecture of the PropoSed SYSEM .........ccceiiiiiiieiiee ettt esnee e 98
L0t A o g F= Nt [T ] o] o RS 99
5.1.3  Description Of the FEatUre VECTON .........cciiiiiiiiieeie et 99
5.1.4  Gestures Under CONSIAEIAtION .......c.ciiiiiiriiieisieie et 100
5.2 RESULTS AND DISCUSSION ......coiiiiiiiiiitieitieiiniie sttt sr et sre e n e 100
5.2.1  Dataset fOr EXPEIIMENTS ......cc.iiiiiiiiiicciee e esie ettt ee e te e ste s e e st e te e ta e te e beesaesraesnnesneesreennas 101
5.2.2 Results of Application of LDA to Recognise Hand GeStUIES .........cccecvevievieiieie e 102
5.2.3 Results of Application of SVM to Recognise Hand GESLUIES ..........cccccvevveieereeieeie e 103
5.3 SUMMARY ..ttt et b bbb bR bbb 107
6 COMPARING DYNAMIC HAND GESTURES IN LM USING MDTW .....ccccccviiiiinienieieens 108
6.1 METHODOLOGY ...ttt sttt ettt sttt e e e see e m e nn e n e e e et esee e st e nreenreeneeaneeneenne e 109
6.1.1  Architecture of the PropoSed SYSIEM .........ccuviriiiiiiriiireeee e 109
6.1.2  Description of the FEatUIe VECION ..o 109
6.1.3  RODOLIC HANG ... 110
6.1.4  Gestures Under CONSIAEIALION .......c.cvriiiiiriiieisee e 110
6.2 RESULTS AND DISCUSSION ...oiviitiiiiiiieiieieiie sttt 112
6.2.1  EvAluation Of MDTW ......oiiiiiiciiti bbbt 112
6.2.2 Comparing Different Gestures t0 @ Reference GESIUIE .......c.cvcveveviererere e 112
6.2.3 Comparing Gestures at Varied Distances from the LM.........ccccoovvevevinieninsnsieee e 113

Hussein Walugembe PhD Thesis Page 9 of 145



Queen Mary

University of London

6.2.4 Comparing Gestures at Varied SPEEAS .........cuccviveiiriere et 115
6.2.5 Comparing Gestures when the Robotic Hand is Rotated..........c.cccoceveveniiesnnieccce e 115
6.2.6 Detailed Comparison for Hand GESIUIES ........ccccecveieierieie e esie et re e 117
6.3 SUMMARY ..ttt ar e bbb bbb h e h e s R R R R R R Rt n e n e r e n s 118
7 APPLYING PCA TO IMPROVE THE PERFORMANCE OF LDA, SVM AND MDTW........... 122
7.1 IMPLEMENTING PCA TO IMPROVE THE PERFORMANCE OF LDA AND SVM......cccooiiiiiiiiiiiiic 122
7.1.1 Experimental Set-up to Improve the Performance of LDA and SVM Using PCA...........c.cccceeue. 122
7.1.2 Results and Discussion Regarding the Performance of LDA and SVM Using PCA.................... 123
7.2 IMPLEMENTING PCA TO IMPROVE THE PERFORMANCE OF MDTW ......ocviiiiiiiiiiii e, 123
7.2.1 Experimental Set-up to Improve the Performance of MDTW Using PCA ... vie e, 124
7.2.2  Results and Discussion Regarding the Improved Performance of MDTW Using PCA ................ 125
7.3 SUMMARY ..ttt ar ket e bt h s e bbb E e h e e e h Rt AR e R R e R R R R Rt n e n e n e n s 126
8 CONGCLUSION ...ttt sttt sttt b et be e be e bt e s beesbeesbeenbeenbeesseeseesbeenbeenbeenbenneeas 127
8.1 FUTURE WORK ..ottt sttt sr bbb sre e n e 128
9 REFERENQCES ...ttt bbbttt b e sb e e nb e e bt e nreennenne e 130

Hussein Walugembe PhD Thesis Page 10 of 145



List of F

Figure 1:
Figure 2:
Figure 3:
Figure 4.
Figure 5:
Figure 6:
Figure 7:
Figure 8:
Figure 9:

Figure 10:
Figure 11:
Figure 12:
Figure 13:
Figure 14:
Figure 15:
Figure 16:
Figure 17:
Figure 18:
Figure 19:

Figure 20:
Figure 21:

Figure 22

Figure 23:
Figure 24
Figure 25:
Figure 26:
Figure 27:

Queen Mary

University of London

igures

Human hand motion sensor technologies [27]. ....coocccviieeeeiee e, 25
Examples of data gloves available in the market [27]. ..ccccvvveiieiiii i 26
A choice of sparse marker collections [50].......cccouiieerieiicciiiieiee e 29
System set-up displaying a user and Microsoft Kinect [53]. ....ccccoeviveeeeiciveeecciineennn. 31
Data acquisition in Leap Motion [56]. ...cccciiieiriiiieiiiiiee e eriree e esieee e eene e 32
Examples of static GeStUres [57]. ccocuiiiiriiee et 33
(a) Index finger key tapping. (b) Example of index finger circling [57]....ccccccccvveennn. 34
Hand bones and JOINTS [58]...uuuuiiiiiiiiiciiiiiieee et e e eeerrree e e e e e e e araaeeeeeeeeas 35
Bending restrictions between the DIP joint and the PIP joint [61]. .........cccvvveenneen. 37

The Front Side of the LM with the Green Signal.........cccoovvieeiriiiiie e, 40
The LM Usage. The hand above the LM interacts with virtual objects [53]........... 41
The LM’s (a) Interaction area (b) Internal Structure [67]. ..ccccovvveeeeeeeeieciiireeeeeeen, 42
[llustration of the do’s when using LM [67].......ooveieiiieiieieee et 43
[llustration of the don’ts when using LM [67]. «.ccccvvvveeeeeiieiirieeeee e eeerreeeee e 44
Cost matrix and the minimum-distance of the warp path. .......ccccovvvieiiirrnnneen. 62
(a) Artist’s hand at the centre of the LM. (b) How to obtain DIP joint 6................ 69
[llustration of a single frame of data. .......ccccceeeiie e, 71
The artist’s hand at an elevation of 40 cm from the LM. .......cccooiiiiiiiiiniiiiiiees 73

Lateral (side-to-side) position, (a) At the centre, (b) to the left, (c) to the right of

Forward-backward position relative to the LM: (a) Forward and (b) Backward....74
Rotation relative to the LM........cooiiiiiiieeee e 75
:Sensed Joint Angle for Elevation.......cccouveeeeiie it 77
Sensed Joint Angle for Lateral (side-to-Side). ......cccoueeeeeiiiiiicciiieeeceee e, 79
Sensed Joint Angle for Forward-Backward. .........cccceeevveciiiieeeeiiciieciireeeeee e, 81
Sensed Joint Angle for ROtation..........ceeeiiii it 83
The proposed PCA error compensation technique pipeline. .....cccccceeveeciiviveeeennnn. 85

Varied Elevation. (a) Before Applying PCA. (b) After Applying PCA. ......ccccuveeeeee.nn. 86

Hussein Walugembe PhD Thesis Page 11 of 145


file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477318
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477319
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477320
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477321
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477322
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477323
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477324
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477325
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477326
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477327
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477328
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477329
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477330
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477331
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477332
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477333
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477334
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477335
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477336
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477336
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477337
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477338
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477339
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477340
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477341
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477342
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477343
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477344

Figure 29:
Figure 28:
Figure 30:
Figure 31:
Figure 32:
Figure 33:
Figure 34:
Figure 35:
Figure 36:
Figure 37:
Figure 38:
Figure 39:
Figure 40:
Figure 41:
Figure 42:
Figure 43:
Figure 44
Figure 45:
Figure 46:
Figure 47:
Figure 48:
Figure 49:

Queen Mary

University of London

Varied Forward-Backward. (a) Before Applying PCA. (b) After Applying PCA........ 87
Varied Lateral (side-to-side). (a) Before Applying PCA (b) After Applying PCA......87
Varied Rotation. (a) Before Applying PCA (b) After Applying PCA. .......ccvveevenne 88
Errors in Measured JOINt ANGIES. ....oooe i 90
Varied Elevation fOr 2 LIMIS. .....c...ooiieiiiiieeeese et 92
Varied Lateral (side-to-side) for 2 LIMIS. ......cocciieiiieeciieecee e 94
Varied Forward-Backward for 2 LIMIS. .......cccuieiieiieiieenieeeesee e 95
Varied ROtation fOr 2 LIVIS. ....c...uii ittt 96
Architecture of the proposed system [53]. ...cccviiieiiiiiei e 99
A set of gestures to facilitate gesture recognition using LDA and SVM. .............. 100
Accuracy of each gesture by LDA model. ......cueeiiiiiiiiiciieeecee e 104
Accuracy of SVM for 4 Kernels on 4 gestUres. .......cccveeieciveeeeriieeeecsieeeeecieeee e 106
Accuracy of applied techniques compared to a baseline........c..cccoeccvveeiiiiienenns 107
Architecture of the proposed MDTW implementation set-up.........ccccccvvvveeeennnnn. 110
An illustration on how the robotic hand performs a dynamic gesture................ 111
All the four hand gestures to facilitate implementation of MDTW. .................... 112
Minimum-distance against gesture COMpPariSON. ......ccccceeveecirreeeeeeeeeeiicnrreeeeeeennn 114
Varied distances for hand gesture comparisons. ......ccccccevecciiiieiee e eecccirreeeeee e, 114
Varied speeds for hand gesture compariSONS. ......ccveeveeeeeieciiireeeeeeeeeeeecirrreeeeeeen 116
Varied rotations for hand gesture comparisons.......cccccceeeecciiiieiee e cccccreeeee e, 118
PCA Performance on LDA and SVM. .....ccc.ooiiiriiiiiieieee e 124
PCA Performance on MIDTW.......cooiiiiiiiiiiieeieeeee et 126

Hussein Walugembe PhD Thesis Page 12 of 145


file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477345
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477346
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477347
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477348
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477349
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477350
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477351
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477352
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477353
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477354
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477355
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477356
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477357
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477358
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477359
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477360
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477361
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477362
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477363
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477364
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477365
file:///C:/Users/user/Desktop/20200327%20Wort%20at%20Home/20181211%20Stage%203/20191025%20Thesis%20Writing/20191025%20Thesis/20210506%20Thesis%20Corrections/20220118%20Third%20Corrections/Thesis-Hussein.docx%23_Toc93477366

Queen Mary

University of London

List of Tables

Table 1: Results for Varied EI@VatioNn. .........c.cooiiiiiiiiiiieeeeee s 77
Table 2: Results for Varied Lateral (side-to-side) POSItion. .......ccccvveeeeiieiieiiciiieeeeeec e, 78
Table 3: Results for Forward-Backward POSItioN. .........cccceiiiiiiiiiiiieieieeeieeeee e 81
Table 4: Results for Rotation Relative to the LM. ........cccceriiiiiiiiiiieeeeeeee e 82
Table 5: Results for Varied EI@Vation. .........c.cooiiiiiiiiiiee e 92
Table 6: Results for Varied Lateral (Side-to-side)......cccvveeiiiiiiiiiiiirieieiiee e 93
Table 7: Results for FOrward-BackWard. ...........c.eoerieiinieiiiiie et 94
Table 8: Results for Varied ROTAtioN. .......coouiiiiiiiiiiiieie e 95
Table 9: FEAtUre VECTON. ..coiiiiiiiiieceeee e 100
Table 10: Confusion Matrix for LDA MOdel. .......ooiiiiiiiieiieeeeeeeeee e 103
Table 11: Confusion Matrix for SVM, K = LIN@AT. .....uuueeeu s 104
Table 12: Confusion Matrix for SVM, K = Polynomial..........ccccceeeviiiiiiviiieee e 105
Table 13: Confusion Matrix for SVM, K = Radial/Sigmoid. ..........ccceveeiireeiieeccieeeeeeeree e 106
Table 14: Feature Vector in the Experimental SEt-Up. ......ccoovvviviireeeiee e, 111
Table 15: Detailed Comparison for Hand Gesture 1......cccccceevecciiiiieeiee e 119
Table 16: Detailed Comparison for Hand GEStUIre 2..........coevveecciieeeeeee e, 120
Table 17: Detailed Comparison for Hand Gesture 3. ieiciiiieie e, 120
Table 18: Detailed Comparison for Hand Gesture 4.........ccoovoeccciiieeeee e 121
Table 19: Percentage Principal Components Variability for each Gesture. ..........cccccuuunneeeee. 125

Hussein Walugembe PhD Thesis Page 13 of 145



List of Acronyms

Queen Mary

University of London

3D Three Dimensions

ADL Activities of Daily Living

AEs Absolute Errors

API Application Programming Interface
cm centimetre

CMC CarpoMetaCarpal

cl Confidence Interval

DIP Distal InterPhalangeal

DOF Degree of Freedom

DTW Dynamic Time Warping

EDR Edit Distance on Real sequences
ERP Edit distance with Real Penalty
fMRI Functional Magnetic Resonance Imaging
HMM Hidden Markov Model

IKF Interval Kalman Filter

IMU Inertial Measurement Unit

INS Inertial Navigation System

P InterPhalangeal

IPF Improved Particle Filter

IR Infrared

LCSS Longest Common SubSequence
LDA Linear Discriminant Analysis
Hussein Walugembe PhD Thesis Page 14 of 145



LEDs

LM

McCp

MDH

MDTW

ms

mHMM

NHS

PC

PCA

PIP

SDK

SvD

SVM

™

T™MC

TWED

usB

Light-emitting diodes

Leap Motion controller
MetaCarpoPhalangeal

Modified Denavit-Hartenberg
Multi-dimensional Dynamic Time Warping
millisecond

modified Hidden Markov Model
National Health Service
Principal Component

Principal Component Analysis
Proximal InterPhalangeal
Software Development Kit
Singular Value Decomposition
Support Vector Machine
TrapezioMetacarpal
TrapezioMetaCarpal

Time Warp Edit Distance

Universal Serial Bus

Queen Mary

University of London

Hussein Walugembe PhD Thesis

Page 15 of 145



Queen Mary

University of London

1 Introduction

This research focusses on hand gesture recognition. The implemented hand
gestures/exercises, as discussed in Chapters 5 and 6, are similar to those employed in a
hand rehabilitation? setting although there are other possible applications. These include

sign-language recognition, gaming, and so forth.

Although our research does not involve direct clinical support, we are motivated
by a recent publication by the United Nations [2] revealing that there has been a consistent
increment in life expectancy worldwide hence rising the number of aged individuals. The
publication further anticipates that there will be approximately 2 billion older people (aged
60 years or over) i.e. roughly 20.0% of the global population by the year of 2050. Around
90.0% of these older people are likely to live independently outside of an environment with
ready access to clinical support. This provides strong motivation for investigating
technologies that can operate satisfactorily in a home setting. Whether in a hand therapy
context [3] or otherwise, gestures can be monitored via wearable devices or contactless
alternatives, or a combination of the two. Wearable sensor devices are applied to collect
physiological and motion data. On the other hand, contactless methods aided by computer
vision techniques have been recently implemented and described in literature. These are
low-cost markerless motion devices that can track fingers, wrist, and forearm movements

(4, 5].

Treatment of hand impairments typically involve a clinician proposing a series of
hand exercises that the patient should perform, typically in the presence of the therapist.
This is demanding in terms of resources, which include time, costly instrumentation and
testing equipment, the use of health-care facilities and the related overheads [6]. Various

rehabilitative sensor frameworks have been proposed and implemented but they are

! Rehabilitation is a treatment or treatments where a patient performs several physical fitness training tasks to gain a physical functioning

level that permits him or her regain initial physical, sensory and mental capabilities that were lost, due to an accident, a stroke, or surgery

[11.
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unnecessarily costly. For example, in [7] an intelligent game engine was proposed for home-
based hand recovery exercises of patients recovering from strokes. The engine presents
various games that aid patients to perform exercises and is merged into a patient station
that offers monitoring and feedback. Another example is in [8] where a contactless finger
displacement measurement system was proposed and implemented. The system consists of
a non-contact measuring device and does not require a complicated set-up. Indeed, many
researchers have turned their attention to proposing contactless systems with the help of
computer vision techniques [4, 5, 9, and 10]. However, vision-based systems as described in
literature still exhibit issues. Reliability of such frameworks depends on various
circumstances e.g. the visual background, illumination and contrast, noise related factors,
ease of use etc. [4]. For example, an approach proposed in [9] aids hand therapy exercises
using a coloured ball fixed to a hand gripper. However, this approach may not support hand
finger exercises effectively since a user is required to grasp when performing a hand

procedure exercise [10].

We propose a prototype of low-cost vision—based system for hand gesture
recognition to overcome some of the limitations existing in systems presented in literature.
Our prototype makes use of a low-cost “off-the-shelf” device. The device is a visual
markerless sensor system called the Leap Motion controller (LM). LM is a popular
markerless sensor system developed for gesture interaction [4, 11]. Compared with other
markerless sensors such as the Intel RealSense 3D Camera, Kinect sensor, IMU (Inertial
Measurement Unit) sensor [12], tilt sensor [13], and camera-based systems [10] that can
perform similar tasks, the LM is superior in terms of portability. In addition, RealSense,
Kinect, IMU and camera-based systems are costly and some of them unable to detect small
movements [11]. Moreover, the tilt sensor involves complicated set-up before use. However
before deploying such a device in a hand therapy environment, a thorough analysis and

evaluation of its performance is required.

Guna et al. [14] conducted an evaluation of the device. They tested the accuracy
and precision of the device based on the elevation distance from its surface going upwards.

They discovered that accurate measurements are not possible beyond an elevation of 25
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cm. They did not test its accuracy based on other parameters such as lateral (side-to-side)
and forward-backward positioning relative to the LM. They also did not suggest any
scientific measures to mitigate the inaccuracy of the device. Separate from their work, we
have tested the LM considering various parameters, namely: elevation, lateral (side-to-side),
forward-backward movements and rotation of the hand. We have discovered that errors do
exist as the hand is moved even a relatively small distance from a baseline central position
above the LM. We have further implemented Principal Component Analysis (PCA) to

compensate for these errors. The reasons for choosing PCA are described in Section 1.1.

The PCA technique has already been employed to detect online abnormal
medical sensor readings [15-18]. The technique was used to analyse collected physiological
measurements from sensors to detect the occurrence of multivariate anomalies based on
the squared prediction error at runtime [15]. However, the researchers did not specify
particular sensors where the proposed and implemented technique could work best. In our
research, we apply PCA to finger joint angle data collected from the LM to compensate for

absolute errors.

We further applied machine learning techniques i.e. Linear Discriminant Analysis
(LDA) and Support Vector Machine (SVM) to compensate for measurement errors from the
LM. Through training of these machine learning models, hand gestures can be classified into
a set of available hand gestures [19] taking into consideration measurement errors and
noise in the LM device. The reasons for choosing these techniques rather than others can be

found in Section 1.1.

In addition, we propose and implement Dynamic Time Warping (DTW) and
Multi-dimensional Dynamic Time Warping (MDTW) to quantify how dissimilar two dynamic
gestures are from each other [20, 21]. The reasons for employing MDTW can be found in
Section 1.1. We implement a MDTW algorithm that processes hand motion signals to
establish whether a patient would perform right dynamic hand gestures in comparison to
predefined ones that are recommended by a physiotherapist. Dynamic hand gestures are
represented as a sequence of positions changing over time and each position is described by

a set of joint angles. A dynamic hand gesture that would be performed by a patient is
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aligned against a dynamic reference hand gesture in a database. MDTW produces a
minimum-distance value of a warp path as the end result after aligning a query dynamic
hand gesture with a reference one. Low minimum-distance value implies the two gestures
being compared are similar and a high minimum-distance value implies the two gestures
vary to a greater extent. [22]. The minimum-distance value between two dynamic hand
gestures is computed by adding up the Euclidean distances between pairs of points of a

warping path.

Our proposed markerless visual sensor-based methodology can detect precise
movements of fingers within the interaction area of the sensor (See Section 3.1.1). The
objective of the LM system is to allow individuals with hand injuries to practice hand
movement exercises at home or clinic, without the need of an always-present therapist.
Inspired by in-the-field low-cost systems, this research proposes a prototype in order to
precisely assist patients performing hand therapy exercises outside a hospital environment

using readily available devices such as LM.

1.1 Motivation

Traditional hand therapy is executed one-on-one, suggesting one
physiotherapist (or occasionally many) helping one patient. Thus the costs are high
especially for demanding patients e.g. those suffering from traumatic brain complications or
spinal cord related illness. We have proposed and implemented a cheap and “comfortable
to use” device that is suitable for hand recovery treatment. Several hand motion capture
frameworks presently use devices that are relatively costly [23, 24] and uncomfortable for
patients to operate due to huge batteries. In our research the focus is on a low-cost
computer-vision assisted hand therapy framework in order to mitigate these two challenges
and in the process improve people's quality of life by facilitating a would-be affordable and

convenient hand exercise recovery set-up.

In a hand exercise recovery settings, costs of medical related services and an
increasing number of aging people are directing the provision of medical care and other

related services away from medical centres i.e. at home [25]. Hand injury survivors often
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need a lengthy and costly hand therapy procedure to regain some of the hand functions
that are lost due to hand injuries [26]. Issues such as making appointments to suit both a
patient and a physiotherapist, travel related challenges to and from a medical centre, etc
can hinder the quality of hand restoration related services [26] and this further suggests the
need for employing home-based hand therapy using convenient and accessible hand
recovery treatment devices. However, these systems greatly rely on fairly precise
measurements and representation of hand motion. This can be easily facilitated by use of

low-cost devices that have been developed, tested and readily available in the market.

Sensor technologies for human hand motions can be grouped into two types i.e.
contact-based sensors and non-contact-based sensors [27]. The contact-based sensors
obtain sensing information when fixed on the human hand while non-contact-based sensors
obtain sensing information without being directly fixed on the human hand [27]. It is
important to note that all these hand sensing technologies have issues, for example hand
data gloves, categorised as contact-based sensors, experience some challenges. Therefore,
researchers need to devise techniques to overcome these challenges of comfort, rigidity,
and robustness when implementing hand sensory gloves for medical and industrial
applications [28]. Some challenges of attached force sensors, that are categorised as
contact-based sensors, are electromagnetic noise, being sensitive to temperature, drift of
sensor output for piezoelectric sensors etc. [27]. Surface electromyograph sensors, also
categorised as contact-based sensors, experience issues resulting from crosstalk, issues due
to electrode displacement, information redundancy, and a lack of simple mechanisms for
selecting suitable features from the raw data [29]. Contact-based optical markers also
experience issues while tracking hand movements. The issues include marker placement
errors caused by skin deformation and unsuitable markers that make users feel
uncomfortable [30] when using them. All these issues need to be addressed by researchers.
Compared to the above-mentioned sensors, LM is categorised as a non-contact-based
sensor system and has an extra advantage since all the above issues are not experienced
when using it. In addition, LM is a lightweight and affordable device [31, 32]. Moreover, it

can be easily operated by a user since it only requires a simple calibration procedure when
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operated for the first time.

