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ABSTRACT

Upper limb loss can severely impede an individual’s ability to engage in daily activities.
Although advanced multi-articulated prosthetic devices allow individuals to partially regain
the functionality of lost limbs, the effectiveness of these devices relies on accurately sensing
voluntary movement intent. Conventional surface electromyography’s (EMG) inability to
capture voluntary activity from deeper muscle tissues and non-stationarity pose challenges
in real-life prosthetic functionality. Recently, sonomyography (SMG) has been explored as
an alternative to detect mechanical deformations of the muscle during dynamic voluntary
activities using ultrasound (US). Using brightness-mode (B-mode) US systems, standard
prosthetic control techniques such as gesture recognition and proportional control were suc-
cessfully demonstrated. However, the size of the US systems must be significantly reduced,
and relevant computational techniques must be developed to translate SMG for prosthetic
applications. Therefore, this work presents a systematic approach to designing and develop-
ing wearable ultrasound systems and computational techniques for controlling upper limb

prosthetic devices.

A computationally efficient Pearson’s correlation algorithm was used to quantify mus-
cle activity from global features of the B-mode US images. Next, regression models and
convolutional neural networks (CNN) were employed to demonstrate force prediction from
highly sparse US images. An approach to extracting anatomically relevant features from

sparse A-mode signals and a feature-free CNN, named SonoMyoNet, were proposed. A sys-
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tematic analysis of the effects of sparsity on force prediction indicated that US data from
eight channels could predict isometric force with accuracies > 90 % using regression models
and > 94 % using SonoMyoNet. Based on the findings, A wearable 8-channel US system
(OCTAvUS) and US transducers with optimized bandwidth were developed. OCTAvUS was
uniquely configured to eliminate the RF signal frequencies at the hardware level, thereby
obviating the need for high-speed digitization and reducing hardware complexity, storage,
and communication requirements. The developed algorithms were evaluated in real-time in
eight non-disabled individuals and two individuals with transradial amputation by conduct-
ing a real-time target achievement task involving proportional position control of multiple
gestures. The non-disabled participants achieved average success rates of 92.1 % whereas

participants with amputation achieved average success rates of 84.3 %.

This work systematically and comprehensively explores two critical aspects of SMG
or ultrasound-based human-machine interfaces, particularly for controlling upper-extremity
prosthetic devices. Firstly, the work presents a unique computational testbed for investigat-
ing the factors influencing the prediction accuracy of SMG-based joint kinematic prediction
algorithms. The sparse representation and the analysis developed in this work lay the foun-
dation for future ultrasound studies to leverage the outcomes for computationally efficient
and translatable SMG systems. Secondly, these findings drive the development of a frugal
and efficient wearable ultrasound-based muscle activity sensing hardware platform. This
work also opens new avenues and research opportunities for wearable SMG-based systems
in controlling assistive devices and investigations on understanding movement biomechanics

involving dynamic activities.

Keywords: Sonomyography, A-mode ultrasound, Wearable ultrasound, prosthetic con-

trol.




R

UL 3T BT JH I afad Bt e fafafirat o Terw 819 & emgar & 1R T 3 1ferd R wdh
7| gl 3ad §g-Scpeics URfeH fSarsy safaadl &1 @Y gU STl 31 BRIHd B ke
Y Y Y W IR BT SFARY T §, Afh 37 Iuavil ot yura=ficidr Wieses srieiar & 3R1e &l
P w0 J G IR AR Hall 81 IRURS Tag ST MR (EMG) BT T8 AUl &
SHdd! Y Wiass Tafafd & ghe § sramdr 3R TR-FRRd1 aRafas sitad &1 HHT Sriemar &
T O BT S 1 BT 61 H, eSS S (US) BT YT b TR Wiwse Tfafafiat & SR
ARl & i Ao &7 udl T & [dbed & 0§ FHITBT (SMG) B T 31 T8 2|
TECY-T1S (B-HIS) RReH $1 IUTRT I, AFS URACH a0 ddb-iieb ol S gTauTd ugaH
3R ST =0 & G adTgde UefRid fan | greliies, us e &1 3R ST & fasar
ST ART, 3R Trfeds Sy & fild SMG &1 3aTE A & oIt Ui HreeeHd dd-ie!
&1 fapRid foran ST a1feT | ST, U8 R SURT o1 TR Iuawunt &1 FRifad e o fore
T A1 SfegrT S RIeH SR HILRMA ddb-1d! Bl [eulled R 3R B Ria o & Ry e
IR e DD I TR PR 5 |