In our proposed hand injury restoration prototype, we first conduct finger joint
angle error analysis where a series of experiments are performed to assess the accuracy of
the LM in terms of parameters such as elevation, lateral (side-to-side) positioning, forward-
backward positioning, and rotation of the hand relative to the LM. If no measurement errors
and noise were experienced, our dataset would have 0.0° as variance for each of the five
variables (See Sections 4.5, 4.6, 4.8, and 4.9 in Chapter 4) however this was not the case as
each variable experienced variance. We devise a filtering technique that is able to reduce
the absolute errors (AEs) in our dataset. Some of the known techniques that can be
employed include a moving average filter, Savitzky-Golay filter, local regression filter [33],
Principal Component Analysis (PCA) [34] etc. Compared to other filtering techniques, PCA is
more efficient and easier-to-use in relation to variance reduction in a dataset. PCA
computes a new set of variables i.e. principal components (PCs) that expresses a dataset in
order of high variance represented in the first PC. In order to reduce absolute errors (AEs),
we employ PCA on our dataset. PCA reduces variance and hence absolute errors as
illustrated in Equation (4-5) in Section 4.2.3. We delete the first PC that contains the highest
variance and retain the remaining PCs that form the feature vector. According to our
dataset, deleting the first PC whilst retaining the remaining PCs in the feature vector is
suitable means of reducing absolute errors. Details on how PCA was implemented can be

found in Section 4.2.3.

We propose and implement LDA and SVM in order to recognise and classify
hand gestures. LDA and SVM are categorised as supervised machine learning techniques
[35]. In supervised learning, models are trained using a labelled dataset; however, in
unsupervised learning, models need to find the mapping function to map the input variable
with the output variable [35] in a non-labelled dataset. We have implemented supervised
machine learning techniques since our dataset contains labelled observations (data points)
of four hand gesture categories. Both LDA and SVM can learn about measurement errors
and compensate for them. LDA performs relatively well compared to other models such as a

logistic regression model when the classes are separated relatively well [35]. Under this

Hussein Walugembe PhD Thesis Page 21 of 145



Queen Mary

University of London

condition the parameter estimates for the logistic regression model are inaccurate.
Furthermore if the number of observations in a dataset is small and the distribution of the
measured features are relatively normal in each of the groups, the LDA model also performs
better than a logistic regression model [35]. SVM has been proved to perform well in various
settings and is normally known to be a superior classifier [35]. Basically SVM is employed to
recognise and classify measured observations of a dataset that consists of only two classes.
However multiclass recognition and classification is possible when many classifiers are
combined [36]. Our objective is to create an SVM model after training a fraction of
measured observations on our dataset with an aim of correctly recognising and classifying
test samples of the hand gestures. Both LDA and SVM can learn about measurement errors

in LM and hence compensate for them.

We consider and implement both DTW and MDTW, however there exist other
possible dissimilarity measures such as Longest Common SubSequence (LCSS) [20, 37], Edit
distance with Real Penalty (ERP) [20], Edit Distance on Real sequences (EDR) [20, 38], and
Time Warp Edit Distance (TWED) [20, 39]. However DTW has an extra advantage since its
implementation is simple and efficient. Furthermore, DTW is superior because it is not
essential that both time-series being compared are of equal length as required by typical
distances and this behaviour is termed elasticity [20]. DTW is therefore an elastic
dissimilarity value that estimates the greatest match within two time-series by reducing a
distance between them. We have noticed that dynamic hand gestures may vary e.g. in

duration, speed, rotations, etc. and our MDTW approach takes this into account.

1.2 Contributions

Our novel contributions are as follows:

1. Characterise joint angle absolute errors based on parameters such as elevation,
lateral (side-to-side), forward-backward and rotation movements of the hand
relative to the Leap Motion controller (LM).

2. Implement and evaluate Principal Component Analysis (PCA) to compensate for the

absolute errors in the LM as well as improving the accuracy of LDA, SVM and DTW.
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3. Employing Linear Discriminant Analysis (LDA) and Support Vector Machine (SVM)
models to recognise and classify hand gestures taking into consideration LM
measurement errors and noise. We finally evaluate LDA and SVM models in
comparison to a baseline.

4. Implement and evaluate a Multi-dimensional Dynamic Time Warping (MDTW)
technique. MDTW establishes how similar or different a query dynamic hand gesture
is in comparison to a reference one. MDTW produces a minimum-distance value of a
warp path as the end result after aligning a query dynamic hand gesture with a

reference one.

1.3 Thesis outline

Chapter 1 provides an introduction, motivation and the novel contributions of
our research. This is followed in Chapter 2 by a state of the art review. In this chapter we
describe different sensor technologies related to hand motion capture systems. We discuss
types of hand gestures, provide a hand overview that is essential for our research, and

finally discuss a brief kinematic human hand model that is relevant to our research.

Chapter 3 illustrates background theory of LM device, PCA, LDA, SVM and DTW.
We also formulate a specific problem regarding gesture recognition and classification using
LDA and SVM. We further formulate a specific problem regarding the comparison of a
dynamic query hand gesture and a dynamic reference hand gesture using DTW and MDTW.
We finally review research where LDA, SVM, DTW and MDTW have been implemented in
hand gesture recognition. Then in Chapter 4, we characterise finger joint absolute errors,
illustrate how PCA compensates for these errors, and present results and discussion
regarding PCA. Next, in Chapter 5, we represent static gestures using a feature vector in 3D
space. We also train LDA and SVM models to recognise and classify sample gestures taking
into consideration LM measurement errors and noise. We finally evaluate LDA and SVM
models in comparison to a baseline. In Chapter 6, we implement and evaluate the efficacy
of MDTW technique. Following this, in Chapter 7, we implement PCA to see if it can improve
on the accuracy of LDA, SVM and MDTW. Finally, concluding remarks and future work are

presented in Chapter 8.
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2 State of the Art Review

Human hand movement tracking devices have the ability to gather hand motion
data through various approaches that dynamically illustrate the position differences of a
human hand on the basis of motion sensor related technologies. In hand motion data
analysis, the hand is commonly represented as a system of rigid elements joined by
revolving joints. In most scenarios, measurement strategies can obtain an acceptable field of
view on a human hand model or near where sensor devices are positioned. Motion of
sensor devices is defined in relation to a reference coordinate system and from sensor
position and direction. In [40-42], researchers noticed that most of the hand motion capture
techniques are highly dependent on accurate positioning of sensors and initial calibration of
sensor devices is a prerequisite before measurement. However, in our hand gesture
recognition system, we do not rely on accurate sensor positioning and there is no need for a
complex calibration before measurement, though a user is required to move his or her hand
within the LM interaction area (See Section 3.1.1). It is important to note that a simple
calibration procedure is required when the LM device is used for the first time. Details of the

calibration procedure are described in Section 3.1.3.

2.1 Sensor Technologies for Human Hand Motion

Sensor technologies for human hand motion can be grouped into two types i.e.
contact-based sensors and non-contact-based sensors [27]. The contact-based sensors
obtain sensing information when fixed on the human hand while non-contact-based sensors
obtain sensing information without being directly fixed on the human hand [27]. Contact-
based hand sensor technologies include hand data gloves, attached force sensors, surface
electromyography, and optical markers. Non-contact-based sensor technologies include
ordinary cameras, depth cameras, and Leap Motion controller (LM). Figure 1 illustrate

various human hand sensor technologies.

2.1.1 Contact-based Sensor Technologies
a) Hand Data Gloves

A hand data glove is an electronic device that possesses various types of sensors
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that track hand movements. Hand data gloves can be employed to grasp, move, and rotate
objects in a virtual environment [27]. Hand data gloves can detect finger bends and utilise
magnetic position sensors to locate the hand position in 3D space [27]. Some of the
available and mostly used hand data gloves on the market are illustrated in Figure 2. In the
figure, (a) is a DG5-V glove, (b) is a CyberGlove lll, (c) is a ShapeHand glove, (d) is a VHand
DGTech, (e) is a 5-DT 14 glove, and (f) is a CyberWorld P5 glove. Glove-based systems can be
employed in medical applications, industrial applications, etc. This is because they can
successfully operate with multiple degrees of freedom (DOFs) for each finger [27], because

of having high accuracy, high response speed, and strong operability.

Human Hand Motion Sensor

Technologies

l

Contact-based Sensors

y

Non-contact-based Sensors

Hand Data Attached SEMG Optical Ordinary Depth Leap Motion
Gloves Force Sensors || Sensors || Markers Cameras || Cameras || controller (LM)

Figure 1: Human hand motion sensor technologies [27].

Researchers in [43] proposed a hand gesture recognition system based on a data
glove and a Back Propagation (BP) neural network. The data glove is able to collect data of
the hand and forearm, it illustrates all aspects of arm movement, and the BP neural network
algorithm is employed to process and classify the collected data. Experimental results

demonstrate that hand data can be classified effectively by BP neural network.

In [44], they propose a versatile soft sensing glove using a simple process for
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implementing sensors of various sizes. Ten sensors were fixed to the back side of the glove
to measure flexion-extension and four sensors are fixed on the glove at the interdigital folds
between fingers to measure abduction-adduction. The sensory glove successfully replicates
hand motion. The authors employed machine learning techniques to obtain the angles of
the joints in the hand and also to recognise 15 hand gestures. The implemented sensory
glove solves the issues of comfort, rigidity, and robustness. The implemented glove can also

be employed in both industrial and medical settings.

(@) (b) (€)

(d) (e)

Figure 2: Examples of data gloves available in the market [27].

The authors in [45] implemented a hand recognition system that constituted a
pair of gloves i.e. a sensory glove and a motor glove. Both gloves were implemented with a
soft and flexible material that provides greater comfort and safety than conventional rigid
hand recognition systems. The sensory glove which is fixed on the nonaffected hand
possesses the force and flex sensors that assist in measuring the gripping force and bending
angle of each finger joint for hand motion tracking. On the affected hand, the motor glove is
driven by micromotors. This provides a driving force that helps in performing hand

recognition tasks. Finally, machine learning techniques are applied to identify the hand
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gestures from the sensory glove and to facilitate the hand recovery tasks for the affected

hand [45].

It is important to notice that when implementing hand data gloves for medical
and industrial applications, issues such as comfort, rigidity, and robustness are experienced

[28]. Therefore, researchers need to devise techniques to overcome these challenges.

b) Attached Force Sensors

Several force sensors and techniques for measuring exerted forces have been
proposed and implemented by researchers [27]. The most essential design criteria of force
sensors in manipulation functions are the spatial resolution, robustness, sensitivity, and
frequency response. Attached force sensors, which include four common force sensors i.e.
capacitive, piezoresistive, piezoelectric, and strain-gauge need to meet the demands of

object characterisation, identification, and manipulation [46].

Capacitive sensors acquire the displacement, force, and speed depending on the
change in distances between the upper and lower electrodes due to external force
variations. Piezoresistive sensors register the variations in the resistivity of the sensing
material established on a silicon substance. Piezoelectric pressure sensors make use of the
piezoelectric substances to develop an electric charge that is proportional to the pressure

generated. Strain-gauges measure the variation in resistance [27].

Some challenges of attached force sensors that need to be addressed by
researchers are electromagnetic noise, sensitivity to temperature, drift of sensor output for

piezoelectric sensors etc. [27].

c) Surface Electromyography (SEMG)

SEMG provides a means of assessing the biofeedback of the motion of muscles
by measuring the Electromyography (EMG) signal on the surface of the skin. By observing
muscle contraction arrangements of human hand movements, the sensor system can
establish the human's intention and carry out corresponding measures or communication,
e.g. completing hand movements through prosthetic hands [47]. Research conducted by Al-

Timeny et al. [48] applied an offline measure to assess the classification performance
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depending on multiple-channel SEMGs. In research conducted by Y. Xue et al. [49], an
SEMG-based in-hand motion recognition system was proposed to recognise various types of
hand gestures. In line with regular movements in executing in-hand object manipulations,
some sets of in-hand movements, including translation, transfer, and rotation were
implemented in their sensor device. Then a nonlinear series analysis approach to SEMG
signal processing was proposed to capture the nonlinearity of the hand movements.
Experimental results demonstrated that a human in-hand motion recognition system could
be implemented effectively to recognise various in-hand movements. Some challenges of

SEMG sensors that need to be addressed by researchers are discussed in Section 1.1.

d) Optical Markers

Optical marker-based systems use cameras to track markers placed on a hand so
as to track and monitor the motion of the hand. Various researchers have proposed many

different platforms to implement marker-based hand motion capture.

In the work of [50], they proposed and implemented a robust online technique
for recognising and monitoring of passive motion capture markers fixed on the fingers of
hands. By implementing various assignment hypotheses and soft decisions, the system can
strongly recover from a difficult situation with numerous simultaneous occlusions and
incorrect observations (ghost markers). While the majority of state-of-the-art applications
can regularly recognise and monitor markers on bigger components of the human hand, the
markers fixed to fingers present unique challenges and generally necessitate a
comprehensive set-up procedure before operation [50]. The biggest challenge in optical
motion capture that implements markers is the identification and monitoring of the
markers, usually stated as labelling. Figure 3 displays a choice of sparse marker collections

and details of (a) to (f) can be found in [50].

The difficulties experienced with automatic labelling of finger markers derive
from several factors. For instance, finger markers are susceptible to occlusion specifically
when fingers are bent towards ground or the body. Another concern is that fingers have
great mobility over a confined space, and markers arranged adjacent to each other (for

instance close fingertips or close joints) can be inaccurately recreated as one single marker
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or cause short-lived spans of noisy data [51]. Although they have devised techniques to
reduce occlusions in their implemented system [50], occlusions are only partly reduced and
further research is required to devise techniques that eliminate occlusion related issues. For
example, when the LM approach is implemented, minimal and insignificant occlusion is
experienced in hand motion tracking if a hand is moved in the area of interaction (see

Section 3.1.1, [32], and [34] for more details).
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Figure 3: A choice of sparse marker collections [50].

2.1.2 Non-contact-based Sensor Technologies
a) Ordinary Cameras
Employing low-cost commercial markerless cameras in a hand recognition

system, industrial setting etc is a possible solution to overcome issues related to contact-

based sensor techniques. The issues are complex connection wires, surface properties,

hysteresis, and sensitivity [27].

Research conducted by [52] proposes a multi-view set-up employing a readily

convenient colour camera from a smart device such as a phone, and plane mirrors to

Hussein Walugembe PhD Thesis Page 29 of 145



Queen Mary

University of London

generate multiple views of the hand. Their system overcomes the challenges of
synchronizing numerous cameras to reduce occlusion related issues. Further their
experimental results demonstrate that a multi-view set-up could be helpful in reducing

measurement errors when obtaining the flexion angle of finger joints [52].

Stereo camera comprise two same-specification digital camera. Through
focusing, zooming and sensitizing, the 3D structure of the hand is created from various
viewpoints. Stereo cameras possess specific lens angles and internal pre-calibrations, which
grant the camera freedom of movement, but the angle between the two lenses is often too
small to cover the occlusion space in hand movements. Furthermore, owing to the
complexity of stereo geometry estimation, stereo intensity images are sensitive to light

variations, therefore it is challenging to correspondingly match images for triangulation [27].

b) Depth Camera

As opposed to the ordinary cameras, depth cameras have ability to capture
depth information and are more flexible and convenient to deploy in a 3D vision system
than ordinary cameras when tracking and analysing hand movements [27]. The Kinect

sensor is the most popular sensor employed in research in this category.

An example of a Kinect sensor system is proposed and implemented in [53]. The
system needs a Microsoft Kinect hung from a rig over a table (ideal height for reliable
tracking was 80 cm and variable rig 50-125 cm), permitting the users to put their hands
above the table in order to make use of the system. The implemented system is illustrated
in Figure 4. The Kinect sensor consists of both infrared depth and colour cameras and has an
Application Programming Interface (API). In their system, they preferred to implement
Kinect in its default mode (0.8-4 m) instead of near mode field of vision. The depth camera

was configured to recognise a hand and fingers.

As reported by [54], with the implementation of infrared-based sensors, e.g. the
Kinect, it has become simpler and more robust to recognise hand gestures. It has been
implemented in a wide variety of applications e.g. tabletops, distant displays and 3D

desktops. Keskin et al. [55] implemented an application for identifying finger spelling from
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the depth data. However, while these kinds of system work efficiently for application-
specific hand gesture recognition, they are not able to generalise and track a full range of

hand movements [54].

3

Figure 4: System set-up displaying a user and Microsoft Kinect [53].

c) Leap Motion controller (LM)

The introduction of LM has initiated recent opportunities for hand gesture
recognition related research [56]. Unlike Kinect, LM was specifically invented for hand
gesture recognition where it directly computes the position of a hand and direction or
orientation of the fingers. An example on how to obtain this information is described in
Section 4.1. In our research, we obtain vector positions of the bones of the fingers from data
acquired by the LM. A collection of relevant features is derived from the data produced by

the LM sensor and we compute finger joint angles for further analysis.

Different from the Kinect and other similar devices, the LM produces more
limited information (only a few keypoints rather than a complete depth map) and its
interaction area is smaller. However, the extracted information that is used to estimate

finger movements and hand orientation is more accurate [56].
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In Figure 5, the palm centre C approximately represents the centre of the palm
area in 3D space. Hand orientation with reference to two unit-vectors, h, is directed from
the palm centre to the fingers while n is at right angles with the palm plane directed
downward from the palm centre. However, it is important to notice that this kind of

estimation may not be obtained accurately and relies on how the fingers are arranged.

Fingertips position
-
Palm center \ X

Figure 5: Data acquisition in Leap Motion [56].

2.2 Types of Hand Gestures

Hand gestures are useful in enhancing strength and dexterity irrespective of
whether a sick person is gradually starting to restore hand movement or already possesses
an acceptable range of hand motion. The gestures illustrated in Section 2.2.1 and 2.2.2 may
assist in enhancing fine motor skills of patients that experience some form of weakness after
a stroke or hand injury. The gestures to be performed by users undergoing a hand
treatment restoration procedure can be classified into two types, i.e. static and dynamic

gestures [57].

2.2.1 Static Hand Gestures

Characteristics for static gestures are primarily established on the basis of palm

and finger relative lengths [57]. Figure 6 illustrates some examples of static gestures we may
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efficiently recognise. The first line of three gestures are index L gestures, ILY gestures, and a
fist. The second line of three gestures are thumb up, index pointing, and index and middle
pointing. The third line of three gestures are V gesture, OK gesture, index and middle L

gesture.

The length between the thumb and index finger is utilised to determine the OK
gesture. The length between the index and middle finger is utilised to identify V gesture and
the index and middle pointing gesture. The remaining related gestures can be obtained from

a combination of the aforementioned gestures.

;
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Figure 6: Examples of static gestures [57].

2.2.2 Dynamic Hand Gestures

Dynamic gestures can be readily differentiated from static gestures. Dynamic
gestures commonly employ velocity of fingertips and orientation of the palm to determine
movement configurations of the particular dynamic gesture. In comparison to static
gestures, dynamic gestures are much more complex. An illustration of dynamic gestures is
presented in Figure 7 (a). This type of gesture is defined as index finger key tapping. Index
finger key tapping is constructed with reference to the index finger pointing static gesture. It
is important to notice that the index finger moves vertically for index finger key tapping

dynamic gesture. Figure 7 (b) demonstrates an example of an index finger circling direction
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dynamic gesture. With this kind of gesture, the circle direction can either be clockwise or

anticlockwise while the index finger is moving along a circle.

(a) (b)

Figure 7: (a) Index finger key tapping. (b) Example of index finger circling [57].

2.3 Hand Overview

We briefly provide a hand overview that is essential for our research. Details

that are not relevant are omitted.

2.3.1 Bones of the Hand

The hand consists of metacarpal bones; that is, 5 bones that run from the wrist
to first joint of each finger. The hand also consists of 14 thin bones called phalanges. The
thumb has only 2 phalanges whereas the remaining fingers have 3, i.e. the distal, middle,

and proximal [58-60].

2.3.2 Joints of the Fingers

In Figure 8 the joints and bones of the hand are illustrated. The joints are formed
whenever two bones of the finger intersect. It is important to note that the 4 fingers (index,
middle, ring, and little) have three joints and the thumb only has two. We briefly explain all

the types of joints [59].
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a) Distal Inter-Phalangeal (DIP) Joint
The DIP joint is located near the tip of the finger, just before where the
fingernail starts. It is the joint between the intermediate phalanx and the distal phalanx. This

joint exists in all fingers with the exception of the thumb [59].

—— DIP joints

. _—~PIP joints
MCP joints

Metacarpal
bones

[
Carpal bones
L

- , =/ !  Radius

Figure 8: Hand bones and joints [58].

Ulna

b) Inter-Phalangeal (IP) Joint
The IP joint is located near the tip of the thumb, just before where the nail
starts. It is the joint between the intermediate phalanx and the distal phalanx [59].
c) Meta-Carpo-Phalangeal (MCP) Joint

The MCP joint is found at the base of all the five fingers. It is the joint between

the metacarpal bone and the first phalanx bone [59].

2.4 Kinematic Human Hand Model

The model of interest to us can be employed in post-stroke or post-hand injury
and is illustrated in the research work of [61-65]. According to [64], the kinematic hand

model consists of 19 links that reflect the respective finger bones of a hand, and 24 DOFs
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that represent all the finger joints. The Degree of freedom (DOF) is defined as the minimum
number of independent coordinates required to represent a system's position. The only
difference with this model is the inclusion of the Carpo-Meta-Carpal (CMC) joint on each of
the four fingers (index, middle, ring and little) and the motion concatenation in the MCP
joint [64]. The CMC joint permits simulation of the palm arc that illustrates the deformation

in the palm while the hand is in the situation of grabbing tiny objects.

Two kinematic configurations are considered in this model, one for the thumb
and other for the rest of the fingers (Details can be found in [65]). Therefore, the same
kinematic configuration is employed for the index, middle, ring, and the little finger that are
described by 4 links and 5 DOFs each. In these fingers, MCP joint is modelled by a 2 DOFs
whereas the CMC joint, the PIP joint and DIP joint possess 1 DOF each. The thumb finger is
modelled by 3 links and 4 DOFs. The Trapezio-Meta-Carpal (TMC) thumb joint is also
described by 2 DOFs whereas MCP and IP joints are described by 1 DOF each [64].

According to [61], the simple Flexion/Extension (F/E) and Abduction/Adduction
(Ab/Ad) of the thumb and the fingers are executed by the articulation of the 21 DOFs. F/E
movements take place at every joint throughout the hand. Ab/Ad movements only take
place at every finger’s MCP joint and at the thumb’s MCP and TM joints. The additional two
interior DOFs are at the bottom of the metacarpals of the ring and the little finger that
execute the curve or bend gestures of the palm [61]. If we carefully relate this to our
preferred model in [64], F/E and Ab/Ad of the thumb and the fingers are illustrated by the
articulation of only 20 DOFs; 4 DOFs at the CMC, i.e. 1 DOF on every finger apart from

thumb (index, middle, ring and little), describe the curve or bend gestures of the palm.

Considering that the human hand is largely articulated with all 23 internal DOFs,
it is also largely restricted [61]. By applying these restrictions, one may lower the number of

DOFs in the hand and this renders human hand motion monitoring affordable.

A general restriction applied on the basis of the hand anatomy stipulates that to
bend the DIP joints of the index, middle, ring, and little fingers, the respective PIP joints
should also be bent, and this is well illustrated in Figure 9. In addition, a general technique

employed to lower the total DOFs of a hand may be obtained on the basis of hand anatomy,
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where the bending angles of DIP joints of the index, middle, ring, and little fingers are
related with the PIP joints depending on the following mathematical relation: Bpip = 2/3 Bpip
where Bpp is the flexion angle of the DIP joint and Bpr is the flexion angle of the PIP joint

[61].

Figure 9: Bending restrictions between the DIP joint and the PIP joint [61].

2.5 Summary

In this chapter, different sensor technologies for human hand motion have been
discussed. Specifically, these sensor technologies can be categorised into two types, i.e.
contact-based sensors and non-contact-based sensors. We have considered how these
types of sensor can be used for hand gestures and the issues that arise. Hand gestures can
be classified into static and dynamic varieties. We provide a brief overview of the hand that
is essential for our research in Section 2.3, where we discuss the bones of the hand and
joints of the fingers. We also discussed a kinematic human hand model that is relevant to
our research in Section 2.4 to introduce the basic scientific concepts required in human

hand motion analysis.

We have reviewed sensor technologies for human hand motion to help us
choose a suitable approach from the possible alternatives. As will be further explained at

the beginning of Chapter 3, we selected LM because is one of the most accurate low-cost
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hand tracking devices. The types of hand gestures we have reviewed have helped us to
broaden our understanding with regard to hand gesture implementation and also to select
appropriate hand gestures to evaluate with our proposed machine learning and signal
processing techniques (as described in Chapters 4-7). In the next chapter the focus shifts to

a review of the relevant background theory for LM device and multi-dimensional data

processing.
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3 Background Theory of LM, PCA, LDA, SVM, DTW, and MDTW

In this chapter, Leap Motion controller (LM), machine learning and signal
processing techniques that have been employed in this thesis are discussed. In addition,
some relevant literature that is closely related to our research is presented where these
techniques are applied. The techniques that are discussed are PCA, LDA, SVM, DTW, and
MDTW.

The authors in [66] have made a thorough comparison of hand tracking sensors
on the market. They compared sensors such as the Kinect version 1, Kinect version 2, Xtion,
Xtion Pro Live, Intel RealSense SR300, Intel RealSense D415, Myo Armband, Creative
SENZ3D, etc. They found that the LM is one of the most accurate low-cost hand tracking
devices. Owing to this finding, we employ an LM connected to a computing device using a

USB cable. We then collect finger-joint data associated with hand gestures.

We employ the PCA filtering technique as described in Chapter 4 to reduce
variance and hence absolute errors in our dataset. Compared to other filtering techniques
such as moving average filters, the Savitzky-Golay filter, local regression filters, etc, PCA is
more efficient and easier-to-use in relation to variance reduction and is able to reduce
absolute errors in our dataset [33, 34]. LDA and SVM are implemented in Chapter 5 to
recognise and classify hand gestures. In addition, LDA and SVM have the ability to learn
about the measurement errors in the LM and hence compensate for them [4]. SVM has
been proven to perform well in different settings [35] and hence is referred to as a superior
classifier. LDA performs relatively well compared to other models such as a logistic
regression model when the classes are separated relatively well [35]. In Chapter 6, we
implement both DTW and MDTW to quantify how similar or different two dynamic hand
gestures are from each other [20]. Compared to other dissimilarity measures [20, 37-39],
DTW and MDTW have an additional advantage since their implementation is simple and
efficient. Furthermore, DTW and MDTW are remarkable since it is not necessary that both
time-series being compared are of equal length as needed by typical distances and this is

referred to as elasticity [20].
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3.1 LM Motion Capture System

We use a low cost “off-the-shelf” markerless sensor known as LM. LM is a
popular device developed for hand gesture interaction [4]. It is a portable USB device of
dimension 0.5x1.2x3.0 inches that connects to a computer. It comprises of two cameras and
three infrared light-emitting diodes (LEDs) that detect hands and all 10 digits as they move
through the open space between a person and a computing device. There is free LM
software from its Software Development Kit (SDK) that must be installed to work with the
LM. The software together with any customised application can detect hand and fingers and
translate motion data into information that is required for further analysis. Figure 10 shows

the front side of the LM.

To use the LM, the user needs to connect it to a computer using a USB cable,
start the LM software, and then place his or her hands above the LM. Figure 11 illustrates
how to use the LM. In the figure, The LM in the centre is connecting to a computing device
on the right. The hand above the LM is tracked and used to interact with virtual objects [67,
68]. The LM can detect palm and finger movements. The tracking data, in form of frames,

can be accessed using its SDK.

Figure 10: The Front Side of the LM with the Green Signal.

A study concerning LM latency related issues has been made in [66]. The study
demonstrated fluctuations in the frame rates. The nominal frame rates were 50, 100, and

200 fps in the modes of high precision, balanced tracking, and high speed. The three modes
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experienced delays of 20, 10 and 5 ms, respectively. These latency related issues have no
impact on our experimental results for both static and dynamic hand gestures since the

delays are small compared to the durations of dynamic hand gestures.

Figure 11: The LM Usage. The hand above the LM interacts with virtual objects [53].

3.1.1 Interaction Area of LM

The interaction area of the device is approximately 60 cm above the LM, roughly
60 cm wide on every side (150° angle), and roughly 60 cm deep on every side (120° angle)
[67]. Owing to its extensive angle lenses, the device possesses a large interaction area of
eight cubic feet that takes the form of an upside-down pyramid which is the intersection of
the binocular cameras’ fields of view. In the earlier versions of LM, the field of view was
restricted to approximately 2 feet (60 cm) above the sensor device. With the
implementation of Orion beta related software, this was upgraded to 2.6 feet (80 cm). It is
important to note that this range is restricted by LED light transmission through space,
because it becomes more complex to detect a hand’s location in 3D above and beyond a
specific distance [67]. LED light intensity is constrained by the highest current that can be

carried by the USB connection cable. Figure 12 (a) shows the interaction area of the LM.
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3.1.2 Internal Structure of LM

The internal structure of the LM can be easily recognised when someone first
determines its centre. The centre is at the second IR LED as shown in the Figure 12 (b).

When the LM is working, all 3 IR LEDs are clearly observable displaying red illumination.

IR LED IR LED RLED] §
o & @ @ e | s

IR Camera IR Camera

(a) (b)

Figure 12: The LM’s (a) Interaction area (b) Internal Structure [67].

3.1.3 Simple Calibration Procedure of the Leap Motion Device

For the LM to be used initially, a user is required to perform a simple calibration
procedure since the sensors on the LM may have been knocked out of their initial
arrangement [67]. If a calibration procedure is not performed issues such as jumpiness,
persistent disruptions in the tracking data, irregularities in tracking data that happen only in

particular fields of observation, and a smaller tracking area can be experienced.
In order to calibrate the LM, the following steps are performed [67].

(a) Start LM application on a computing device.

(b) Click on File tab and then click on Controller Settings.

(c) Click on the Troubleshooting tab.

(d) Click on Recalibrate Device.
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(e) Pan and tilt the LM to turn the cursor over to paint the screen.

(f) Aim at obtaining a calibration mark of 80 or beyond.

3.1.4 Set-up and Comfortable Use of the Leap Motion Device
According to [67], the following are suggestions to help make employing the LM
feel natural and easy. The “do’s” are listed as follows:

(a) Put down the LM on a desk or flat surface where it is convenient to use.

(b) When standing or sitting high on a chair, hold your elbows close to your side. Maintain

your forearms parallel to the floor and perpendicular to your body.

(c) When sitting at a normal desk height, keep your elbows or forearms on your desk. Keep
away from uneven and piercing edges. Keep your hands simply above the LM, your wrist

and hands in approximately a straight line. Figure 13 illustrates the do’s when using LM.

Figure 13: Tllustration of the do’s when using LM [67].

The don’ts are listed as follows:

(a) Don't hunch over the LM. Maintain its field of view free from obstacles, including

yourself.

(b) Don't flex your elbows and your wrists with your arms nearly together.

Hussein Walugembe PhD Thesis Page 43 of 145



Queen Mary

University of London

(c) Don't maintain your arms straight ahead of you in the space.

(d) Don't hold your arms on a surface where it compels your elbows to be pointed out to the

side. Figure 14 illustrates the don’ts when using LM.

g
,
I

Figure 14: Tllustration of the don’ts when using LM [67].

3.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a multivariate approach that transforms a
collection of correlated data points into a new collection of orthogonal and uncorrelated
variables referred to as principal components (PCs) that are linear combinations of the
original variables [69, 70]. The conversion of the data to the PCA domain is executed by the
decomposition of the covariance matrix into eigenvalues and eigenvectors, and this method
has been employed in various application areas under diverse techniques, such as a
denoising approach, with the advantage of being a suitable tool from a computational point

of view [71, 72].

3.2.1 PCA as a Filtering Mechanism

Principal Component Analysis (PCA) starts with the arrangement of a dataset in a

matrix X of dimension M x N, in which M represents the number of observations and N the
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number of variables [70], as illustrated in Equation (3.1).

(3-1)

X171 " XlN]
XM1 0 XMN

To prevent data points that are distant from the data centre having a significant
impact rather than closer points, the average of each variable is subtracted from the data
point. This step is referred to as centralisation of data and is demonstrated by Equation (3-

2).
Vi = Xi — H(Xj) (3-2)
where y; is the data vector centralised around the average. x; are the N sample vectors and

u(x;) is a vector which is a collection of averages of the sample vectors, which can be

obtained by Equation (3-3).

nx;) =20, %) (3-3)
The variables or sample vectors for each column of X [71] are demonstrated

mathematically by Equation (3-4).

Xi = [Xqi Xai + Xmil (3-4)

The data matrix arranged and centralised on the average is used to obtain the

covariance matrix as shown in Equation (3-5).
Cy = E(Y-YT) (3-5)

in which Y and YT are the data matrices centred on the average and its transpose,

respectively, and Cy is the covariance matrix.

The diagonal elements of Cy indicate the statistical variance while the off-
diagonal elements demonstrate the covariance between variables. Null diagonal covariance
signifies the random variables are uncorrelated [73]. In addition, the covariance matrix is
real and symmetric, and this allows us to decompose Cy into a collection of eigenvalues and

orthogonal eigenvectors [72] as illustrated in Equation (3-6).

Cy =V-AVT (3-6)
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whereV = [®; &, -+ D] is a M x M orthogonal eigenvectors matrixand A =

diag {A1,4,,+, An} is the diagonal matrix of eigenvalues, in whichA; > A, > -« > A,,.

The eigenvectors show the contribution to each of the initial axes to the
structure of new axes, i.e. the principal components. The eigenvalues, consecutively, are

related to the original amount of variance described by each of the eigenvectors [74].

The final step of the analysis is the creation of the uncorrelated data matrix that
is referred to as the principal component scores, and which is created by the product of the
orthonormal eigenvector matrix V and the data matrix arranged and centralised on the

average Y, as illustrated in Equation (3-7).
PC=VTY (3-7)
where PC is the matrix of uncorrelated principal component scores.

From the data in the PCA domain, it is feasible to obtain signal characteristics.
The signal and the noise in a dataset can be easily separated in the PCA domain, because the
signal energy and noise energy will settle in various subsets of the uncorrelated data.

Considering this ability, PCA can be employed as a statistical data filtering approach [74].

The inverse PCA transform can also be considered, which is employed to back
transform the principal component scores (uncorrelated data), consequently building the
original dataset. Equation (3-8) illustrates the mathematical expression of the inverse PCA

transform.
X=(V-PC)+ uX) (3-8)

The inverse PCA transformation is an important operation since rebuilding of
original data with only several PCs, discarding the remainder, can strengthen relevant
features not formerly easily observed in the data and/or separate the contribution of

unwanted features such as noise [71, 72, 74].

3.2.2 Application of PCA in Areas Related to our Research

As we have discussed in Section 3.1.1, PCA is a multivariate statistical approach

that transforms an orthogonal projection of the data onto a new dimensional linear space,
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known as the principal subspace [74]. We briefly describe some related applications where

PCA is employed.

a) Application of PCA to Detect, Recognize and Interpret Hand Gestures
PCA was applied together with the LM and the Kinect sensor to detect, recognise
and interpret hand gestures of Arabic sign language letters. PCA was implemented as a
means to overcome the challenge of time complexity of acquiring and interpreting data for
their system [33]. They deleted the least significant principal components they believed

contributed redundant and irrelevant data due to noise.

Differently to how they implemented PCA, we apply PCA to compensate for the
errors that would have originated from the user’s hand moving away from the centreline of
the LM when performing hand gestures. For reducing absolute errors, we employ PCA on
our dataset. PCA reduces variance and hence absolute errors as illustrated in equation (4-6).
We delete the first PC that contains the highest variance and retain the remainder PCs that
form the feature vector. Details on how PCA is implemented are discussed in Section 4.2.3,

Chapter 4.

b) PCA Employed to Lessen Redundant Information of Hand Movement Signals
In the work [75], PCA is employed to create the hand gesture recognition system
in order to lessen the redundant information of electromyography (EMG) signals, improve
recognition efficiency and accuracy, and increase the possibility of real-time hand gesture
recognition. By employing mechanisms for obtaining key information of human hand
movements, the required action mode can be detected. In their research, nine hand static
gestures were implemented where the surface EMG signal of the arm was collected using an
EMG device to obtain four types of characteristics of the signal [75]. After employing PCA,

the overall recognition rate of the implemented system achieved 95.1% accuracy.

3.3 Linear Discriminant Analysis (LDA)

LDA takes into account multivariate analysis. It makes use of independent
variables to establish a distinction among groups or categories of dependent variables [4,

76]. The technique generates discriminant functions that help to determine the group to
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which a test sample is attached.

3.3.1 How LDA Solves the Problem

LDA is a supervised learning technique where the outcome variable is categorical
and hence can be employed in a classification scenario. LDA can be immensely effective
when dealing with two response classes [4]. However, it can also be extended to handle a
multi-dimensional dataset where more than two classes can be classified [4]. In Chapter 5,

we demonstrate how LDA is implemented to recognise static hand gestures.

We let a collection of K independent gestures be describedinaset Gi.e. G =
{91, 92,93, , gk}, that represent the position and orientation of the fingers. A gesture is
represented using a set of measured features describing finger joint angles and these
features can be measured using an LM. A feature vector in dimensional space of P features,
i.e.y ={¥1,¥2,¥V3 ", Yp}, is used to represent the position and orientation of the fingers

for a particular gesture.

We are required to obtain an appropriate gesture g, € G which will maximise

the probability P(gx|y) = P(gkly1, Y2, Y3, -+, ¥p) as,

P(gy)P
P(gyly) = HEET2100 (3-9)

where P(gy) and P(y) can be computed, assuming the P features in y are independent of
each other. The probability of a gesture P(gy) is the ratio of the number of samples in a test
sample that belong to the category of g to the total number of samples in the test sample.
Estimation of the likelihood, i.e. P(y|gy) is required using a machine learning technique on

a labelled dataset.

A user performing hand gestures described in Section 5.1.4, Chapter 5 is
instructed to perform a number of gestures that are recorded in the system and
measurement features, representing these gestures in form of feature vectors, are
recorded. The problem to solve is, given a set of gestures G, our objective is to recognise
and classify which gesture a user is performing taking into consideration measurement

errors and noise within the LM.
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We have employed a multiclass LDA model since we have more than two
gestures in the set G. The steps involved in multiclass analysis are well described in [4, 76,

77].

Step 1: LDA starts by finding intraclass S; and interclass S, scatters from K
independent gestures in set G [78-80]. The values of S; and S, can be estimated from the

training dataset as,

S1= ZII§=1 Zngk(x —X)(x —x)" (3-10)
Sy = Zfﬂ(ﬁ —X) (X — f)T (3-11)
where X}, is the average of each category of gesture k and x is the overall average. These

aforementioned averages are easily computed as,

X = inEgkx (3-12)

mg

I

1 —
= - Xie1 MK (3-13)

where m,, and m represent the number of observations in category k and the total number of

observations in all categories, respectively.

Step 2: After obtaining S; and S,, we can find the transformation & that

maximises
_|oTs, 0|
(D) = o7, | (3-14)

The transformation ® can be finally obtained by finding a solution to the generalised

eigenvalue problem [81, 82] given as
S, ® = A5,D. (3-15)

Step 3: Finally, using the transformation ®, recognising and classifying any
performed gesture gy is achieved in the transformed space. This is made possible by using
Euclidean distance [4] as a measure that provides a distinction between different classes or

categories. Any gesture g; can be recognised and hence classified as

arg mkin d(gr®, X, D) (3-16)
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where X}, in any class k is its centroid.

3.3.2 Applications of the LDA Technique in Areas Related to our Research

In this section we discuss various applications where LDA has been
implemented. In particular, we are considering applications where LDA has been
implemented in hand gesture recognition. This has helped us to review the most recent,

relevant and feasible techniques that are applicable to hand gesture recognition.

a) 3D Hand Gesture Recognition based on Polar Rotation Feature and LDA

In their work [83], researchers implemented a hand gesture recognition system
using LDA. The hand gestures in their system were obtained from a 3D laser scanner which
creates depth data. During the system implementation, hand area segmentation, hole-filling
and normalization are performed first, followed by extraction of a feature of the polar
rotation distance via polar-coordinate transformation. Through implementation of a
combination of PCA and LDA, the algorithm proved to be robust and accurate and achieved

96.7% recognition rate under a set of six different hand gestures.

b) Multi-feature based Hand Gesture Recognition

In [84], the researchers implemented an extensive method for recognising hand
gestures [85-87]. They demonstrated that motion measurements related to the hand
position, orientation and finger bending can be regarded as time-series data collections and
be used for the recognition of hand gestures. In order to address the challenges of hand
gesture recognition, given its multi-feature nature, a novel approach for identifying
important features for each hand gesture class was implemented [84]. A two-stage
comparison method with the implemented stratification of hand gesture categories based
on their important features helped the approach to handle the available huge number of
hand gesture categories. Finally, hand gesture comparison based on the subspace created
by LDA of temporal features was implemented in such a way that rhythmic differences

between hand gesture trials were minimised.

c) Classification of Hand Motions using LDA

In their study [88], LDA is employed as a machine learning classifier to recognise
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six hand motions using surface electromyogram (SEMG) signals recorded from eight muscles
of the right hand. They obtained 24 features per muscle. Three feature sets, i.e. the original
feature, the features created by a discriminant analysis (DA), and features selected by a
multiple regression analysis (MRA) [89, 90], were utilised during machine learning
classification. LDA performed comparatively well with accuracy above 90.0%. Generally, the
index finger extension (IFE) had higher classification accuracy than other hand motions. The
probability of thumb opposition (TO) misclassified as a key pinch (KP) was 1.1%, that of hand

grasp (HG) misclassified as four-finger flexion (FFF) was 1.0%.

d) Implementing LDA on a Wearable Human Machine Interface

In their research [91], machine learning classifiers such as LDA are implemented
on a dataset. They implemented eight gaming hand gestures i.e. clapping, index finger
flicking, finger snapping, coin flipping, shooting, wrist extension, wrist flexion, and fist
making. All these gestures were recognised in real-time. Their system was based on
wearable human machine interface mechanomyogram (MMG) signals [92-95]. Furthermore,
a three-axis accelerometer was attached to a specific watch strap to estimate the MMG

signals that were created by the end of the extensor digitorum muscle.

In their study, they obtained features from both the time signals and the
coefficients of the wavelet packet decomposition (WPD). Sequential forward selection (SFS)
was employed to identify the important features to improve the classification accuracy and

minimise the processing time. LDA achieved an accuracy of more than 90.0%.

e) Hand Gesture Recognition Based on Time Domain Features and LDA
In their approach [96], a hand gesture recognition system is proposed where
three channels of surface electromyograph (SEMG) signals were used to classify nine
different hand gestures. In their implemented system, the time domain features, root mean
square ratio, and autoregressive model were employed to obtain the features of the SEMG
and compared with the time-frequency domain features. In addition, LDA was employed as

a machine learning classifier and achieved an accuracy of 91.7%.

Compared with other related work [97-101], their approach used only three

Hussein Walugembe PhD Thesis Page 51 of 145



Queen Mary

University of London

sensors to identify nine hand gestures. The processing time of the LDA classifier greatly
reduced and therefore the system can be implemented in the real-time recognition

applications.

3.4 Support Vector Machine (SVM)

SVM is a learning method that operates on the basis of the statistical learning
theory [102, 103]. It is a non-linear classifier [35] which is often reported as a superior
classifier compared to other machine learning techniques. It is an efficient classifier broadly
applied in pattern recognition [104]. Despite the fact that SVM operates a binary
classification, multiple classifiers can be merged to implement multiclass classification [36].
The main idea behind the SVM is to project the input data on to higher dimensional feature
space that is not linearly associated with the input space and establish a hyperplane

separating any two given classes of feature space with a larger margin [4].

3.4.1 How SVM Solves the Problem

Our objective is to create an SVM model after training a fraction of measured
observations on our dataset with an aim of correctly recognising and classifying test samples

of hand gestures.

If data points are linearly separable [35], the classifier can be expressed as

f(x) = Bo + Xizg aifx, x;) (3-17)
where there are n parameters a;,i = 1, -+, n, one for each training observation. (x, x;)

represents the inner product of two observations defined as
(x, xi) = Z?:l Xj Xij, (3-18)
where P is the number of dimensions for every single measured observation.

In the process of estimating terms a4, -:* a,, and 8, we are required to compute
(;‘) inner products (x;, x;) among the pairs of all training observations. To obtain f(x), the
inner product between any possible new point x and every training point x; must be
computed. However, it results in a; being non-zero for any measured observations that

constitute support vectors in the solution, i.e. if a training sample does not belong to
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support vectors, then a; becomes non-existent and equals zero [35].

If A is the set of indices of the support vectors, we can rearrange any possible

solution function as

f(x) = Bo + Liea ilx, x;) (3-19)
which basically constitutes far fewer terms compared to Equation (3-17).

However, if data points are not linearly separable, it is easier to replace (x, x;)
with a generalisation of K(x;, x;), where K represents a kernel [105]. A kernel can be
defined as a mathematical relation that quantifies any similar features of two measured
observations. Examples of mostly used kernels are linear where K(xi, x;) = Z?zlx]- X}js
polynomial where K (x;, x;) = (1 + X7_,; x; x;,)%, radial where K (x;, x;) =
exp(—y XF_; (x;x;;)?), and sigmoid where K (x;, x;) = (tanh(1 + X7_, x;x;))). Itis
important to note that d is a positive integer that represents the degree of a polynomial

kernel and y is a positive constant.