H-Ars guy Bfaal 3 afye faxivdrelt & TigaRkl ot fafafy o1 9 & R T FrgeRe
FHI U & TeHay TR T ITANT a1 7141 T | 39 9lg, fdd faxd gud sfadl § ad
&1 Yigsgaroft &1 UelRfd w7 & forg RIem Afed 3iR H-aIeu=Md =IRA "edd (CNN) BT SUTNT
feraT T | fave A- s Tl 9 =R &0 3 Uil faRivdrsh &1 Fetem & o te e et siR
T GAUT-Tad CNN, FSTIST AT SonoMyoNet &, TR fanal 7T AT | & &1 Hiqsaaroft o farerar
& UHTA! & Ueb oaiRyd fa=aur = Hapd faa fob 3113 o1efl & gud SeT IR Al &1 IudnT b
90% I YD FlHdT & AT SMSHACH ad o1 HITSIaTull B Fehell § 3R SonoMyoNet BT IUTNT
TP 94% T G TG & Y| st & MYR W, T Ug- Iy 8-I39d Uy Ren
(OCTAVUS) 3R 3G T dSfagy are Jud ¢ iRiSER fadmRid fhU T | OCTAVUS 1 BTS IR TR TR




RF e Siqficral &1 GHI B3 o forg fafRiy w0 8§ SIReR fobar T o1, o/l 3= 71fd arat
fSfTeeaRul Bt ST THIE 1 7T IR SIS AR Scad], HSRUT 3R HaR SHadadrs ol
%4 a1 a1 fawia Tenien &1 ardfas I9g | o6 TR-fawar afaddl ok grrfead
fames e ATl &1 afadl | B3 SRIRI & SfTgUTfae (U =0 E I3 Ue ardfas 97d ded Juaisy
ST BT GaTaT B Hedie foar a1 Tl TR-AmanT gfaHifia 3 92.10% @ 39d Jwhadr a3
BIRIC BT, Saifch Iy aral Ui vt A 84.3% H Sid Fheral &R g1 ot |

I8 P TAfYd 3R AUH T F THUHAST I7 eI S-3UiRd AFd-HH ety & o
HE@yU Ugqsi &1 el Hal 5, faRIT 0 ¥ HUL- ST HHH SUBRUN Bl R 3 & ferg | gady
Ugd, I8 B THUHH- TR ¥gad fhafes uidwamh tenien ot widwamh aéiear o
I HA aTel FRDI Bt g & ol T Mgl HIgeeAd Ceds Udd Hrdl gl 39 &1 |
faepRyd favet wfaffa SR e HrgeHd ¥U 3 $Yd SR SfdTe a9 THUHs e &
UROTTH &1 aTH I & ol Ui & SIS S feTql ol -iid [Ad g | T8 HTd TgrIdh IUHN
B AT A IR Tfa=ita il 8 e Harc IRl o &l JHegH & e ug=- a1 TauHs-
3 omferal & fore U IR SiR ST & SR i Wiadr 3|

PITS: THTIE] TS TGS, Ug=7 17 STl S, TRdee 79707/



Contents

CERTIFICATE i
ACKNOWLEDGEMENTS ii
ABSTRACT iv
List of figures xvi
List of tables xvii
List of abbreviations xviii
1 Introduction and Background 1
1.1 Introduction . . . . . . . . ... 1
1.2 Electromyography: From surface electrodes to implantable interfaces . . . . 4
1.2.1  Surface EMG-based myoelectric prosthetic control strategies . . . . 4
1.2.2  Invasive techniques for enhancing myoelectric control . . . . . . .. 8
1.3 Ultrasound imaging-based muscle activity detection . . . . . .. .. .. .. 11
1.3.1 Sonomyography for prosthetic control . . . . . . ... .. ... ... 13
1.3.2  Wearable A-mode ultrasound systems . . . . .. . ... ... ..., 16
1.4 Research gaps . . . . . . . . . . 19
1.5 Objectives of the research work . . . . . .. .. .. ... ... ... .... 20