Finally, the class label for the test gesture x* can be predicted by the sign of
f(x™) = sgn (B, + Xiea aifx", x;)). (3-20)

3.4.2 Relevant Applications of SVM Technique in Areas Related to our Research

In this section we review some applications where SVM has been implemented.
We have considered only those applications that are closely related to our research work

where researchers implemented SVM in hand gesture recognition.

a) Application of SVM to recognise hand gestures for hand therapy
Here SVM was implemented to classify and recognise isolated hand gestures in
order to facilitate hand therapy for patients recovering from stroke or similar illness [4].
These isolated hand gestures were then combined to form hand gesture sequences that
simulated hand exercises performed by the patients. The experimental results
demonstrated that the SVM model was fully sensitive to a choice of any of the kernels

together with their respective parameters.
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b) Static hand gesture recognition using a mixture of features and SVM

In their work [106], they proposed a vision-based application for static hand
gesture recognition. The application considers images of bare hands and permits recognition
of any hand gesture in illumination and when slight rotated. The implemented application
comprises three stages: pre-processing, feature extraction, and classification. During
classification, features are used as input to a multiclass SVM model in order to recognise
static hand gestures. The recognition accuracy on three different databases were 99.5%,

93.6%, and 98.3%.

c) Real-time hand gesture recognition using a bag-of-features and SVM

This research work considers a real-time system aimed at interacting with an
application or video game by making use of hand gestures [107]. In addition, the system can
detect and track a bare hand in a cluttered background employing skin detection and a hand
posture contour comparison algorithm following face subtraction, recognising hand
gestures using a bag-of-features and SVM and creating a grammar that develops gesture

commands to manage an application.

In the training phase, following derivation of the keypoints for each training
image employing the scale invariance feature transform (SIFT), a vector quantisation
approach projects keypoints from each training image to a unified dimensional histogram
vector (bag-of-words) following K-means clustering. The histogram is considered as an input
for a multiclass SVM to create a training model. In the testing phase, for each frame taken
from a webcam, the hand is detected by making use of their algorithm, afterwards the
keypoints are derived for each small image that comprises the detected hand gesture only
and is put into the cluster model to project them in a bag-of-words vector that is eventually

put into the multiclass SVM training model in order to recognise a hand gesture.

d) Hand gesture recognition using PCA and SVM
In their research [108], they implement techniques to create a user independent
finger and palm gesture recognition application taking into account related challenges such
as illumination variations, difference in user hand shape, and higher inter class

commonalities. In the implemented gesture recognition application, performance
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evaluation was performed using pre-trained AlexNet characteristics. The deep
characteristics were derived from fully connected (FC) layers for instance 'FC6' and 'FC7' of

pre-trained AlexNet.

A SVM based classifier having a linear kernel is employed in order to recognise
hand gestures. The greatest recognition accuracy is estimated by making use of the deep
feature derived from FC6 and FC7 separately and an integration of the feature vector with
the SVM classifier. Finally, PCA is employed to reduce the feature dimension of deep

characteristics in order to improve hand gesture recognition accuracy.

e) Hand Gesture Recognition using Error Correction Output Code (ECOC) and SVM
In [109], the researchers proposed a low-cost capacitive sensor device [110-114]
to recognise hand gestures. Specifically, they implemented a system of a wearable
capacitive sensor units to obtain the capacitance values from the electrodes fixed on finger
bones. They extracted 15 features for hand gesture classification training and testing tasks.
They applied an error correction output code support vector machine (ECOC-SVM), and then
introduced a feature compression technique obtained from correlation analysis to minimise

the complexity of SVM and a recognition rate of 97.0% was achieved [109].

f) Application of SVM to Recognise Hand Gestures from an EMG Signal
SVM is implemented to recognise hand gestures. In particular, recognition of
hand gestures is achieved from the given Electromyography (EMG) signal, obtained via a
sensor-based band [115]. In order to minimise noise artifacts, the raw EMG signal has to
pass through pre-processing steps. Subsequently, eight kinds of time-domain features are
obtained from the raw EMG signal, then a feature matrix is generated. SVM is employed as
a hand recognition technique and implemented in MATLAB 2019a and achieves an accuracy

of 83.0%.

3.5 Dynamic Time Warping (DTW)

DTW has been in existence for decades, employed mainly to obtain the optimal
alignment of two signals [21]. DTW derives the distance metric between each possible pair

of points out of two signals with reference to their respective feature values [116]. It
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employs these distances to derive a cumulative distance matrix and obtains the optimal
path through the matrix [39]. This path illustrates the perfect warp i.e. the synchronisation
of the two signals that creates the distance between their synchronised points to be as

minimal as possible.

Usually, the signals are normalised and smoothed prior to the computation of
the distances between points. DTW has been employed in a number of fields, for instance
speech recognition, data mining, and movement detection [117, 118]. Earlier research in the
field of DTW mostly examined accelerating the algorithm, having a complexity which is
guadratic in terms of the length of the series that are being compared. Due to such
complexity related challenges, researchers have devised means to mitigate those
challenges. For example, constraints to the DTW implementation have been applied [119],
some form of approximations of the DTW algorithm have been implemented in [120] and

lower bounding approaches have been suggested in [121].

3.5.1 Description of DTW

The goal of DTW is to make a comparison between two time-dependent
sequences: a query sequence, x = (X1, Xy, =, xy) of length N € N and a reference
sequence y = (¥1,¥2,*,¥u) of length M € N [119]. In the subsequent discussion, to index
the components in x and y, we shall employ the symbolsi =1---nandj=1---m
respectively. In order to establish a comparison between sequences, a local cost measure is
needed [21, 122, 123]. This measure can be referred to as a local distance or dissimilarity
measure [122]. To derive this measure, a non-negative function fis established between any

pair of components x; and y; as illustrated in Equation (3-21).
d(i,j) = f(x,y)) =20 (3-21)

Generally, if d(i,j) is of a small value, then x and y are similar to each other and
when d(i, j) is of a greater value, then x and y are different. The most frequently used
distance function is the Euclidean distance, other distance functions are squared Euclidean,
Manhattan, Gower coefficient etc. [117-122]. Let us consider Cartesian coordinates. Given

x = (x1,%X3,*,xp) and y = (¥4, ¥, ", V) are two points in Euclidean n-space, the
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distance d from x and y is defined in the subsequent Euclidean distance operation,

dx,y) =d(y,x) = \/(x1 —y1)2+ (X2 = y2)% + o+ (Xn — Yn)? (3-22)

Using one of the distance functions aforementioned, a local cost measure for
every pair of components of the respective sequences X and Y is determined [122]. This
generates a cost matrix C € RV*Millustrated by C(n, m) := d(i.j) [122]. The eventual goal
is to obtain an alignment between X and Y in a manner that the global cost is minimum
[118-121]. It is important to notice that an optimal alignment runs roughly along the
diagonal of the cost matrix C [120]. Generally obtaining an optimal alignment requires

getting the warping curve ¢p(k), where k = 1--- T [122].

P (k) = (¢x(k), Py (K)) (3-23)
where ¢, (k) € {1---N}and ¢, (k) € {1---M}.
The warping mathematical operations ¢, and ¢,, realign both time indices of x

and y respectively. The mean aggregated distortion between the warped time-series x and y

can be obtained as follows:

d(px(k),y(k))me (k)
d¢(x' y) = £=1 1"3’]¢ z

(3-24)

where mg (k) is a non-negative weighting factor that regulates the input of every temporary
distortion d (¢ (k), ¢, (k)) [122]. Considering that this is normally associated with the slope
of the local path constraints that will be shortly described in Section 3.4.2. This can also be
regarded as slope weighting function. The denominator My employs an entire normalisation
to the aggregated distortion to obtain a mean path distortion which does not consider the
lengths of any pair of sequences that are being compared [117-122]. Finally, dynamic

programming is employed to obtain the optimal alignment ¢ in such a way that,

D(x,y) = mindg(x,y). (3-25)

3.5.2 Warping Constraints of DTW

Generally, the various ways of feasibly warping paths along the grid of the cost

matrix are numerous. This suggests that the search space must be limited. This limitation is
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also essential to provide an appropriate time alignment between two sequences that are
being compared. Following are the usual warping constraints that are considered essential
[122-124].

a) Boundary constraints

The boundary constraints require application of the subsequent conditions

[122]:

(1) = ¢y (1) =1 (3-26)
¢ (T) =N (3-27)
by (T) =M (3-28)

These guarantee that the time sequences' initial position and final position
match each other. Consequently, the alignment does not take into account incompletely
one of the sequences [120-124]. On the other hand, during partial time-series matching,
these conditions can be neglected. The fundamental concept of boundary constraints was
invented from the understanding that speech patterns under comparison generally possess
distinct endpoints that indicate the first and the last frames of the pattern [122]. Hence, the

endpoint data is required to be integrated to achieve an exact match.

b) Monotonicity conditions

Monotonicity conditions are described in the following inequalities:
r(k +1) = Py (k) (3-29)
¢y (k +1) = ¢, (k) (3-30)
The above inequalities ensure that the time-series' time arrangement is maintained. Hence
this avoids the alignment path from moving backwards in time. Fundamentally, negative
slopes of a warp path are eliminated [122-124].

c) Local Continuity Constraints

The primary goal of local continuity or step-size constraints is to guarantee that
no component in X and Yis neglected, otherwise possible loss of data could happen [122].

Hence, a discontinuous warp path is eliminated [124]. Usually, local continuity constraints
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could be implemented in different forms [122]. Considering the directions of matches
between i and j that are permitted, they can be classified as symmetric or asymmetric [122].

An example of symmetric local constraints is proposed and implemented by [124] as

follows:
Pk +1) — (k) =1 (3-31)
dy(k+1) —py(k) =1 (3-32)

The above set of constraints in the inequalities (3-31) and (3-32) is known as
symmetric since it permits an unrestricted number of components of the query X to match
with a single component of the reference Y, and vice versa [124, 125]. It is important to
note that for an asymmetric step pattern, multiple components of the query sequence X are
permitted to match with the same component in the reference sequence Y, but not vice

versa [124, 125].

d) Global Path Constraints

Along with the local path constraints, global path constraints, also regarded as
"windowing", can be employed to the warping functions to identify areas in the (i, j) plane
where warping paths are not expected to exist [120-124]. It guarantees that the warped
path is always as close to the diagonal as possible. Researchers in [125] propose and
implement the subsequent adjustment window condition so that the time-axis variation

does not generate too much of a timing difference:

| (k) — ()| < (3-33)

where r represents a suitable positive integer known as the window length.

3.5.3 Dynamic Programming Algorithm

To compute the equation (3-25), iterative dynamic programming (DP) algorithms
are employed [122]. In the subsequent equation, an algorithm that implements a symmetric

step-pattern is illustrated.
Starting condition: g(1,1) = d(1,1)

DP equation:

Hussein Walugembe PhD Thesis Page 59 of 145



Queen Mary

University of London

g, j) =min|g(i—1,j— 1) +2d()) (3-34)
In order to implement an asymmetric step-pattern, a change is required to be

made on Equation (3-34) as illustrated in the subsequent equation [122].

g, j))=min|g(i—-1,j—-1) +d()) (3-35)
It is important to note that there is no need to specify and limit conditions for

the global path constraints because normally windowing is not implemented. Equation (3-

34) or (3-35) should be recursively computed in an ascending order with reference to

coordinates j and j. The algorithm begins from the starting condition at (1,1) and terminates

at (N,M) [116-125].

3.5.4 Problem Formulation for Comparing Dynamic Hand Gestures using DTW and

MDTW

Our objective is to establish how similar or different a query dynamic hand
gesture is in comparison to a reference dynamic hand gesture whilst compensating for
differences in the duration of gestures, rotation of the hand, reasonable distance from LM
sensor etc. Firstly, we define a dynamic hand gesture. Following that, we illustrate how
traditional DTW works considering that the feature vector constitutes only one measured
feature. We then extend DTW to Multi-dimensional Dynamic Time Warping (MDTW) so that

it suits our proposed framework.

a) Definition of a Dynamic Hand Gesture
A dynamic hand gesture is represented as a sequence of hand positions
changing over time and each position is described by a set of finger joint angles.
Mathematically, a dynamic hand gesture is described using a set of P measured finger joint

angles that evolve over time i.e. a dynamic hand gesture g, at an instant t is described by

gt = {611,621, , Opt ).
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b) Problem Formulation using DTW
We let a query dynamic hand gesture and a reference dynamic hand gesture be
represented by x and y, respectively [126]. Specifically, x = (x4, X3, =+, Xpm) Where M € N
andy = (V4,¥2, ', ¥n) Where N € N. From now onwards, we use i and j to represent an
entry in time-series x and y, respectively. We define the Euclidean distance between any

two samples in time-series x and y as [126],

d(i,j) = J(xi — ;) (xi — ;) 1<i<M, 1<j<N. (3-36)

A two-dimensional N by M cost matrix D is created and every individual value of

the D(i, ) is determined as follows:

D(1,1) = d(1,1) (3-37)

D(L,j) = D(1,j — 1) + d(1,)) 2<j<N (3-38)

D(i,1) =D(i — 1,1) +d(i, 1) 2<i<M (3-39)
D(i,j—1)

DG,j) =d(@i,j)) +min{D(i—-1,j—1)} 2 <i<M, 2<j<N. (3-40)
D(@i—1,))

Then a warping path w = wy, w,, .-+, w,. is an adjacent collection of some matrix
constituents that are always close to the diagonal. These matrix elements when added

together are equivalent to a minimum-distance of a warp path.

The minimum-distance of a warp path provides a mapping between x and y that

fulfils the following requirements [124]:

e Boundary requirements: Given w; = (1,1) and w,, = (M, N) where r is the length of
the warping path.

e Continuity conditions: Given w, = (a,b) andw,_; = (a’,b"),thena —a’ <1 and
b — b" < 1 must be fulfilled.

e Monotonicity requirements: Given w, = (a,b) andw,_; = (a’,b"),thena—a’' = 0
and b — b’ = 0 must be satisfied.

We can now illustrate how to obtain a minimum-distance warp path with an

example. Given x = (1,2,4,3,5,3,2,3,2,5) that represents a query seriesand y =
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(1,1,2,4,3,5,3,2,3,2) that represents a reference series, we can construct a cost matrix D.
The minimum-distance of a warp path is traced through the matrix constituents from
D(1,1) to D(M, N), highlighted in pink, as shown in Figure 15. The minimum-distance of the
warp path using Euclidean distance as a metric is three. The above DTW formulation can
only be implemented if a framework considers a single feature alignment i.e. one

dimensional measurements [126].

216] 8 8 4 6 1 1 o
315 8 6 3 5 1 1 o 1 3
213 71 5 3 5 1 o 1 1 4
i 3120 71 3 2 21 o 1 1] 2 4
g 5100 6l 20 21 0 2 5 5 6 4
g 3 6 3 1 o 20 2 3 3 4 6
‘® 4 4 2 1 2 3 5 6 8 9
« 2 1 o 2 3 6 71 71 &g 811
1 o 1 4 6 10 12| 13| 15| 16| 20
1 o 1 4 6 10 12 13 15 16| 20
1 2483883 2938 2 8
Query

Figure 15: Cost matrix and the minimum-distance of the warp path.

c) Problem Formulation using MDTW
Since in our framework, we are considering up to 14 joint angles to describe a
dynamic hand gesture at an instant, we employ MDTW. For MDTW, the two time-series X
and Y have to be initially created as multi-dimensional matrices where each row represents
the time-series of a single measured feature and each column represents all the measured
features at a given instant. The matrices X and Y can now be written as shown below. M
and N are samples of a dynamic query hand gesture and a dynamic reference hand gesture,

respectively, and P is the number of measured features being considered.

X911 X1,M]

Xp1 ° XpM

Hussein Walugembe PhD Thesis Page 62 of 145



Queen Mary

University of London

Y11 " YinN
Y= . .., . ]

Yp1 = YPN

We now define the Euclidean distance between X and Y as

d(i,j) = \/(Xi - Yj)T(Xi - Y). (3-41)

where X; are all fourteen measured joint angles at ith frame of X and Y} are the fourteen

measured joint angles at jth frame of Y.

The entries in the cost matrix D can then be determined as shown in Equations
(3.37), (3.38), (3.39) and (3.40). Then the MDTW algorithm searches for a minimum-distance
warp path that runs close to the diagonal line from D(1,1) to D(M, N). The warping path
must fulfil all three requirements as described in the case for DTW. If the minimum-distance
of a warp path is of a lower value, then the two time-series, i.e. the two dynamic hand
gestures being compared, are similar, otherwise the two dynamic hand gestures being

compared are effectively different to a quantifiable extent.

3.5.5 Relevant Applications of DTW and MDTW in Areas Related to our Research

The following text provides examples where researchers have implemented
DTW. Specifically, we are considering applications of DTW that are closely related to our

research.

a) Using Adaptive DTW to Recognise Natural Gestures

The work describes a novel technique considered to recognise 3D dynamic composed

gestures [114]. During experimental analysis, every gesture is illustrated by

association of angle variations defined as a vector. A composed gesture can be defined as a
sequence of two simple gestures or more carried out in a sequence. Examples of simple
gestures included come, recede, point to the right, point to the left and stop. For the
purpose of recognising all the composed gestures accurately, they combined DTW with an
Adaptive Sliding Window. In addition, DTW was implemented to compare the reference

gestures to sequences provided by the adaptive window. Finally, the reference gesture that
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generates a lower distance metric is regarded as the source class of the tested gesture.

b) Implementing DTW in Post-Stroke

The objective of this research was to evaluate the performance of a real-time
model of DTW in order to recognise motor exercises [21]. When provided with a potentially
partial input stream of data and a reference time-series, the proposed and implemented
DTW technique calculates both the size of the prefix of the reference that best matches the
input, and the dissimilarity between the matched sections. In addition, the implemented
technique was able to generate real-time feedback to neurological patients performing
motor hand exercises. This real-time DTW approach is appropriate during the classification

of condensed quantitative time-series, despite the existence of noise.

¢) Implementing DTW for Recognising Static and Dynamic Hand Gesture
Research conducted by [127] proposes a natural hand gesture user interface
that monitors and identifies hand gestures in real-time based on depth data obtained from a
Kinect sensor. In particular, DTW is employed in selecting gesture candidates and
recognising hand gestures by establishing a comparison of an observed gesture with various

pre-recorded reference hand gestures.

The comparison of their results with state-of-the-art techniques such as in [128,
129] illustrates that the proposed approach performs better than most of the systems for
the static hand gesture recognition of sign digits and is similar with regard to performance
of the static and dynamic hand gesture recognition of popular signs used in the sign
language alphabet. Their system achieves a recognition rate of 92.4% on average; however,
to improve this recognition rate, a different version of DTW [130] needs to be taken into

consideration when performing comparison tasks.

d) Implementing Weighted DTW for Time-series Classification
These researchers propose and implement a novel distance measure, referred to
as a weighted DTW (WDTW), that is a penalty-based DTW [131]. Their technique penalises
points having greater phase difference between a reference point and a query point with

the purpose of preventing minimum distance distortion due to outliers. A novel weight
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operation, referred to as the modified logistic weight function (MLWF), is also implemented
to regularly allocate weights as a function of the phase difference for both reference point

and query point.

By employing various weights to neighbouring points, the proposed and
implemented algorithm can improve the estimation of similarity between any two specified
time-series. They employ the proposed and implemented technique to other forms of DTW
for example derivative dynamic time warping (DDTW). In addition, they propose and
implement the weighted form of DDTW. The experimental results illustrate that the
implemented technique can achieve improved outcomes for time-series classification and

clustering data analysis.

e) Implementing DTW for Signature Verification

One of the limitations of DTW was reported when implementing signature
verification system [132-134]. The implementation involves obtaining correspondence and
the similarity of two planar curves. The limitation was that in portions of the curves at
locations with sparse sampling, insufficient resolution in the matching procedure was
experienced attributed to the fact that DTW matches only individual samples instead of
continuous curves. The authors in [132] further proposed that a feasible solution to this
limitation is to oversample the curves. Oversampling can be implemented by employing a

spline interpolation prior to curve matching.

f) Applying DTW to Measure Time-series Similarity

In [135] DTW is implemented to measure time-series similarity, perform
classification, and identify corresponding portions between two time-series [136-139]. One
strategy that was implemented applies a multilevel technique which repeatedly predicts a
measurement from a coarse resolution and improves the predicted measurement. The
strategy possesses linear time and space complexity and partially solves the issues of
guadratic time and space complexity experienced by DTW when implemented with large

time-series datasets [135].

Hussein Walugembe PhD Thesis Page 65 of 145



Queen Mary

University of London

g) Applying Improved DTW to Recognise Dynamic Hand Gestures

In [140], the researchers implemented a dynamic hand gesture recognition
system using an improved DTW algorithm. The 3D positions of a human hand are acquired
after the analysis of the depth information, which is obtained through a Kinect sensor. Eight
points are chosen as the hand motion characteristics, and the mathematical model of the
hand is created by the approach of weighted distance. In order to improve performance of
DTW, the distortion threshold is used, and the path constraints are applied in training
templates. The implemented approach demonstrates that the improved DTW algorithm

provides a substantial improvement in both speed and accuracy.

h) Implementing DTW to Recognise 3D Hand Gestures

In their research [141], the authors propose dynamic time warping to recognise
3D hand gestures. In their approach, they split the time-series curve of a 3D hand gesture
into different finger combinations, referred to as fingerlets, that can be learned or be set

manually to characterise each gesture and to obtain inter-class variations.

The implemented DTW approach finds the minimal path to warp two fingerlets,
that are from one observation point and the specific class, respectively. In addition, the
hand gesture recognition employs an ensemble of multiple DTW fingerlet distances to
obtain better performance. Their approach was assessed on two 3D hand gesture datasets,
and they demonstrated that the technique greatly improves hand gesture recognition.

i) Applying DTW to Recognise Hand Gestures Performing Air-written English
Alphabet Capital Letters

DTW is implemented in a hand gesture system in [142]. Hand gestures are
demonstrated as air-written English alphabet capital letters and the sensor component is a
Leap Motion controller (LM). Through the application of DTW, the system can identify hand
gestures that describe capital letters as two-dimensional values despite the input set and
the reference template possessing a different number of points and, additionally, classify
hand gestures by obtaining the lowest difference of the standard deviation between the
input and templates. In their system, LM is employed to locate the position of the finger of

the user, which acts as the "pen" in air-writing letters (hand gestures).

Hussein Walugembe PhD Thesis Page 66 of 145



Queen Mary

University of London

3.6 Summary

In this chapter, we discussed LM device, PCA, LDA, SVM, and DTW prior to
describing how we have employed them in our own research. We first explained what an
LM is, its interaction area, and its internal structure. We outlined the steps undertaken
when calibrating the LM. We also discussed suggestions on how to make employing the LM
feel natural and easy. Secondly, we described what PCA is, how it can be applied as a
filtering mechanism and discuss how researchers have employed it in various applications.
Thirdly, we illustrate how LDA is applicable to our research, and this is described in three
steps in Section 3.3.1. Then, we describe applications of LDA in areas related to our
research. We describe how SVM is relevant to our research problem in regard to hand
gesture recognition in Section 3.4.1. Other applications of SVM in areas related to our
research are also discussed. Next, we discuss DTW in detail where we demonstrate that it is
mainly employed to make a comparison between time-dependent sequences. We also
discuss warping constraints of DTW, i.e. boundary constraints, monotonicity conditions,
local continuity constraints, and global path constraints. We also illustrate the problem
formulation for comparing dynamic hand gestures using DTW and MDTW. Finally, we

discuss some pertinent applications of DTW in regard to hand gesture recognition.
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4 Characterising and Reducing Absolute Errors (AEs) when Measuring

Finger Joint Angles in LM using PCA

We have configured four parameters in our designed experiments to
characterise finger joint angle absolute errors. These four parameters are elevation relative
to the LM, lateral (side-to-side) position relative to the LM, forward-backward position
relative to the LM, and rotation relative to the LM. Definitions and further explanation of

these parameters are given in Section 4.2.1.

4.1 Motion Data Collection Procedure
We conducted a series of experiments to assess the characteristics of the LM in

terms of accuracy based on parameters like elevation, lateral (side-to-side) position,
forward-backward position, and rotation. We used an “artist’s hand” placed above the LM.
The artist’s hand is more accurate than a human hand in performing static hand gestures as
it can maintain a fixed posture as long as is necessary. Figure 16 (a) shows the artist’s hand
when clamped on the stand and placed at the centre above the LM within its interaction
area. The LM is connected to the PC using a USB cable. The LM software must be started in

order to record the frames of data.
A joint angle 6 can be obtained from the two vectors 1 and ¥ representing the

directions of the bones that form the joint as

Uv)
(-1’

6 = arccos (4-1)

Equation (4-1) and Figure 16 (b) show how to obtain a joint angle of a finger. If 8 is the Distal
Inter-Phalangeal (DIP) joint angle of the middle finger for example, then u is the direction

vector of the intermediate bone and ¥ is the direction vector of the distal bone.

We customise a Java application from the LM Software Development Kit (SDK) to
obtain frames of data whenever we run it. From the frames of data, we extract direction
vectors of the metacarpal bone, the proximal bone, the intermediate bone, and the distal

bone for all five fingers. Figure 17 illustrates an example of a single frame of data.
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(a) (b)

Figure 16: (a) Artist’s hand at the centre of the LM. (b) How to obtain DIP joint 6.

For example, from the frame of data illustrated in Figure 17, we extract direction
vectors of each bone. Lines 16 to 23 of the frame show the direction vectors of the middle
finger. We show how we calculate joint angles of the middle finger from the frame. The
direction vectors for metacarpal bone, proximal bone, intermediate bone, and distal bone
are (0.169954, -0.148547, 0.974192), (0.176145, -0.269852, 0.946653), (0.352664, -
0.637749, 0.685075), and (0.450808, -0.87293, 0.186452), respectively.

Using MATLAB software, we demonstrate how to obtain MCP, PIP and DIP joint
angles from the four direction vectors. We name the vectors in the MATLAB command
window as follows: a = [0.169954, -0.148547, 0.974192], b = [0.176145, -0.269852,
0.946653], c = [0.352664, -0.637749, 0.685075], and d = [0.450808, -0.87293, 0.186452]. We

then calculate the joint angles in two steps as follows:
Step 1: In the command window of MATLAB, type, cosTheta = dot(a,b)/(norm(a)*norm(b));,

Step 2: In the command window of MATLAB, type, ThetalnDegrees = acosd(cosTheta);. This
gives us 7.14° for MCP joint. To obtain PIP and DIP joints we use vectors b and ¢, cand d,
respectively, and follow the above two steps. We obtain 28.05° and 32.52° for the PIP and

DIP joint respectively.
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In addition, from Figure 17, the position and orientation of a hand can be
obtained. The second line of the frame illustrates the palm position. From the third line up

to the last line, orientations of the finger bones relative to the palm are illustrated.

We also calculate the Absolute Error (AE) between measured joint angles (x;)
and the default angle (d) for a given experiment of a parameter, e.g. 5 cm elevation is an
example of an experiment of the elevation parameter. Other experiments of the elevation
parameter are 10, 20, 30, 40 and 50 cm as illustrated in the first column of Table 1.

Equation (4-2) illustrates how to obtain the AE.

AE = |d — x| (4-2)

where ¥ = ’l =1 x; and n is the number of joint angles measured at a given experiment
n

of a parameter. In our experiments the default angle was 90° and we used a protractor to
measure it. We chose 90° as the default angle because it can be easily and accurately
measured. We note that the value of n for all these the experiments is 5 since there are 5
measured finger joint angles for every experiment, i.e. the PIP joint of middle finger, MCP
and PIP joint angles of ring finger, MCP and PIP joint angles of little finger. Five out of
fourteen finger joint angles were sufficient for the purpose of absolute error related
investigations since the errors are independent of the finger joints, hence there is no
significant benefit considering all fourteen joint angles in this study. It is important to note
that we compute the average, X, before obtaining the absolute error to obtain a value that
generalises well on how the set of the five joint angles perform as a whole for a given
experiment of a parameter. In addition, the obtained average is more representative than a

single value.

We also compute the 95% confidence interval (95% Cl) which is defined as a
range of values such that with a probability of 0.95, the range contains the true measured

joint angle. The 95% Cl is computed as

_ =4 .S i
95% Cl = X +t-— (4-3)

where X is the mean, t is the student's t value obtained at the specific degrees of freedom,
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n is the number of measured joint angles considered at a particular level of a parameter and

S is the standard error defined as

S= |-—Xi,(x—X)2 (4-4)

n-1

Frame id: 416130, timestamp: 210119142053, hands: 1, fingers: 5

Right hand, id: 190, palm position: [-1.20554, 96.1047, -13.9025)

TYPE_THUME, id: 1300, length: 35.5853mm, width: 15.3560008mm

TYPE_METACARPAL bone, start: {13.3199, 109325, 23.9032), end: (13.919%, 109.328, 23.9032), direction: (0, O, 0}

TYPE_PROXIMAL bone, start: (13.5199, 109.326, 23.9032), end: {17.45874, 136.235, -4.31132), direction: (-0.0911184 -0 637287, 0.720548)
TYFE_INTERMEDIATE bone, start: (17.4874, 136.235, -4.31132), end: (11.483, 151 811, -24.1047), direction: (0.232621, -0.501457,
0.764289)

TYPE_DISTAL bone, start: (11463, 151 811 -24 1047), end: (0.50254%, 158 623, -35.3281), direction: [0.616561, -0.383453, 0.587511)
TYPE_INDEX, id: 1901, length: 44.663 16mm, width: 14.671&3mm

TYFE_METACARFAL bone, start: [16.8458, 93.7327 14 9583), end: (13.4702, 106478, -41.1151), direction: (0.0584958, -0.22852, 0.97178)
TYPE_FROXIMAL bone, start: (13,4702, 106.478, -41.1151), end: (12.5721, 115 455, -72.4887), direction: (-0.00312055, -0.275033,
0.951413)

TYFE_INTERMEDIATE bone, start: (13.5721, 115485, -72.4837), end: [5.04268, 125.194, -356.6755), direction: [0.246386, -0.584944,
0.772745)

TYFE_DISTAL bone, start: (3.04368, 126.194, -85 6755), end: [2.54557, 135 542, -31.5847), direction: [0.470202, -0.7%7379, 0.378282)
TYFPE_MIDDLE, id: 1202, length: 50.235782mm), width: 14.405736mm

TYPE_METACARPAL bane, start: [3.83245, 85.8411 133886}, end: (0.532438, 54.9637, -35.5198), direction: {0.163954, -0.148547,
0.9741532)

TYPE_PROXIMAL bone, start: [0.532438, 34.9697, -39.91538), end: (-5.91649, 104.845, -74.5781), direction: (0.176145, 0289852,
0.945653])

TYPE_INTERMEDIATE bone, start: (-5.91643, 104.843, -74.5781), end: {-13.5208, 118.624, -89.3752), direction: (0.352064, -0.637743,
0.685075)

TYFE_DISTAL bone, start: (-13.5208, 118.624, -83.3752), end: (-13.3555, 131.084, -32.0368), direction: (0.450808, -0.87293, 0.185452
TYPE_RING, id: 1803, length: 48.937653mm, width: 13.711777mm

TYFE_METACARFAL bone, start: [1.55581, 81,3077, 13.4198], end: (-12. 7285, 84 85325, -33.4361), direction: (0.230701, -0.0553402,
0.954935)

TYPE_PROXIMAL bone, start: {-12.7265, 848525, -33.4961), end: (-25.9679, 96.1773, -62.5188), direction: [0.3%0175, -0.333714,
0.858137)

TYPE_INTERMEDIATE bone, start: (-25.9573, 96.1778, -62. 6188, end: {-35.5462, 112 748, -70.3013), direction: (0.474217, -0.787457,
0.333657)

TYPE_DISTAL bone, start: (-35.3462, 112.748, -70.9019], end: (-41.1778, 125639, -68.0985), direction: (0.363641, -0.908342, -0.197533)
TYPE_PIMKY, id: 1904, length: 38.366215mm, width: 12.173872mm

TYPE_METACARPAL bone, start: {-9.16308, 81.1627, 16.4287), end: (-26.2134, 786295, -25.6532), direction: (0.3747%4, 0.0556951,
0.925433)

TYPE_FROXIMAL bone, start: [-26.2134, 78,6295, -15.6592), end: (-40.4723, 74 4088, -48.0241), direction: (0.530925, 0.157152, 0.832713)
TYPE_INTERMEDIATE bone, start: (-40.4728, 74.4088, -48.0241), end: {-49.3378, 76.9753, -59.6657), direction: (0.59672, -0.172826,
0.783618)

TYPE_DISTAL bone, start: (-49.3378, 76.9763, -55.6657), end: -57.1412, £3.0331, -63.2585), direction: (0.596013, -0.462514, 0.656315)

Figure 17: lllustration of a single frame of data.

4.2 Characterising and Reducing Absolute Errors (AEs) in Finger Joint Angle
Measurements

In this section, we present the experimental setup and results for characterising
and reducing absolute errors in finger joint measurements. All the measurements are
obtained when a hand is placed above the LM in its area of interaction. The interaction area

of the LM is described in Section 3.1.1.
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4.2.1 Experimental Set-up to Characterise Absolute Errors (AEs)
We present an experimental set-up for exploring joint angle absolute errors. We

arrange an experimental set-up in four different ways to test the accuracy of the LM based
on elevation, lateral (side-to-side), forward-backward, and rotation movements of the hand
relative to the LM. We have chosen four parameters because the first three parameters are
the only possible situations where a hand performing gestures can move away from the
field of view (interaction area) of LM. The fourth parameter, i.e. rotation movements of the
hand, can cause finger occlusion depending on how the rotation is performed. Movements
away from the field of view of the LM and rotation of the hand performing gestures cause
absolute errors in the LM. We briefly explain the experimental set-up for all four

parameters.

(a) Elevation Relative to the LM
By elevation relative to the LM, we mean the vertical distance from the surface

of the LM to the palm of the artist’s hand. Figure 18 illustrates an example of this type of

positioning.

We varied elevation from 5 to 50 centimetres (cm). In all the elevation
experiments, the artist’s hand remained aligned with the centre of the LM, i.e. at 0 cm for
both lateral (side-to-side) and forward-backward positions and was not rotated, it remained
in the horizontal position with the palm facing downwards. The kinematic variables are joint
angles measured in degrees and we set five known joint angles to 90° for all the

experiments.

(b) Lateral (side-to-side) Position Relative to the LM
By lateral (side-to-side) positioning, we mean static hand gestures were

performed at the centre, to the left and to the right relative to the LM. Figure 19 illustrates

some of these positions.

The artist’s hand was held at 0, 5, 10, 15 and 20 cm to the right and left of the
LM centreline. The elevation was maintained at 10 cm from the surface of the LM to the
palm of the artist’s hand and it was not rotated. It remained in the horizontal position with

the palm facing downwards.
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Figure 18: The artist’s hand at an elevation of 40 cm from the LM.

(a) (b) (c)

Figure 19: Lateral (side-to-side) position, (a) At the centre, (b) to the left, (c) to the right of the LM.

(c) Forward-Backward Position Relative to the LM
The forward position relative to the LM means the artist’s hand was in front of

the LM when performing a static hand gesture. A backward position relative to the LM
means that the artist’s hand was behind of the LM when performing a static hand gesture.

These positions are illustrated in Figure 20.
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The artist’s hand was held at 0, 2, 4, 6, 8 and 10 cm to the front and behind the
LM centreline. The elevation was maintained at 10 cm from the surface of the LM to the
palm of the artist’s hand and it was not rotated. It remained in the horizontal position with

the palm was facing downwards.

(a) (b)

Figure 20: Forward-backward position relative to the LM: (a) Forward and (b)

(d) Rotation Relative to the LM

For the rotation, a static hand gesture using the artist’s hand is configured where
the hand is slightly altered as shown in Figure 21. All the alterations are made relative to the
LM. Figure 21 shows rotation of the artist's hand relative to the LM as follows: (a)
performing a static gesture at vertical position when the thumb is down, (b) at an angle of
45° when the thumb is up, (c) at an angle of 45° when the thumb is down, (d) at vertical
position when the thumb is up, (e) when the palm faces upwards, and (f) when the palm

faces downwards.

The elevation was maintained at 10 cm from the surface of the LM to the palm
of the artist’s hand and it was held along the centreline of the LM in all rotations. This meant
that the artist’s hand was held at 0 cm for both lateral (side-to-side) and forward-backward

positions.

4.2.2 Results of Characterising Absolute Errors (AEs)

We performed 6 times (trials) for every experiment of a given parameter setting

( the parameters are elevation, lateral (side-to-side), forward-backward, and rotation as
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explained in Section 4.2.1) and obtained the average which was recorded. The recorded
values in the second, third, fourth, fifth, and sixth columns of Tables 1, 2, 3, and 4 are the
averages of these 6 trials. Experiments of the elevation parameter are considered for 5, 10,
20, 30, 40, and 50 cm as illustrated in the first column of Table 1. Experiments for lateral
(side-to-side), forward-backward, and rotation are the first columns of Tables 2, 3, and 4,
respectively. These 6 trials were performed on different days and on different times of a
particular day i.e. day and night. It is important to notice that the results we obtained were
achieved by carefully following the guidelines associated with the LM SDK. We have
identified the four parameters of interest, i.e. elevation, lateral (side-to-side), forward-
backward, and rotation, as described in Section 4.2.1. Since absolute errors (AEs) are
experienced as a hand is moved away from the centreline of the LM and upwards above its
interaction area, we investigated how absolute errors vary with these four parameters. For
example for the elevation parameter, the absolute errors were investigated at 5, 10, 20, 30,

40 and 50 cm.

(d) (e) (f)

Figure 21: Rotation relative to the LM.
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(a) Elevation Experimental Results
In all the elevation experiments, the artist’s hand remained aligned with the

centre of the LM i.e. at 0 cm for both lateral (side-to-side) and forward-backward positions

and was not rotated, it remained in the horizontal position with the palm facing downwards.

Table 1 and Figure 22 show results obtained for the elevation experiment.
Roughly, finger joint angles obtained at the lower elevations relative to the LM were closer
to the default angle of 90°. The finger joint angles at elevations of 5 cm, 10 cm, 20 cm and
30 cm registered absolute error of less than 10° showing little variation. The finger joint
angles measured at higher elevations experienced greater variation from the default angle

of 90°. This can be clearly seen from the elevations of 40 cm and 50 cm.

Generally, absolute errors increases as the elevation relative to the LM
increases. However, there could be a better range of elevations where measured joint
angles are obtained with smaller absolute errors. According to this experiment, we observe
that this range is established when hand exercises are performed at an elevation of less

than 30 cm relative to the LM.

The 95% confidence intervals reveal that elevations of 5, 10 and 20 cm illustrate
an appropriate range which is close to the default angle of 90°. On the other hand,
elevations of 30, 40 and 50 cm reveal a much bigger range that shows that the lower limits

of the respective confidence intervals deviate much more from the default angle of 90°.

Measured joint angles at PIP joint of the middle finger experienced more
variation from the default angle compared to MCP joint of the ring finger that experienced
less variation. This could be attributed to occlusion likely to be experienced by a middle
finger. In Figure 22, PIP(3) is PIP joint at the middle finger, MCP(4) and PIP(4) are MCP and
PIP joints at the ring finger, and MCP(5) and PIP(5) are MCP and PIP joints at the little finger.

From Figure 22, we notice that elevations greater than 30 cm produce much
variation from the default angle. In this experiment, elevations of 40 and 50 cm produced a
variation of approximately 25.0° in the worst case scenario. Thus for accurate

measurements, users using LM for hand exercises, should try to avoid elevations that are
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Elevation (cm)

. Middle Ring Little —

Elevation (M) |51 (deg) | MCP (deg) | PIP (deg) | MCP (deg) | PIP (deg) | * ©°9) | AE (49) | 9505 CI (deg)
5 84.73 85.95 81.35 81.06 89.93 84.60 5.40 [80.07, 89.14]
10 83.46 86.72 85.64 86.02 89.23 86.21 | 3.79 [83.63, 88.8]
20 84.36 88.19 83.69 82.81 86.28 85.07 | 4.94 [82.38, 87.76]
30 76.83 85.95 78.81 75.98 82.83 80.08 | 9.92 [74.85, 85.31]
40 64.57 75.96 83.95 75.34 72.01 74.37 15.63 [65.66, 83.08]
50 69.53 80.14 76.39 73.42 78.31 75.56 | 14.44 [70.36, 80.76]
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Figure 22: Sensed Joint Angle for Elevation.

(b) Lateral (side-to-side) Experimental Results
The artist’s hand was held at 0, 5, 10, 15 and 20 cm to the right and left of the

LM centreline. The elevation was maintained at 10 cm from the surface of the LM to the

palm of the artist’s hand and it was not rotated. It remained in the horizontal position with
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the palm facing downwards.

Table 2 and Figure 23 show results obtained for the lateral (side-to-side)
experiment. Lowest absolute error was obtained when the artist’s hand was at the centre of
the LM when performing static hand gestures and this was 4.33°. The highest absolute
errors were obtained at lateral position of 20 cm to the right of the LM and 20 cm to the left
of the LM which were 16.97° and 16.20°, respectively. Generally, the joint angles obtained
at the positions further from the LM registered more variation of joint measured angles
from the default angle than those that were close to the LM. This is evident from the joint

measured angles obtained at 20 cm to the right and left of the LM.

Absolute errors roughly increases as the artist’s hand is moved away from the
centre of the LM. In this experiment, we have established that the best position to place the
hand to perform hand gesture/exercises when using the LM is along the centreline or
roughly up to 10 cm on either right or left of the device. This is because all the measured
angles when it was at the centre of the LM or closer are fairly accurate. Measured joint
angles at the PIP joint of the little finger experienced more variation from the default angle

compared to the DIP joint of the same finger that experienced less variation.

Table 2: Results for Varied Lateral (side-to-side) Position.

. Index Middle Little — 95% CI
Lateral Position (€M) 55" eq) | PIP (deg) | DIP (deg) | PIP (deg) | DIP (deg) | * ([¢9) | AF (deg) (deg)

20 to the right of the LM | 73.80 77.34 70.90 68.45 74.67 73.05 | 16.97 [68.76, 77.30]
15 to the right of the LM | 78.67 76.56 83.25 74.46 75.92 7777 | 12.23 [73.53, 82.01]
10to the right of the LM | 80.71 75.46 84.56 76.98 78.54 7925 | 10.75 [74.85, 83.65]
5 10 the right of the LM | 79.46 79.42 80.68 78.96 82.88 8028 | 972 [78.31, 82.25]

Centre of the LM | 79.41 86.77 85.78 87.12 89.25 8567 | 433 [81.05, 90.29]
510 the left of the LM | 78.77 80.55 81.35 79.61 80.45 8015 | 9.85 [78.93, 81.37]
1010 the leftof the LM | 77.46 76.76 8213 79.45 76.86 7853 | 1147 [75.70, 81.37]
15t0the leftof the LM | 81.26 74.94 73.50 73.46 7557 7575 | 14.25 [71.76, 79.74]
2010 the left of the LM | 75.06 79.26 72.98 69.79 71.93 7380 | 16.20 [69.34, 78.26]

The 95% confidence intervals that correspond to the centre of the LM and that
correspond to 5 cm to the left of the LM illustrate an appropriate range since the intervals
are close to the default angle of 90°. The 95% confidence intervals for 5, 10, and 15 cm to
the right of the LM and that for 10 cm to the left of the LM indicate somewhat good

intervals though the lower limits for these intervals are not as close to the default angle of
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90° as the upper limits. In contrast, confidence intervals that correspond to 20 cm to the
right of the LM, 15, and 20 cm to the left of the LM exhibit an inappropriate range of values

since both lower and upper limits of these intervals are not close to the default angle of 90°.

In Figure 23, 25 and 26, DIP(2) is DIP joint at the index finger, PIP(3) and
DIP(3) are PIP and DIP joints at the middle finger, and PIP(5) and DIP(5) are PIP and DIP
joints at the little finger. Negative distances are distances moved to the left of the LM, 0 is
the position at the centre of the LM, and positive distances are distances moved to the right

of the LM.

From this experiment, we see it is appropriate for users performing hand
exercise using LM to avoid moving their hands more than 10 cm on either the left or the
right of the LM. It is preferred for the users to perform hand exercises/gestures at the

centreline of the LM or near to it.

Results for Varied Lateral (side-to-side)
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Figure 23: Sensed Joint Angle for Lateral (side-to-side).
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(c) Forward-Backward Experimental Results
The artist’s hand was held at 0, 2, 4, 6, 8 and 10 cm to the front and behind the

LM centreline. The elevation was maintained at 10 cm from the surface of the LM to the

palm of the artist’s hand and it was not rotated. It remained in the horizontal position with
the palm facing downwards. Negative distances are distances moved behind of the LM, O is
the position at the centre of the LM, and positive distances are distances moved in front of

the LM, closer to the user.

Table 3 and Figure 24 show results obtained for the forward-backward
experiment. From the results, the lowest absolute error was obtained when the artist’s
hand was at the centre of the LM field of view when performing static hand gestures and
this was 6°. Highest absolute errors were obtained at forward-backward positions of 8 cm
behind of the LM, 10 cm in front, and behind of the LM which were 17.76°, 18.02° and
19.24°, respectively. Generally, the joint angles obtained for the forward-backward positions
further from the LM registered more variation from the default angle than those that were
close to the LM, as expected. This is evident from the measured joint angles obtained at 10
cm in front, and behind of the LM, 8 cm in front, and behind of the LM, 6 cm in front, and
behind of the LM. Compared with all the five measured joints, the PIP joint at the middle
finger registered more variation from the default angle and DIP joint of the little finger
registered less variation. This could be caused by occlusion of the middle finger by

neighbouring fingers.

Generally, absolute errors increase as the artist’s hand is moved away from the
centre of the LM. In this experiment, we have established that the best position to place the
hand to perform hand gestures/exercises when using LM is along the centreline of the
device or up to 4 cm from it. This is because all the measured joint angles when the artist’s

hand was at the centre of the LM field of view or closer are reasonably accurate.

The 95% confidence intervals that correspond to the centre of the LM, 2 and 4
cm in front of the LM, and 2 cm behind of the LM illustrate an appropriate range since the
intervals are close to the default angle of 90°. The 95% confidence interval that corresponds

to 4 cm behind the LM indicates a somewhat good interval though the lower limit for this
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interval is not as close to the default angle of 90° as the upper limit. On the other hand, the
95% confidence intervals that correspond to 6, 8, and 10 cm in front of the LM and those
that correspond to 6, 8, 10 cm behind the LM reveal unsuitable ranges since both lower and

upper limits of these intervals are not close to the default angle of 90°.

Table 3: Results for Forward-Backward Position.

" Index Middle Little - 95% ClI (de
Forward-Backward Position (cm) DIP (deg) | PIP (deg) | DIP (deg) | PIP (deg) | DIP (deg) X (deg) | AE (deg) (deg)

10 in front of the LM 73.46 69.95 75.91 69.51 71.08 71.98 18.02 [68.66, 75.30]
8 in front of the LM 78.46 70.13 71.26 72.55 77.76 74.03 15.97 [69.28, 78.78]
6 in front of the LM 74.78 78.46 74.46 74.46 78.23 76.08 13.92 [73.50, 78.66]
4 in front of the LM 80.45 78.65 79.76 79.25 81.92 80.01 9.99 [78.45, 81.57]
2 in front of the LM 86.33 78.97 83.43 84.86 80.44 82.81 7.19 [79.02, 86.60]
Centre of the LM 81.63 85.44 86.25 78.94 87.69 83.99 6.00 [79.52, 88.47]
2 behind of the LM 78.45 77.78 80.25 81.70 83.56 80.35 9.65 [77.42, 83.29]
4 behind of the LM 75.57 74.46 75.61 82.35 81.76 77.95 12.05 [73.26, 82.64]
6 behind of the LM 72.87 75.24 76.87 74.67 77.94 75.52 14.48 [73.08, 77.96]
8 behind of the LM 71.91 76.05 69.23 74.46 69.56 72.24 17.76 [68.53, 75.95]
10 behind of the LM 75.49 70.98 68.91 69.53 68.90 70.76 19.24 [67.31, 74.21]

Results for Varied Forward-Backward
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Figure 24: Sensed Joint Angle for Forward-Backward.

Hussein Walugembe PhD Thesis Page 81 of 145




Queen Mary

University of London

(d) Rotation Experimental Results
For rotation experiments, the elevation was maintained at 10 cm from the

surface of the LM to the palm of the artist’s hand and it was held along the centreline of the
LM in all of the rotations. This meant that the artist’s hand was held at 0 cm for both lateral

(side-to-side) and forward-backward positions.

Table 4 and Figure 25 show results obtained for the rotation experiment. The
lowest absolute error was obtained when the palm of the artist’s hand was facing down
when performing static hand gestures and this was 5.42°. The highest absolute errors were
obtained at rotations when the artist’s hand was at 45° with the thumb down, when the
artist’s hand was at the vertical position with the thumb down, and when the palm of the
artist’s was facing up and these were 12.83°, 13.08° and 18.36°, respectively. Compared
with all five measured joints, the PIP joint at the middle finger registered more variation

from the default angle and DIP joint of the little finger registered less variation. This could

be attributed to occlusion likely to be experienced by the middle finger caused by

neighbouring fingers.

Table 4: Results for Rotation Relative to the LM.

. . Index Middle Little x AE 95% ClI
Rotation of the Hand Relative to the LM DIP (deg) | PIP (deg) | DIP (deg) | PIP (deg) | DIP (deg) | (deg) (deg) (deg)

Palm faces down 79.56 83.85 84.44 85.78 89.25 84.58 | 5.42 [80.23, 88.93]
At 45° and thumb up 84.69 77.57 85.05 83.45 87.70 83.69 | 6.31 [79.03, 88.35]
At Vertical position and thumb up 89.95 77.25 79.26 78.16 86.75 82.27 | 7.73 [75.19, 89.35]
Palm faces up 70.10 65.44 77.91 64.78 79.97 71.64 | 18.36 [62.94, 80.34]
At 45° and thumb down 83.46 70.66 74.26 77.46 80.01 77.17 | 12.83 [71.01, 83.33]
At Vertical position and thumb down 69.59 74.44 77.84 80.06 82.68 76.92 | 13.08 [70.60, 83.24]

The 95% confidence intervals that were obtained when palm faces down and at

45° when thumb up illustrate an appropriate range since the intervals are close to the

default angle of 90°. The 95% confidence intervals obtained at the vertical position when

the thumb is up, when palm faces up, at 45° when thumb is down, and at the vertical

position when thumb down indicate somewhat good intervals though the lower limits for

these intervals are not as close to the default angle of 90° as the upper limits.

Small alterations such as placing a hand above the LM so that it makes an

angle of 45° or less do not trigger much variation from the default angle of 90°. However,
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the same alterations may trigger much variation if the palm of the hand is facing up while
the thumb pointed down. Therefore, users operating the LM for hand exercise purposes
should avoid rotations that make their palms face upwards, and rotations that make the

thumbs face downwards.

The above results confirm that the magnitude of the absolute errors varies with
displacement from a “sweet spot”. This implies some form of set-up protocol may be
needed to ensure exercises only take place when the hand is within a limited range of this
ideal location. Periodically, the LM should be able to tell if the hand is in this sweet spot or
has drifted a few centimetres. If this is the case, the user must stop hand exercises and try

to locate the sweet spot before starting the exercises again.

100 Results for Varied Rotation
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Figure 25: Sensed Joint Angle for Rotation.

4.2.3 Experimental Set-up to Reduce Absolute Errors (AEs) using PCA
Absolute Error (AE) between a measured joint angle x; by the LM and the

default joint angle d measured by a protractor has been defined in Equation (4-2), Section
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4.1. It is important to note that PCA is capable of reducing absolute errors that are largely
due to a hand moving away from the centreline of the LM, moving a hand outside the range
of the interaction area of the LM (as described in Section 3.1.1), and unreasonable rotations

of a hand relative to the LM when performing hand gestures/exercises.

We have applied PCA to the raw data to reduce absolute errors in LM
measurements. Figure 26 shows the proposed PCA error reduction pipeline. Data is
transferred to the PCA domain using a PCA transform. We then select PCs and transfer data

back by projecting onto selected PCs that form a feature vector.

If no absolute errors (AEs) and noise were experienced, our dataset would have
0.0° as variance for each of the five variables however this was not the case as each variable
experienced variance. This motivated us to devise techniques that reduce variance in a
dataset. In particular, we devised a filtering technique that is able to reduce variance and
hence AEs in a dataset. Some of the known techniques that can be employed include
moving average filter, Savitzky-Golay filter, local regression filter [143], PCA [34] etc.
Compared to other filtering techniques, PCA is more efficient and easier-to-use in relation to
variance reduction in a dataset. PCA computes a new set of variables, i.e. principal
components (PCs), that expresses a dataset in order of higher variance attached to the first
PCs. In order to reduce absolute errors (AEs) and noise, we employ PCA on our dataset. PCA
reduces variance and hence AEs as illustrated in Equation (4-5). We delete the first PC that
contains the highest variance and retain the remainder PCs that form the feature vector.
According to our dataset, deleting the first PC while retaining the remaining PCs in the
feature vector is the best means of minimising absolute errors. The steps involved in

absolute error reduction are described below.

Step 1: We systematically arrange our data in a matrix form X e.g. data from one
of the sets of experiments is arranged in such a way that it has 6 rows and 5 columns (see
matrix X on the next page, derived from Table 1). The 6 rows correspond to elevations of 5,
10, 20, 30, 40, and 50 cm. The 5 columns correspond to the PIP joint of the middle finger,
PIP and MCP joints of the ring finger, and the MCP and PIP joints of the little finger. It is

important to note that the matrix X contains only five data variables, all measured in
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degrees, and therefore there no need to perform normalisation of the data variables.

84.73 8595 81.35 81.06 89.93
83.46 86.72 85.64 86.02 89.23
84.36 88.19 83.69 82.81 86.28
76.83 8595 7881 7598 82.83
64.57 7696 8395 7534 72.01
69.53 80.14 76.39 7342 7831

Step 2: We input X in the R statistical package using ‘prcomp()’ function and
eigenvectors (PCs) together with their respective standard deviations are obtained as
output. From the obtained standard deviations, we compute the variance that corresponds

to each of the PCs.

Step 3: We select PCs and form the feature vector v. In our experiments, we

delete the first PC that contributes much variation and retain the rest to form V.
Step 4: We derive the absolute error reduced data matrix Y as
Y = XvvT (4-5)

where VT is the transpose of V/.

Transferring data to PCA Transferring data
domain by projecting —>»| Selecting PCs » back by projecting
data on PCs on selected PCs

Hand motion data Error compensated data

Figure 26: The proposed PCA error compensation technique pipeline.

4.2.4 Results of Absolute Error Compensation using PCA

We present results after applying PCA on all the four parameters. All the results
show that the measured joint angles are fairly close to the default joint angle after applying

PCA.

Hussein Walugembe PhD Thesis Page 85 of 145



Queen Mary

University of London

(a) Elevation Experimental Results
Figure 27 (b) shows the results after applying PCA on the elevation experimental

results. There is a considerable improvement after applying PCA, i.e. the highest absolute
error is reduced by 37.5%. Most of the joint angles are relatively closer to the default angle
(90°). This shows that PCA is an effective and efficient technique to compensate for the
absolute errors arising from inadvertent hand misalignment from the central position of the

LM.

Results for Varied Elevation Results for Varied Elevation after Applying PCA
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Figure 27: Varied Elevation. (a) Before Applying PCA. (b) After Applying PCA.

(b) Lateral (side-to-side) Experimental Results
Figure 28 (b) shows the results after applying PCA on lateral (side-to-side)

experimental results. There is a significant improvement after applying PCA, i.e. the highest
absolute error is reduced by 28.3%. Almost all the joint angles are closer to the default angle

(90°) than before applying PCA.

(c) Forward-Backward Experimental Results
Figure 29 (b) shows the results after applying PCA on forward-backward

experimental results. We notice a considerable improvement after applying PCA, i.e. the
highest absolute error is reduced by 33.0%. More joint angles are closer to the default angle

(90°) than before applying PCA.
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Resulis for Varied Lateral (side-to-side) after Applying PCA
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Figure 28: Varied Lateral (side-to-side). (a) Before Applying PCA (b) After Applying PCA.

Results for Varied Forward-Backward
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Figure 29: Varied Forward-Backward. (a) Before Applying PCA. (b) After Applying PCA.
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(d) Rotation Experimental Results
Figure 30 (b) shows the results after applying PCA on rotation experimental

results. There is a noticeable improvement after applying PCA, i.e. the highest absolute error
is reduced by 22.4%. Most of the joint angles are above 75° which clearly shows a

reasonable improvement than before applying PCA.

PCA has been applied to reduce joint angle absolute errors. It can be observed
that it is not perfect. One would have expected most measured joint angles to have been
close to 90°. In some experiments like the elevation experiment, PCA performed reasonably
well. For lateral (side-to-side) and forward-backward, PCA performed fairly, and poorly on

rotation experimental results.
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Figure 28: Varied Rotation. (a) Before Applying PCA (b) After Applying PCA.

4.3 Variation of Errors with Finger Joint Angles
We performed a set of experiments to study variation of errors with the size of

the measured finger joint angles. For these experiments, the elevation was maintained at 10

cm from the surface of the LM to the palm of the artist’s hand and it was held along the

Hussein Walugembe PhD Thesis Page 88 of 145



Queen Mary

University of London

centreline of the LM. This meant that the artist’s hand was held at 0 cm for both lateral
(side-to-side) and forward-backward positions. The artist’s hand was not rotated. It

remained in the horizontal position with the palm facing downwards.

4.3.1 Experimental Set-up to Investigate Variation of Errors with Finger Joint Angles

In this experimental set-up and the results Section 4.3.2, we define error as
Error = |d — x;| (4-6)

where d is the default joint angle measured by a protractor, x; is the measured joint angle

by the LM. The default varied angles are 0°, 10°, 30°, 50°, 70°, and 90°.

4.3.2 Results of Variation of Errors with Finger Joint Angles
We measured the four finger joints i.e. PIP(2), DIP(2), PIP(5), and DIP(5) of each

default joint angle 6 times using the LM device. The recorded values in Figure 31 are the
averages for these 6 measurements. The default joint angles are 0°, 10°, 30°, 50°, 70°, and
90°. PIP(2) and DIP(2) are PIP and DIP joints at the index finger, PIP(5) and DIP(5) are PIP and
DIP joints at the little finger. These 6 times were performed on different days and on
different times of a particular day, i.e. day and night. Figure 31 shows the results. The
elevation was maintained at 10 cm from the surface of the LM to the palm of the artist’s
hand and it was held along the centreline of the LM. This meant that the artist’s hand was
held at 0 cm for both lateral (side-to-side) and forward-backward positions. The artist’s
hand was not rotated. It remained in the horizontal position with the palm facing

downwards.

From Figure 31, the lowest error was registered when the default angle was 0°
and this was 0°. Compared with all the default angles, the highest error was registered when
the default angle was 50° and this was 4.7°. The errors are much less compared to other
results, e.g. experimental results in Section 4.2.2 simply because we maintained suitable
conditions for all the four parameters of elevation, lateral (side-to-side), forward-backward,
and rotation. Generally, the default angles of 0°, 10°, and 70° registered smaller errors. DIP
and PIP joints of the index and little fingers registered greater errors compared to PIP and

DIP joints of the index and little fingers.
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We can conclude that measured joint angle errors are independent of the size of
the joint angle though the LM was able to register 0° of error when the angle was set to 0°.

Regardless of the size of the angle, errors will be encountered in joint angle measurement.

Errors Vs Measured Joint Angles
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Figure 29: Errors in Measured Joint Angles.

4.4 Determining whether Absolute Errors (AEs) are Consistent in Leap Motion Devices
(LMs)

We carry out this study to determine whether absolute errors (AEs) are
consistent where we have used two LMs i.e. first Leap Motion (LM1) and second Leap
Motion (LM?2). In the following Section 4.4.1, we describe the experimental setup and the

results are discussed in Section 4.4.2.

4.4.1 Experimental Set-up for Determining whether AEs are Consistent in LMs
As for the case of characterising AEs in finger joint angle measurements, all

experimental set-ups are similar and we use four parameters i.e. elevation, lateral (side-to-
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side), forward-backward and rotation movements of the hand relative to the LM. We use
one LM at a time to test errors for the four parameters and then use the second LM and

repeat the experiments.

4.4.2 Results for Determining whether Absolute Errors are Consistent in LMs
We performed each experiment 6 times (trials) for each given parameter ( the

parameters are elevation, lateral (side-to-side), forward-backward, and rotation as
explained in Section 4.2.1) for the two LMs and obtained the average which was recorded.
The recorded values in the second, third, fourth, and fifth columns of Tables 5, 6, 7, and 8
are the averages of these 6 trials. Experiments for elevations of 5, 10, 20, 30, 40, and 50 cm
are provided in the first column of Table 5. Experiments for lateral (side-to-side), forward-
backward, and rotation are recorded in the first columns of Tables 6, 7, and 8, respectively.
These 6 trials were performed on different days and at different times of a particular day,

i.e. day and night.

(a) Elevation Experimental Results
In all the elevation experiments, the artist’s hand remained aligned with the

centre of the LM i.e. at 0 cm for both lateral (side-to-side) and forward-backward positions

and was not rotated, it remained in the horizontal position with the palm facing downwards.

In all the four parameters, we set 90° at the DIP joints of the middle and little
fingers. We chose 90° for convenience, but this could be any angle between 0° and 90°.
Table 5 and Figure 32 show the results obtained for LM1 and LM2. x; and X, are averages,
AE; and AE; are absolute errors that correspond to LM1 and LM2 respectively. LM1-DIP(3)
represents the DIP joint measured at middle finger using LM1 and LM2-DIP(5) represents

the DIP joint measured at little finger using LM2.

AE1 and AE; at same elevations generally have little variation, i.e. they are almost
the same. As in the case of characterising errors in Section 4.2.2, higher absolute errors
were registered at higher elevations of 30, 40, and 50 cm and lower absolute errors were
registered at lower elevations of 5, 10, and 20 cm. From Figure 32, measured joint angles at

the DIP joint of the little finger registered somewhat similar readings for LM1 and LM2.
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Absolute errors are more when the artist’s hand is moved at higher elevations.

From Figure 32, the two LMs behave similarly. For both LMs, little variation is

registered for lower elevation and much variation is registered when static gestures are

performed at higher elevations, e.g. at 40 and 50 cm. There is no clear distinction between

the performance o

f the two LMs in regard to elevation experiments.

Table 5: Results for Varied Elevation.

LM1 Lm2
Elevation (cm) Middle Little Middle Little %, (deg) | x, (deg) | AE; (deg) | AE; (deg)
DIP (deg) | DIP (deg) | DIP (deg) | DIP (deg)
5 83.43 85.33 80.93 87.34 84.38 84.14 5.62 5.86
10 84.46 85.94 87.01 89.15 85.20 88.08 4.80 1.92
20 83.11 89.93 85.55 87.19 86.52 86.37 3.48 3.63
30 78.15 79.00 81.12 79.20 78.57 80.15 11.43 9.85
40 74.19 76.14 75.52 77.19 75.17 76.36 14.83 13.64
50 73.14 75.34 74.00 74.52 74.24 74.26 15.76 15.74

1

Sensed Joint Angle (Degrees)
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Figure 30: Varied Elevation for 2 LMs.

(b) Lateral (side-to-side) Experimental Results
The artist’s hand was held at 0, 5, 10, 15 and 20 cm to the right and left of the
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LM centreline. The elevation was maintained at 10 cm from the surface of the LM to the
palm of the artist’s hand and it was not rotated. It remained in the horizontal position with

the palm facing downwards. Table 6 and Figure 33 show the results obtained.

AE1 and AE; at the same lateral (side-to-side) positions are almost the same. For
example, at 5 cm to the right of the LM, AE1 is 8.25° and AE; is 8.43°. This also applies to
other lateral positions in this experiment. As in the case of characterising absolute errors in
Section 4.2.2, smaller absolute errors are registered when the artist’s hand performs
gestures near the centreline of the LM and greater absolute errors are registered when
static gestures are performed far away from the centreline for example at 20 cm to the right

and left of the LM. Figure 33 confirms that the performance of LM1 and LM2 are almost

identical.
Table 6: Results for Varied Lateral (side-to-side).
LM1 LM2
Lateral Position (cm) Middle Little Middle Little X, (deg) | X, (deg) | AE;(deg) | AE; (deg)
DIP (deg) | DIP (deg) | DIP (deg) | DIP (deg)
20 to the right of the LM | 74.81 77.01 74.68 76.11 75.91 75.40 14.09 14.60
15 to the right of the LM | 77.15 77.90 80.15 79.66 77.53 79.90 12.47 10.10
10 to the right of the LM | 80.34 79.45 79.00 80.45 79.89 79.73 10.11 10.27
5 to the right of the LM 81.45 82.04 83.05 80.09 81.75 81.57 8.25 8.43
Centre of the LM 85.04 84.24 86.41 84.01 84.64 85.21 5.36 4.79
5 to the left of the LM 83.00 84.01 84.99 82.45 83.51 83.72 6.50 6.28
10 to the left of the LM 79.41 81.41 80.45 83.41 80.41 81.93 9.59 8.07
15 to the left of the LM 81.41 79.00 78.41 79.44 80.21 78.93 9.79 11.07
20 to the left of the LM 75.11 76.42 77.02 76.82 75.77 76.92 14.23 13.08

(c) Forward-Backward Experimental Results
The artist’s hand was held at 0, 2, 4, 6, 8 and 10 cm to the front and behind the

LM centreline. The elevation was maintained at 10 cm from the surface of the LM to the
palm of the artist’s hand and it was not rotated. It remained in the horizontal position with

the palm facing downwards. Table 7 and Figure 34 show the results obtained.

AE1 and AE; are almost identical for the same forward-backward position. For
example, at 2 cm in front of the LM, AE; is 3.74° and AE; is 3.44°. Much variation from the
default angle (90°) is experienced when static hand gestures are performed relatively far
away from the centreline of the LMs. Less variation is registered when static hand gestures

are performed at the centre or near the centreline of the LMs. From Figure 30, LM1 and
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LM2 perform relatively the same, i.e. the difference in performance is negligible.
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Figure 31: Varied Lateral (side-to-side) for 2 LMs.

Table 7: Results for Forward-Backward.

LM1 Lm2
Forward-Backward Position Middle Little Middle Little x X
(cm) DIP DIP DIP DIP (deg) | (deg) | AF:(de0) | AE: (deg)
(deg) (deg) (deg) (deg)

10 in front of the LM 74.11 69.19 75.24 71.24 71.65 73.24 18.35 16.76
8 in front of the LM 77.41 72.41 75.01 71.08 74.91 73.04 15.09 16.96
6 in front of the LM 77.50 75.04 74.35 78.42 76.27 76.39 13.73 13.61
4 in front of the LM 81.44 79.61 80.41 80.00 80.53 80.21 9.47 9.79
2 in front of the LM 87.41 85.11 83.12 90.00 86.26 86.56 3.74 3.44

Centre of the LM 86.44 85.40 86.00 84.09 85.92 85.05 4.08 4.95
2 behind of the LM 79.44 82.09 83.11 80.09 80.77 81.60 9.23 8.40
4 behind of the LM 78.00 84.11 82.00 82.95 81.06 82.48 8.94 7.52
6 behind of the LM 79.44 81.01 78.46 83.00 80.22 80.73 9.78 9.27
8 behind of the LM 77.00 76.45 79.11 75.10 76.72 77.11 13.28 12.89
10 behind of the LM 75.41 74.15 73.49 74.13 74.78 74.46 15.22 15.54

(d) Rotation Experimental Results
For rotational experiments, the elevation was maintained at 10 cm from the

surface of the LM to the palm of the artist’s hand and it was held along the centreline of the
LM in all the rotations. This meant that the artist’s hand was held at 0 cm for both lateral
(side-to-side) and forward-backward positions. Table 8 and Figure 35 show the results

obtained.
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Generally, AE1 and AE; are almost identical for the same rotation, e.g. when
static gestures are performed with the palm of the artist’s hand facing down, the AE; is
6.87° and AE; is 5.60°. As in the case of characterising errors in Section 4.2.2, larger errors
are registered when the palm faces up. This can be attributed to the LM being unable to
detect the direction vectors of the finger bones as well. From Figure 35, there is no clear

distinction in the performance of LM1 and LM2.
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Figure 32: Varied Forward-Backward for 2 LMs.

Table 8: Results for Varied Rotation.

LM1 Lm2
Rotation of the Hand Relative to Middle Little Middle Little X, X, AE; AE,
the LM DIP DIP DIP DIP (deg) (deg) (deg) (deg)
(deg) (deg) (deg) (deg)

Palm faces down 81.41 84.85 85.14 83.65 83.13 84.40 6.87 5.60

At 45° and thumb up 83.05 80.15 83.45 82.68 81.60 83.06 8.40 6.94

At Vertical position and thumbup | 79.45 81.09 80.15 80.61 80.27 80.38 9.73 9.62

Palm faces up 74.09 75.18 76.64 75.74 74.64 76.19 15.36 13.81
At 45° and thumb down 83.77 80.80 82.14 81.98 82.28 82.06 7.72 7.94
At Vertical pgz:,tv'r?” and thumb 78.45 79.68 80.66 79.86 7906 | 8026 | 1094 9.74
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In this experiment, our aim was to determine whether absolute errors are
consistent across LMs. We have used two LMs to ascertain that worse absolute errors are
experienced by movements away from the centreline of the LM. This was actually the case
for characterising absolute errors in Section 4.2.2 but we wanted to confirm this by using a
second LM. We can therefore conclude that whichever LM you use, substantial absolute
errors are likely to be encountered when hand gestures are performed away from the

centreline of the LM.
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Figure 33: Varied Rotation for 2 LMs.

4.5 Summary
We have described the motion data collection procedure where we illustrated

how a joint angle is calculated from the frames of the data that are in form of direction
vectors of the finger bones. We have also defined joint angle 6, absolute error and 95% ClI.
We have illustrated our designed experiments to characterise finger joint angle absolute

errors based on four parameters i.e. elevation, lateral (side-to-side), forward-backward, and

Hussein Walugembe PhD Thesis Page 96 of 145



Queen Mary

University of London

rotation movements of the hand relative to the LM. We have also described the
experimental set-up to study variation of joint angles with absolute errors, to determine

whether absolute errors are consistent with LMs, and to reduce absolute errors using PCA.

We have presented our results and discussion of characterising finger joint angle
absolute errors. Absolute errors were characterised based on four parameters i.e. elevation
movements, lateral (side-to-side) movements, forward-backward movements and rotation.
We have discussed that absolute errors are mainly experienced when these movements are

away from the centreline of the LM.

We also applied PCA on the raw data in order to reduce absolute errors.
Absolute errors were reduced by 37.5%, 28.3%, 33.0%, and 22.4% for the experimental
results of elevation, lateral (side-to-side), forward-backward, and rotation, respectively. In
addition to restraining users from movements away and far above the centreline of the LM,

PCA can be applied to improve the accuracy of measured joint angles.

We have also presented results on the variation of errors with joint angles
where we observed that lowest errors were registered when the default angle was 0° and
highest errors were registered when default angle was 50°. Furthermore, we discovered
that whichever size of joint angle you measure, errors will be experienced. We also

presented results to determine whether absolute errors are consistent using two LMs.

During experimentation, systematic errors that are mainly associated with a
fault in a measuring device were minimised by performing an initial simple calibration
procedure when the LM was being used for the first time. If the simple calibration
procedure is not performed, it may affect LM measurements since the sensors in the LM
may have been knocked out of their initial alignment. Absolute errors are largely due to
moving a hand away from the centreline and outside the range of the interaction area of the
LM. Unreasonable rotations of a hand relative to the LM when performing hand

gestures/exercises also exacerbate absolute errors.

Hussein Walugembe PhD Thesis Page 97 of 145



Queen Mary

University of London

5 Hand Gesture Recognition in LM Using LDA and SVM

In Chapter 4 we implemented PCA to reduce absolute errors in LM
measurements, however these kinds of errors can also be reduced by implementing
machine learning techniques such as LDA and SVM. In this chapter, we implement LDA and
SVM in order to recognise and classify hand gestures. In addition, LDA and SVM can learn
about measurement errors in the LM and hence compensate for them. LDA performs
relatively well compared to other models such as a logistic regression model when the
classes are separated relatively well [35]. SVM has been shown to perform well in various
settings and is normally known to be a superior classifier [35]. Machine learning techniques
are able to learn parameters that describe the hand gestures [4]. After training the LDA and
SVM models, the models can accurately recognise and classify the hand gestures in given
test samples and therefore measurement errors experienced during dataset creation are

reduced.

5.1 Methodology
We use a markerless LM sensor that can be easily acquired by a user at low cost.

The LM can detect palm and finger movements. The tracking data, in the form of frames,

can be accessed using its Software Development Kit (SDK).

5.1.1 Architecture of the Proposed System

In our proposed framework, an input signal is acquired by use of the LM. The
customised application that operates in conjunction with LM software on a computing
device produces frames of data when it is run. After obtaining these frames of data,
extraction of direction vectors of all the finger bones is performed. We then obtain joint

angles for all the finger joints, and this forms the feature vector.

Once we obtain feature vectors for our dataset, we partition the dataset into
training and test samples. We then apply LDA and SVM on the training samples using
RStudio. After training, we then apply our trained model on test samples to observe to what
extent the model accurately classifies the gestures. Figure 36 illustrates the architecture of

our proposed framework.
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5.1.2 Signal Acquisition

To obtain meaningful recognition and classification of the performed hand
gestures, accurate knowledge concerning hand location and orientation is a prerequisite
[144-148]. LM is used to record finger joint angles for each of the performed gestures. In
order to obtain frames of data in form of direction vectors of the bones of the fingers, we
run the Java customised application with the LM SDK application simultaneously. We then
compute joint angles using direction vectors of the bones of the specified fingers. Details are

explained in Section 4.1, Chapter 4.

Training

Input

Acquisition Feature

through LM of a frame Extraction

¥
Implementation of Classification
LDA/SVM Using R

Y

Feature

Acquisition

—
through LM Extraction Detected

Gesture

of a frame

Testing

Figure 34: Architecture of the proposed system [53].

5.1.3 Description of the Feature Vector

The feature vector consists of all fourteen finger joint anglesi.e. P = 14 as
described in Table 9. Other parameters such as the angles between the fingers and palm
position can be considered as features. However, our experimental trials suggest that
including such features does not have a significant impact on classification accuracy.
Because of this, we limit the feature vector to a collection of 14 measured features, all joint

angles.
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5.1.4 Gestures Under Consideration

We have provisionally limited the number of gestures to 4 as depicted in Figure
37. In this figure, (a) is g; when the hand is open and the palm facing down, (b) is g, when
the fist is closed, (c) is g3 when the middle, ring, and little finger are closed, and (d) is g,
when the thumb and index finger are closed. This set of gestures can be updated as

necessary.

Table 9: Feature Vector.

Finger MCP Joint  PIP Joint DIP/IP Joint

Thumb y1 Y2
Index Y3 ya ys
Middle Ye y7 y8
Ring Yo Y10 yi1
Little y12 y13 Y14

(a) (b) (c) (d)

Figure 35: A set of gestures to facilitate gesture recognition using LDA and SVM.

5.2 Results and Discussion
The machine learning techniques described in Sections 3.3.1 and 3.4.1 have

been tested with a dataset of 600 samples. We begin this section with a description of how

we collected our dataset. Later, results of experiments are presented and analysed.

Hussein Walugembe PhD Thesis Page 100 of 145



Queen Mary

University of London

5.2.1 Dataset for Experiments

We created a dataset using an artist’s hand fixed above the LM. This is because
artist’s hand gives more accurate measurements than a human hand since it is good at

maintaining a required posture for as long as necessary.

We collected our dataset taking into consideration all four parameters as
described in Section 4.2.1. These parameters were elevation, lateral (side-ways)
movements, forward-backward positioning, and rotation; all relative to the LM. For
elevation, the artist’s hand was moved roughly between 5 to 30 cm. For lateral positioning,
it was moved approximately between 0 to 15 cm to the right and left of the LM middle
position. For forward-backward positioning, it was moved roughly between 0 to 10 cm to
the front and behind of the LM middle position. For rotation, the hand was in some cases
not rotated, ensuring that the palm was facing down while performing various gestures. In
other cases, it was rotated at slightly less or equal to 45°. The specified movements relative
to the LM are in the field of view (interaction area) of the LM and this reduces absolute
errors (AEs) as described Section 4.2.2. In addition, sensible rotations of a hand relative to

the LM reduce absolute errors also as discussed in Section in 4.2.2.

We collected 150 samples from each gesture, g1, g2, g3, and ga. Therefore, a total
of 600 samples were collected. We used 62.5% of 600 samples in training and the remaining
37.5% in testing. Usually when implementing machine learning techniques, data scientists
divide any dataset into a bigger proportion as a training dataset and a smaller one as a test
dataset in order to avoid overfitting and to ensure the trained models generalise well on

new observations (data patterns) that are not seen in a training dataset [34].

We employed two popular machine learning techniques, i.e. LDA and SVM, so
that our framework can learn about the errors in order to compensate for them. In our
previous work [34], we discovered that hand displacements away from the middle position
and significantly above the screen surface of the LM give rise to serious errors hence
resulting in inaccurate measures of finger joint angles. We therefore maintain the hand

close to the centreline of the LM.
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5.2.2 Results of Application of LDA to Recognise Hand Gestures

We present and analyse results obtained after applying LDA on our dataset.
Table 10 depicts the confusion matrix obtained for the LDA model on a test data samples.
The confusion matrix is a table layout that illustrates the performance of the two applied
machine learning techniques i.e. LDA and SVM on a test dataset. Our confusion matrices are
demonstrated in Tables 10, 11, 12 and 13. For example in Table 10, the total number of
gestures in category g1 is 58 (53+0+2+3) obtained after adding the four elements in the first
row of the table. The same addition operations are applied to obtain the total number of
gestures in category g2, g3 and ga in the second, third and fourth rows, respectively. Out of
58 gestures in category g1 in a test dataset, 53 were classified correctly and assigned g1 by
the LDA model. It misclassified 2 gestures and assigned them to gesture gz and misclassified
3 gestures and assigned them to category ga. Out of 59 gestures that are in category g, 55
are classified correctly and assigned g» by the LDA model. One gesture is misclassified and
assigned to category g1, and 3 gestures are further misclassified and assigned to category gs.
Out of 51 gestures that belong to category gs, 45 are classified correctly and assigned to g3
by the model. Six gestures are misclassified and assigned to category g,. Out of 57 gestures
that belong to category gs, 46 gestures are classified correctly, and 11 gestures are
misclassified and assigned to category gi. The model recognised 11 gestures of class ga as
those that belonged to class of gi1. This could be attributed to noise related issues during

data collection.

To compute the accuracy of each category of the four gestures, the number of
gestures classified correctly in a category is divided by the total number of gestures in the
same category. From Table 10, accuracy of g1 is computed as 53/58=91.4%, the accuracy of
g2 is 55/59=93.2%, the accuracy of gz is 45/51=88.2%, and the accuracy of g4=46/57=80.7%.
The overall accuracy of the LDA model is computed as a percentage of gestures classified
correctly in a test sample divided by the total number of gestures in the test sample. From
Table 10, the total number of gestures in the test sample is 58+59+51+57=225. Gestures
that are classified correctly are 53+55+45+46=199. Therefore, the overall accuracy of the

LDA model is 199/225=88.4%. A similar computational procedure is applied in Tables 11, 12
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and 13 to obtain accuracy of SVM models.

Figure 38 shows how the LDA model performed on each of the 4 gestures. The
model performed better on classifying g> with an accuracy of 93.2% while it performed
poorly on g4 with an accuracy of 80.7%. This can be attributed to noise and measurement

errors in the LM.

Table 10: Confusion Matrix for LDA Model.

Predicted

81 82 83 84

g1 53 0 2 3
Actual g2 1 55 3 0

g3 0 6 45 0

ga 11 0 0 46

5.2.3 Results of Application of SVM to Recognise Hand Gestures

We present and analyse results obtained after applying SVM models on our
dataset. We varied the SVM models using kernels. In Section 3.4.1, we described that SVM
enlarges the feature space efficiently using kernels. These kernels are linear, polynomial,
radial, and sigmoid. We shall use K when referring to kernel in our experimental results. We
first present confusion matrices for all our SVM models varied with four kernels in Tables
11-13. We note that the confusion matrix tables for SVM radial and sigmoid are exactly the
same; hence we present one table for both. All the four gestures are predicted in the same

way by the SVM radial and the SVM sigmoid model.

For all the confusion matrix Tables 11-13, the four SVM models almost agree on
the prediction of g, and gs. Only 6 gestures that were labelled as gz were classified as g2 and
only 3 gestures that belonged to g were recognised as gs. Furthermore, for the SVM linear
and SVM polynomial models, 9 gestures belonging to g4 were recognised as g1 and for SVM
radial and SVM sigmoid models, 11 gestures that belong to g4 were classified as gi. This

could be attributed to the fact that g1 and g4 have nine identical variables out of fourteen in
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their respective feature vectors and this applies to g2 and gz as well.

Accuracy Vs Gestures
100 T T

90 |
8o |
70r ]
60 1
50

1 2 3 4

Gestures

Accuracy (%)

Figure 36: Accuracy of each gesture by LDA model.

Table 11: Confusion Matrix for SVM, K = Linear.

Predicted
81 82 83 84
g1 54 1 0 3
Actual g2 1 55 3 0
83 0 6 45 0
ga 9 0 0 48

From Figure 39, linear and polynomial kernels perform relatively better
especially in recognising gesture gs4 than the radial and sigmoid kernels on our dataset. All 4
kernels recognise and classify gestures 1 and 2 more accurately than gestures 3 and 4. This
could be because, when performing gesture 3 and 4, finger occlusion is likely to be

experienced. This further contributes to measurement errors in the LM.
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We finally compare the accuracy of the two machine learning algorithms with a
baseline. The baseline is the accuracy obtained when we directly observe the test samples
and assign all the samples to the gestures they supposedly represent. We use a threshold of
joint angles for straightening and bending fingers. For example, for all straightened fingers,
all joint angles were less or equal to 30° and for all bent fingers, the joint angles were
greater or equal 60°. For example, a test sample with all the fourteen joint angles that are
equal or less than 30° is identified as g1 by the baseline. A test sample with the joint angles
for the middle, ring, and little fingers that are equal to or greater than 60° and the joint
angles for the thumb and index that are equal to or less than 30° is identified as gz by the
baseline. This is because all the fingers are straightened for gi1. For gz, the thumb and index
are straightened whereas the middle, ring, and little fingers are bent (see Section 5.1.4). This
similarly applies to g2 and ga. Out of 225 test samples, 151 satisfied the above baseline
criteria and this resulted in a baseline performance of 67.1%. It is challenging for the human
eye to obtain a greater accuracy since the four different gestures possess some similar
finger joint angles in their respective feature vectors. For example, g1 and g4 have nine
similar joint angles for little, ring and middle finger that stay straight when both gestures are
performed. The same applies for g; and gz where the two gestures have nine similar joint

angles for the little, ring and middle finger that are bent when both gestures are performed.

Table 12: Confusion Matrix for SVM, K = Polynomial.

Predicted

81 82 g3 ga

81 53 2 0 3

Actual g2 1 55 3 0
83 0 6 45 0

g 9 0 0 48
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Table 13: Confusion Matrix for SVM, K = Radial/Sigmoid.

Predicted

81 82 83 84

81 53 0 2 3

Actual 82 1 55 3 0
83 0 6 45 0

ga 11 0 0 46

Accuracy vs Gestures
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Figure 37: Accuracy of SVM for 4 Kernels on 4 gestures.

Figure 40 shows a comparison between the performances of all machine
learning models used on our dataset. We notice that all the models perform better than the
baseline approach, showing the benefit of applying these techniques on our dataset. LDA

and SVM radial and sigmoid models perform similarly. However, the linear and polynomial
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SVM models perform somewhat better than the others.

Accuracy Vs Algorithms

Baseline DA SVM-Lin SVM-Pol SVM-Rad SVM-Sig
Algorithms
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Figure 38: Accuracy of applied techniques compared to a baseline.

5.3 Summary
In this chapter, we illustrate our methodology for hand gesture recognition using

LDA and SVM. In the chapter, we describe architecture of the system, signal acquisition, and
the feature vector. In addition, we introduce the four different static hand gestures that we
consider during data collection. We implement LDA and SVM techniques so that our
framework can learn more about measurement errors in order to achieve better
compensation for these errors. All these techniques achieve an accuracy above 88.0%
compared to the baseline performance of 67.1%. This demonstrates the significant benefit

of employing machine learning techniques in this context.
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6 Comparing Dynamic Hand Gestures in LM Using MDTW

We explore the efficacy of performing a comparison between a dynamic hand
gesture that would be performed by a patient with a reference dynamic hand gesture that is
recommended by a physiotherapist using Multi-dimensional Dynamic Time Warping
(MDTW). MDTW quantifies how similar or different two dynamic hand gestures are from
each other [20]. In our approach, factors such as difference in duration of hand gestures,
rotation of hand, reasonable distance from LM sensor etc. do not have significant impact on
the performance of hand gestures (See Sections 6.2.2, 6.2.3, 6.2.4, 6.2.5, and 6.2.6 for

further information).

DTW can be applied to establish to what extent any two time-series are similar
or different. Both DTW and MDTW techniques utilise a distance metric between a query
time-series and a reference one and create a discriminating value: a low distance value
when the two time-series are similar and a high distance value when the two time-series are
different [22]. DTW is employed to measure the similarity between hand gesture orientation
trajectories [149], increase recognition accuracy by categorising hand movements [150],
compare the hand movement direction and estimate the difference, and hence reflects the

characteristics of the hand gesture direction [151], etc.

In this chapter we implement both DTW and MDTW, however there exist other
possible dissimilarity measures such as the Longest Common SubSequence (LCSS) [20, 37],
Edit distance with Real Penalty (ERP) [20], Edit Distance on Real sequences (EDR) [20, 38],
and Time Warp Edit Distance (TWED) [20, 39]. However DTW and MDTW have an advantage
since their implementation is simple and efficient. In addition, DTW and MDTW are superior
because it is not essential that both time-series being compared are of equal length as

required by typical distances and this behaviour is termed elasticity [20].

During MDTW implementation, we selected four dynamic gestures (See Section
6.1.4) that are similar to the hand gestures/exercises recommended by NHS (National
Health Service) physiotherapists [152-154] for patients recovering from rheumatology

related complications and those performing hand therapy related exercises. It is important
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to note that in [152-154], MDTW or any signal processing technique was not implemented
as done in this thesis. We have referenced these hand gestures to illustrate that this study

could be extended to a hand rehabilitation setting.

6.1 Methodology

6.1.1 Architecture of the Proposed System

We obtain an input signal when a hand is placed above the LM that is connected
to a computing device using a USB cable. On a computing device, the LM application and a
Java customised application are started simultaneously and frames of data that represent
palm and finger movements are displayed. We then calculate joint angles of the fingers
from the frames of data and, consequently, obtain feature vectors that represent various

dynamic hand gestures.

After obtaining feature vectors that represent both the dynamic query hand
gesture and the dynamic reference hand gesture, we apply MDTW on both feature vectors
and the minimum-distance value of a warp path is obtained. The minimum-distance value
signifies how similar or different the two hand gestures are. A low minimum-distance value
implies the two hand gestures that are compared are similar. On the other hand, a high
minimum-distance value implies the two hand gestures vary to a certain extent. Figure 41

illustrates the architecture of the MDTW comparison process.

6.1.2 Description of the Feature Vector

A dynamic hand gesture is represented using a set of fourteen measured finger
joint angles that evolve over time. The fourteen finger joint angles that constitute the
feature vector are illustrated in Table 14. Other features, e.g. the angles between the finger
and palm position, are sufficient to be included in the feature vector. However, we choose
to limit the feature vector to only finger joint angles since including other features does not
contribute a considerable change to the experimental results regarding our application of

MDTW.
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Dynamic Query Hand Gesture

Input Acquisition Feature
through LM of frames Extraction
¥

[ Application of MDTW J [ Minimum-Distance }

Using MATLAB Value of a warp path

Input Acquisition Feature
through LM of frames Extraction

Dynamic Reference Hand Gesture

Figure 39: Architecture of the proposed MDTW implementation set-up.

6.1.3 Robotic Hand

In order to simulate the repetitive nature of dynamic hand gestures and to
provide carefully controlled experimental conditions, we used a robotic hand during data
collection. In addition, compared to a human hand, a robotic hand permits gestures to be
performed frequently in a short time provided the movements of all the necessary servo
controllers are suitably programmed for a specific hand gesture. Furthermore, the dynamic
hand gestures are performed with minimum positional or temporal errors and this provides
a suitable working environment to reduce errors during experimentation. The robotic hand
was fitted with a glove so that it can be easily recognised by the LM. Figure 42 illustrates the

robotic hand performing a dynamic hand gesture.

6.1.4 Gestures Under Consideration

We have considered 4 different dynamic hand gestures. Dynamic hand gesture 1
is when a hand is performing a full fist gesture where all the five fingers move close to the
palm. Dynamic hand gesture 2 is where only the thumb and index move close to the palm
whereas the rest of the 3 fingers remain stationary. Dynamic hand gesture 3 is performed

when the middle, ring and little fingers move close to the palm whereas the thumb and
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index do not move. Lastly, dynamic hand gesture 4 involves motion of the index, middle,
ring and little fingers moving close to the palm whereas the thumb remains stationary.

Figure 43 illustrates two of these dynamic hand gestures.

Table 14: Feature Vector in the Experimental Set-up.

Finger MCP Joint PIP Joint  DIP/IP Joint

Thumb 0, 0,
Index 05 0, 05

Middle B¢ 0, Og
Ring Oy 010 011
Little 012 013 014

Figure 40: An illustration on how the robotic hand performs a dynamic

gesture.

These selected hand gestures or exercises are similar to those recommended by
Salford Royal NHS hospital [152] and Milton Keynes University NHS hospital [153] for

patients performing rheumatology related hand exercises. In addition, Derbyshire
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Community NHS Health Services [154] recommends similar exercises for hand therapy.

Gesture 1 Gesture 2 Gesture 3 Gesture 4

Figure 41: All the four hand gestures to facilitate implementation of MDTW.

6.2 Results and Discussion

6.2.1 Evaluation of MDTW

Here, we compare a particular hand gesture with itself, meaning the same
vector describing how the fourteen finger joints evolve over successive time frames is
compared to itself. When the comparison is completed, the minimum-distance value of a

warping path obtained is 0.0°. This is a perfect result since the similarity is 100.0%.

6.2.2 Comparing Different Gestures to a Reference Gesture

Here we designed 4 different hand gesture comparisons where in comparison 1
i.e. cf. #1, hand gestures 2, 3 and 4 are compared to hand gesture 1. In cf. #2, hand gestures
1, 3 and 4 are compared to hand gesture 2. In cf. #3, hand gestures 1, 2 and 4 are compared
to hand gesture 3 and finally in cf. #4, hand gestures 1, 2 and 3 are compared to hand

gesture 4.

From Figure 44, hand gesture 1 and hand gesture 4 are similar since a minimum-

distance value of 35.9° is obtained. Further, hand gesture 2 and hand gesture 3 experience
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the largest variation since a high value of minimum-distance of 248.5° is obtained. From our
experimental design, this makes sense since hand gesture 1 is nearly identical to hand

gesture 4 whereas hand gesture 2 can be regarded as the direct opposite to hand gesture 3.

6.2.3 Comparing Gestures at Varied Distances from the LM

In this experiment we considered four different configurationsi.e. D1is 5 cm to
the right of the centreline of the LM from the middle of the palm of the robotic hand
whereas D2 is 5 cm to the left. D3 is 5 cm in front of the centreline of the LM from the
middle of the palm of the robotic hand whereas D4 is 5 cm behind. During the execution of
a dynamic hand gesture, we maintained a moderate speed, a vertical distance of 15 cm from
the surface of the LM to the palm of the robotic hand, and the robotic hand was fixed in a

horizontal position with its palm facing downwards.

For comparison purposes, D1D2 implies the dynamic hand gesture performance
at D1 is compared with the dynamic hand gesture performance at D2. This notation is
applied to the remaining cases as well, for example D3D4 implies dynamic hand gesture

performance at D3 is compared with dynamic hand gesture performance at D4.

We choose a distance parameter as one of the parameters where a hand
performing gestures relative to the LM can experience measurement errors as recorded by
the LM. However, when the distances are relatively close to the LM, these measurement
errors are inconsequential. This has been discussed in Section 4.2.2 (b), Chapter 4. This
section considers experimental results where measurement errors in the LM are

investigated and characterised with respect to lateral distances from the LM.

From Figure 45, the minimum-distances range is from around 5.0 to 12.5°. These
are quite low values compared to minimum-distance values obtained in Figure 44 where we
compared dynamic hand gestures to a specific gesture. Hence positioning a reasonable
distance from the centreline of the LM to the middle of the palm of a hand does not affect

gesture performance significantly.
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Figure 42: Minimum-distance against gesture comparison.
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Figure 43: Varied distances for hand gesture comparisons.
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6.2.4 Comparing Gestures at Varied Speeds

In this experiment we arranged four different configurations, i.e. S1 is when a
dynamic hand gesture is performed at a moderate speed, $2 is when a dynamic hand
gesture is performed at a speed twice as fast as a moderate one, $3 is when a dynamic hand
gesture is performed at a speed three times faster than the moderate case and S4 is when a

dynamic hand gesture is performed at a speed four times faster than the moderate one.

For comparison purposes, $1S2 implies the dynamic hand gesture performance
at S1is compared with the dynamic hand gesture performance at S$2. This notation applies
to the remainder of the results as well, for example $354 implies dynamic hand gesture
performance at S3 is compared with dynamic hand gesture performance at S4. During a
dynamic hand gesture evaluation we placed the robotic hand at its centreline, maintaining a
vertical distance of 15 cm from the surface of the LM to the palm of the robotic hand, and

the robotic hand was fixed in a horizontal position with its palm facing downwards.

As illustrated in Figure 46, the minimum-distances range from approximately 3.0
to 11.0°. It is important to note that these values are in the same range as those obtained
when comparisons are made based on distances from the LM to the robotic hand (Figure
45). This implies variable speed of hand gestures does not significantly affect gesture

comparison performance.

6.2.5 Comparing Gestures when the Robotic Hand is Rotated

In this experiment we rotate the robotic hand while performing dynamic hand
gestures for four different scenarios, i.e. R1, R2, R3, and R4. R1 is when the palm of the
robotic hand is in horizontal position and facing downwards. R2 is when the robotic hand is
roughly rotated at 30° and its thumb facing upwards. R3 is when the robotic hand is roughly
rotated at 60° and its thumb facing upwards. R4 is when the robotic hand is in a vertical
position and its thumb facing upwards. During this dynamic hand gesture evaluation we
placed the robotic hand at its centreline, maintained a vertical distance of 15 cm from the

surface of the LM to the palm of the robotic hand, and maintained a moderate speed.
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Figure 44: Varied speeds for hand gesture comparisons.

For comparison purposes, R1R2 implies the dynamic hand gesture performance
at R1is compared with the dynamic hand gesture performance at R2. This notation applies
to the remaining results as well, for example R3R4 implies dynamic hand gesture

performance at R3 is compared with dynamic hand gesture performance at R4.

We choose rotation of a robotic hand as one of the parameters when
performing hand gestures relative to the LM to explore measurement errors as recorded by
the LM. However sensible rotations of hand gestures relative to the LM lead to insignificant
measurement errors. This has been discussed in Section 4.2.2 (d), Chapter 4 where

experimental results provide the measurement errors as the hand is rotated.

As shown in Figure 47, the minimum-distances range from approximately 4 to
14°. These minimum-distance values are in the same range as those in Figures 45 and 46.
However, it is important to note that the RIR2 comparison registers the lowest minimum-
distance values. On the other hand, RIR4 registers the highest minimum-distance values.
This may suggest that a physiotherapist should encourage patients to always avoid

unnecessary rotations of their hands.
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From the preceding analysis of the results, in regard to hand gesture
comparisons with the reference gestures, there is no significant concern about operating
with a reasonable horizontal distance from the LM to the hand of a user, sensible rotations
of the hand, and varying speed of gestures performed by different users as these factors do
not significantly affect the comparison performance. However, it is important to note that
we maintained a vertical distance of roughly 15 cm from the screen of the LM to the palm of
the robotic hand in all our experiments simply because, in our previous work [34], we

established that accurate LM readings are obtained around this height.

6.2.6 Detailed Comparison for Hand Gestures

Here we undertake a comprehensive comparison of dynamic hand gestures
performed in all the scenarios we have explained in Sections 6.3.3 through to 6.3.5i.e. at
various distances (D1, D2, D3 and D4), at various speeds (51, S2, S3 and S4), and at various
rotations (R1, R2, R3, and R4). Tables 15 to 18 record these comparisons for all of the four
dynamic hand gestures. All the minimum-distance values in these tables are measured in

degrees.

As illustrated in Table 15, the lowest minimum-distance value is 0.0° and the
highest value is 12.8°. From Table 16, it can be observed that minimum-distance values
range from 0.0° to 18.2°. In Table 17, the minimum-distance values range from 0.0° to 17.4°
and in Table 18, the minimum-distance values range from 0.0° to 18.8°. Zero degrees was
obtained when a dynamic hand gesture was compared to itself, and this is expected since
the similarity is 100.0%. On the other hand, other minimum-distance values are lower
compared to those obtained when comparison is made with different hand gestures. This
signifies the acceptable distance from the LM to the hand and indifference to speed of hand
gestures during performance of hand exercises. Sensible rotations of the hand also have

little impact on hand gesture comparison performance.
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Figure 45: Varied rotations for hand gesture comparisons.

6.3 Summary
In this chapter, we proposed, implemented and evaluated Multi-Dimensional

Dynamic Time Warping (MDTW) to establish how similar or different a query dynamic hand
gesture is in relation to a reference dynamic hand gesture. We described our methodology
where we presented the architecture of the proposed system, described the feature vector,
showing the robotic hand we used during experimentation, and described the gestures we

considered during experimentation.

Experimental results show that MDTW is robust in the way that it can distinguish
quite different hand dynamic gestures by yielding a high value of a minimum-distance
metric. Furthermore, the method is capable of producing a low value of a minimum-
distance if the dynamic hand gestures under comparison are similar. In addition, the results
show that when we compare a specific hand gesture with itself, we obtain a minimum-
distance value of 0.0°. This is a perfect result since the similarity is 100.0%. Furthermore,

when we compare two closely similar hand gestures, i.e. gesture 1 and gesture 4, a
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minimum-distance value of 35.9° is obtained. However, when we compare two quite
different gestures, i.e. gesture 2 and gesture 3, a minimum-distance value of 248.5° is

obtained.

In Section 6.2.6, a detailed comparison of the same hand gestures at various
reasonable distances, at various speeds, and at sensible hand rotations is performed. The
highest minimum-distance obtained is 18.8°. This implies that 35.9° is not acceptable when
the same hand gestures are compared. However, 35.9° is acceptable for different hand
gestures and this indicates that the two hand gestures being compared are similar as

illustrated in Section 6.2.2.

Table 15: Detailed Comparison for Hand Gesture 1.

Q u E R Y

D1 D2 D3 D4 sl s2 s3 s4 R1 R2 R3 R4

pl 00 58 64 62 64 73 59 61 74 71 113 9.9
p2 58 00 61 101 87 123 7.7 83 103 56 94 105
p3 64 6.1 00 122 64 88 11.2 93 10.2 116 7.8 93
p4 6.2 101 122 00 84 123 95 104 79 48 122 7.8
s1 64 87 64 84 00 49 91 55 103 124 94 126
s2 73 123 88 123 49 00 45 75 79 124 79 1238
s3 59 77 112 95 91 45 00 51 6.8 10.7 123 8.6
s4 61 83 93 104 55 75 51 00 75 91 39 118
R1 74 103 102 79 103 79 68 75 00 49 101 125
R2 7.1 56 116 48 124 124 107 91 49 0.0 55 125
R3 113 94 78 122 94 79 123 39 101 55 00 6.1
R4 99 105 93 78 126 128 86 11.8 125 125 6.1 0.0

m O 2 m X m m m X
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Q u E R Y
Dl D2 D3 D4 sl s2 s3 s4 R1 R2 R3 R4
pl 00 71 102 105 9.7 121 81 79 10.2 124 116 9.6
R D2 71 00 82 89 59 64 110 93 56 104 134 145
E bp3 102 82 00 92 73 91 124 8.0 115 136 124 7.4
F b4 105 89 92 00 152 148 79 124 164 14.7 113 149
E s1 97 59 73 152 00 25 75 95 159 68 17.1 103
R s2 121 64 91 148 25 00 89 96 121 7.0 6.2 140
E s3 81 110 124 79 75 89 00 36 73 114 84 163
N s4 79 93 80 124 95 96 36 00 182 9.2 75 134
c R1 10.2 56 115 164 159 121 73 182 0.0 55 7.5 105
E R2 124 104 136 147 68 7.0 114 9.2 55 00 69 96
R3 116 134 124 113 171 6.2 84 75 75 69 00 9.6
R4 96 145 74 149 103 140 163 134 105 96 96 0.0
Table 17: Detailed Comparison for Hand Gesture 3.
Q u E R Y
Dl D2 D3 D4 sl s2 s3 s4 R1 R2 R3 R4
pl 00 84 71 92 93 104 55 163 74 135 144 8.0
R b2 84 00 101 109 59 103 77 93 57 7.6 132 49
E b3 71 101 00 10.2 114 66 85 95 79 64 116 93
F b4 92 109 102 00 84 95 122 104 48 164 174 8.0
E s1 93 59 114 84 00 70 95 86 123 7.0 6.1 136
R s2 104 103 66 95 70 00 56 106 149 157 6.3 128
E s3 55 77 85 122 95 56 00 51 71 9.0 16.7 157
N s4 163 93 95 104 86 106 51 00 50 11.7 153 145
c Rl 74 57 79 48 123 149 7.1 50 00 40 85 116
E R2 135 76 64 164 70 157 90 117 40 0.0 36 106
R3 144 132 116 174 61 63 16.7 153 85 36 00 8.1
R4 80 49 93 80 13.6 12.8 157 145 116 106 81 0.0
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Q U E R Y
Dl D2 D3 D4 sl s2 s3 s4 R1 R2 R3 R4
pl 00 61 83 124 74 13.7 16.7 104 96 184 7.2 145
R D2 61 00 94 81 69 144 163 13.7 107 7.5 185 15.0
E b3 83 94 00 92 72 105 6.2 146 123 146 99 9.2
F b4 124 81 92 00 53 157 12.0 13.1 114 91 73 116
E s1 74 69 72 53 00 46 95 86 7.7 133 94 45
R s2 13.7 144 105 157 46 00 61 6.8 113 176 9.7 125
E s3 167 163 6.2 120 95 6.1 00 3.2 7.8 147 129 10.6
N s4 104 137 146 1311 86 68 3.2 00 188 134 146 12.1
c RL 96 107 123 114 7.7 113 7.8 188 0.0 4.6 105 13.6
E R2 184 75 146 9.1 133 176 147 134 46 00 7.1 8.8
R3 7.2 185 99 73 94 9.7 129 146 105 71 00 7.2
R4 145 150 9.2 116 45 125 106 12.1 136 88 7.2 0.0
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7 Applying PCA to Improve the Performance of LDA, SVM and MDTW

In Chapter 4, we have implemented PCA to reduce absolute errors in LM finger
joint measurements. However in this chapter PCA is implemented on datasets of LDA, SVM
and MDTW to improve the performance of LDA, SVM, and MDTW by selecting the best
combination of principal components (PCs) when forming feature vectors during the PCA

implementation.

7.1 Implementing PCA to Improve the Performance of LDA and SVM
We have used the same dataset as illustrated in Section 5.2.1 that was employed

to recognise static hand gestures using two popular machine learning techniques i.e. LDA

and SVM.

We apply PCA on the whole dataset and then employ LDA and SVM to recognise
static hand gestures. As described in Section 5.2.1, out of a total of 600 samples collected,

we used 62.5% of the 600 samples in training and the remaining 37.5% in testing.

7.1.1 Experimental Set-up to Improve the Performance of LDA and SVM Using PCA

We apply PCA to the raw dataset to see whether the performance of LDA and

SVM could be improved. The steps involved are described below.

Step 1: Our dataset is a matrix X that comprises of 600 rows (observations) and

14 columns (variables of finger joint angles).

Step 2: We input X in the R statistical package using ‘prcomp()’ function and
eigenvectors or principal components (PCs) together with their respective standard
deviations are obtained as output. From the obtained standard deviations, we compute the

variance that corresponds to each of the PCs.

Step 3: In our experiments, the R statistical package generated 14 PCs. From
these PCs, we formed three feature vectors as follows. The feature vector V; constituted 13
PCs after discarding PC1, V> constituted 13 PCs after discarding PC2, and V3 constituted 12
PCs after discarding PC1 and PC2. This implies PCA was implemented in three different
ways. PC1 had 68.0% of the total variability whereas PC2 had 25.8%.
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Step 4: We derive the PCA integrated dataset Y as
Y = XvvT (7-1)
where v is the transpose of V.

It is important to note that we had 3 different feature vectors i.e. V4, V2> and V3, hence giving
us 3 different PCA implementations. This resulted in three different PCA results i.e. PCA(1),
PCA(2), and PCA(3).

7.1.2 Results and Discussion Regarding the Performance of LDA and SVM Using PCA

Here we analyse how PCA performs regarding the accuracy of LDA and SVM
techniques. Accuracy has been defined and described in Section 5.2.2, Chapter 5. We
considered the overall performance of LDA and SVM on recognising the four static hand
gestures. As shown in Figure 48, there is an improvement in accuracy from 88.4% to 91.4%
after PCA(1) has been implemented on LDA. For SVM Linear, PCA(1) registered an
improvement from 89.7% to 93.6%, for SVM Polynomial, the improvement was from 89.3%
to 93.9%, for SVM Radial, the improvement was from 88.4% to 92.5% and for SVM Sigmoid,

the improvement was from 88.4% to 90.1%.

We registered a desired outcome regarding the improvement in accuracy when
selecting the feature vector used in implementing PCA discarded PC1 that contained 68.0%
variability. However when the feature vector selected discarded both PC1 and PC2 that both
contained 93.8% variability, the accuracy of LDA and SVM reduced greatly and from Figure
48, this is shown as the PCA(3) performance. PCA can only perform well if we select the right
feature vector i.e. when we discard the first principal component (PC1) and the rest form
the feature vector. Since PCA(1) registers a significant improvement compared to PCA(2)
and PCA(3), PCA can be employed to improve the accuracy of LDA and SVM in recognising

the static hand gestures.

7.2 Implementing PCA to Improve the Performance of MDTW
We have used the same dataset that was used in Section 6.3.2 to compare

dynamic hand gestures using MDTW. It is important to note here that we had four different

matrices each representing one of the four dynamic gestures. A description of this type of
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matrix can be found in Section 6.1.3. We then apply PCA on each matrix followed by

implementing MDTW as explained in the next section.

Accuracy Vs Algorithms
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Figure 46: PCA Performance on LDA and SVM.

7.2.1 Experimental Set-up to Improve the Performance of MDTW Using PCA

We apply PCA to the raw dataset to see whether the performance of MDTW
could be improved. The steps involved are described below.

Our dataset contains four matrices, each matrix representing one of the four
dynamic hand gestures. It is important to note that rows represent the joint angles, and
columns represent successive time frames. Since the steps are exactly the same as

described in Section 7.1.1 we shall only highlight the differences.

The first difference was that we had to transpose the matrices because originally
the variables (joint angles) were represented in rows. We also had to transpose other
mathematical terms in Equation (7.1) so that they suit the implementation of PCA with

MDTW accordingly. Such terms include V and p.
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As in Section 7.1, we had 3 different feature vectors i.e. V1, V> and V3 for each of
the dynamic hand gesture giving us 3 different PCA implementations. This resulted in three
different PCA results i.e. PCA(1), PCA(2), and PCA(3). In particular, Vi was obtained after
discarding PC1, while retaining the remaining 13 principal components. V> and V3 were also
obtained after discarding PC2 and PC3, respectively. Table 19 shows the percentage

variability of PC1, PC2, and PC3 for each of matrix i.e. each of the dynamic hand gesture.

Table 19: Percentage Principal Components Variability for each Gesture.

Gesture Percentage Percentage Percentage
Variability for PC1  Variability for PC2  Variability for PC3

1 76.4 16.4 6.8
2 75.3 16.4 6.8
3 76.7 16.4 6.9
4 76.7 16.4 6.9

7.2.2 Results and Discussion Regarding the Improved Performance of MDTW Using PCA

The lower the minimum-distance value, the better the MDTW performance is in
terms of establishing the extent of similarity of the two dynamic hand gestures. Overall,
PCA(1) registers more significant results compared to PCA(2) and PCA(3). This is because all
the minimum-distance values obtained by PCA(1) are lower compared to those obtained
before PCA is implemented. PCA(2) performs fairly well in obtaining lower values in
comparison to those obtained before implementing PCA. The only situation where a higher
value is obtained is during gesture comparison of G1 with G2 where a value of 39.7° is
obtained whereas the original value was 35.9°. PCA(3) registers three values out of six that
are higher than the original minimum-distance values. These three values are obtained
when gesture comparison was done between G1 with G2, G1 with G4 and G2 with G4. This
means the implementation of PCA(3) does not give us the desired results. Since PCA(1) is

capable of lowering all the minimum-distance values in comparison to those obtained

Hussein Walugembe PhD Thesis Page 125 of 145



Queen Mary

University of London

before PCA implementation, it is beneficial to implement PCA on the raw dataset of dynamic

hand gestures before employing MDTW to improve accuracy.

7.3 Summary
In this chapter, we implemented PCA to see if it could improve on the

performance of LDA, SVM and MDTW. We have noted that the feature vector should be
carefully selected after discarding one or more PCs. In particular, when we discard the first
PC and retain the remainder as the feature vector, the PCA implementation give us
significant results regarding an improvement in the performance of LDA, SVM and MDTW.
However, when we try to alter the feature vector by discarding other PCs, such as the
second and third one, the results were not as good as those when we discarded the first PC.
Therefore, for our experimental datasets, discarding the first PC in the feature vector proved

to be more beneficial than discarding the second, third or both.
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Figure 47: PCA Performance on MDTW.
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8 Conclusion

In this thesis, we have examined a low-cost device that can be used in a hand
gesture recognition framework although users with missing fingers or shaky hands are not
considered in this research. During the initial stages of the research, we noticed that
absolute errors are triggered by four parameters, i.e. elevation, lateral (side-to-side),
forward-backward, and rotation movements of the hand relative to the LM. We used an
artist’s hand placed above the LM. The artist’s hand is more accurate than a human hand in
performing static hand gestures as it can maintain a fixed position as long as is necessary.
We further describe the experimental set-up to study variation of finger joint angles with
errors, to determine whether absolute errors are consistent, and then to compensate for
absolute errors using PCA. We discovered that absolute errors are mainly experienced when
hand movements are away from the centreline of the LM. We proposed and implemented
PCA on the raw data in order to compensate for these absolute errors (AEs). AEs were
reduced by 37.5%, 28.3%, 33.0%, and 22.4% for the experimental results of elevation, lateral
(side-to-side), forward-backward, and rotation, respectively. The experimental results have

demonstrated that using PCA is feasible, allowing meaningful benefits to be obtained.

We then performed additional research and formulated a mathematical
problem for recognising static hand gestures. This problem formulation was further
extended to suit the application of LDA and SVM machine learning techniques. We
implemented LDA and SVM techniques so that our framework can learn more about
measurement errors in order to achieve better compensation for these errors. All these
techniques achieved an accuracy above 88.0% compared to the baseline performance of
67.1%. This demonstrates the significant benefit of employing machine learning techniques

in the context of performing hand gestures.

In a further research contribution, we proposed, implemented and evaluated
Multi-dimensional Dynamic Time Warping (MDTW) to establish how similar or different a
qguery dynamic hand gesture could be in relation to a reference dynamic hand gesture. The
approach is robust in the way that it can distinguish quite different hand dynamic gestures

by yielding a high value of a minimum-distance metric. Furthermore, the method can
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produce a low value of minimum-distance if the hand dynamic gestures under comparison
are very similar. Therefore, in the context of dynamic hand gesture comparison, a clear

distinction can be obtained between a query hand gesture and a reference hand gesture.

In the final part of our research, we applied PCA to investigate whether it could
improve the performance of LDA, SVM and MDTW. This was achieved on condition that the
feature vector was carefully selected during PCA implementation. This was executed in such
a way that, the first PC was discarded while retaining the remaining PCs to form a feature
vector. We further investigated altering the feature vector by discarding other PCs like the
second and third PC and the results obtained were not as good as those obtained when only
the first PC was discarded. Therefore, to obtain significant results in regard to improving the
performance of LDA, SVM and MDTW, careful PCs selection to form a feature vector proved

to be relevant when implementing PCA.

8.1 Future Work
In the future we would like to focus on our part of research where we

implemented Multi-dimensional Dynamic Time Warping (MDTW) to compare dynamic hand
rehabilitation gestures that would be performed by a patient relative to hand gestures
prepared by a physiotherapist. Although the four different hand dynamic gestures were
sufficient for the implementation and evaluation of MDTW, it would be desirable to extend
the number of gestures. In this research we were constrained by the robotic hand
performing only flexing and extending finger gestures. It was unable to execute complex
hand gestures like abduction and adduction of fingers. With the appropriate resources, we
could extend on the types of hand gesture examined by possibly employing a different
robotic hand that can perform abduction and adduction of fingers gestures. The benefit of
using a robot hand is two-fold. First it avoids the needs for ethical approval. Second it is able

to repeat gestures in a controlled manner.

Owing to limited time, we were unable to extend our research to a hand
rehabilitation setting. If we had extended our research, we could have recruited patients
with hand related injuries like those recovering from stroke. However, it would be

interesting to recruit both patients with hand related injuries and healthy individuals and
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evaluate how the two groups perform hand rehabilitation gestures. The obtained results
could provide significant benefits in the field of hand therapy where a physiotherapist can
generate more realistic feedback to the patient. However, this would require the
implementation of a suitable feedback mechanism so the patients could assess how well

they were performing the exercise and adapt their actions accordingly.

Finally, since the recognition rate in LM varies slightly depending on the speed of
hand gestures, this could also be an interesting area for future research. In their work [155],
it is reported that the LM is capable of recognising the user hand gesture precisely by
obtaining the fingertip position and direction details of the hand. Experimental results
demonstrate that implemented scheme can effectively solve the issues of reduction in the
recognition rate of the LM owing to the measurement errors attributable to finger overlap
[155]. In their research [156] they proposed and implemented a scheme to improve the
recognition rate of the LM. The recognition rate is hampered owing to the fact that
fingertips covered some part of the palm [156]. This made the part of the palm
undetectable to the LM sensor. Their approach was centred on data correction of the
fingertip direction by employing a Hidden Markov Model (HMM). By applying the Viterbi
algorithm, the palm can be more easily detected by the LM [134] hence improving the
recognition rate. The research work [155-157] could form the basis for further research

regarding variability in the recognition rate of LM.
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