2 B-mode Ultrasound-based Muscle Activity Detection and Drift Com-
pensation 22
2.1 Introduction . . . . . . .. ... 22
2.2 Experimental setup and methods . . . . .. .. .. oL 24
2.2.1 Experimental paradigm . . . . . ... ... L 25



CONTENTS ix
2.2.2  Pearson’s correlation-coefficient-based sonomyography signal . . . . 26
2.2.3 Data preprocessing . . . . . . ... 28
2.3 Dynamic characteristics of the sonomyography-based isometric force . . . . 28
2.4 Static characteristics of sonomyography-based force measurement . . . . . 30
2.5 Conclusion . . . . . .. 32

3 Feature-based Estimation of Isometric Force from Highly Sparse Ultra-
sound Images 34
3.1 Introduction . . . . . . . .. 34
3.2 Sparse sonomyography representation from B-mode ultrasound images . . . 34
3.3 Anatomically relevant A-mode signal feature extraction . . . . . . . . . .. 37
3.4 Regression models. . . . . . . .. 38
3.5 Isometric muscle force estimation . . . . . . .. .. ..o 41
3.6 Analysis of factors affecting force prediction performance . . . . . . . . .. 42
3.6.1 Effect of the number of transducers (N) . . . . . .. ... ... ... 43
3.6.2 Effect of the placement location of transducers . . . . . . . . . . .. 44
3.6.3 Effect of the number of peaks and peak width in A-mode signal 44
3.6.4 Effect of speckle noise in ultrasound signals. . . . . . .. .. .. .. 46
3.7 Conclusion . . . . . . . . 48

4 Feature-free Isometric Force Estimation from Sparse Ultrasound Im-
ages 49
4.1 Introduction . . . . . . . ... 49
4.2 SonoMyoNet architecture . . . . . . . ... o Lo 20
4.3 Analysis of the factors affecting force prediction accuracy . . . . . . . . .. 52
4.4 Conclusion . . . . . . .. L 56

5 Towards a Wearable Ultrasound Sensing System for Human-Machine
Interfaces 58
5.1 Imtroduction . . . . . . . . . 58
5.2  Wearable ultrasound system overview . . . . . . . ... ... ... ..... 59
5.3 Design of wearable SMG sensor array . . . . . . .. .. ... ... 29
5.3.1 Bandwidth characterization . . . . . ... ... ... ... ... .. 61
5.3.2 Impedance characterization . . . .. ... ... ... .. ... ... 63




CONTENTS

X
5.3.3 Lateral resolution . . . . . . .. .. ... o 64
5.4 Design of wearable 8-channel multiplexed ultrasound transceiver system . . 65
5.4.1 Transmitter section . . . . . . . .. ... oL 65
5.4.2 Receiver section . . . . . . . ..o 66
5.4.3 System functionality verification . . . . . . .. ... ... ... 67
5.4.4 Signal to noise ratio . . . . .. ..o 67
5.4.5 Data acquisition . . . . . . . ... 67
5.5 Dynamic muscle activity detection - a pilot study . . . .. .. ... .. .. 69
5.6 Conclusion . . . . . . . . 70
6 Single Sonomyography Sensor-Based Hand Gesture Recognition Across
Multiple Arm Positions 72
6.1 Introduction . . . . . . . . .. 72
6.2 Experimental setup and methods . . . . . . ... ... ... ... ... .. 73
6.2.1 Experimental protocol . . . . . ... ... L 73
6.2.2 Data processing . . . . . . . ... 74
6.3 Limb position affects on SMG gesture classification . . . . . . . .. .. .. 75
6.4 Conclusion . . . . . . . . L 7
7 Wearable Ultrasound Sensing-Based Positional Proportional Control for
Multiple Degrees-of-Freedom 79
7.1 Introduction . . . . . . ... 79
7.2 Experimental setup . . . . . .. ..o L 80
7.3 Generation of sparse ultrasound image frames from A-mode signals 81
7.4 Static characterization: Relationship between SMG signal and joint angles 82
7.5 Dynamic characterization: Proportional target achievement task . . . . . . 85
7.5.1 Successrate . . . ... 86
7.5.2 Movement time . . . . ... ..o 88
7.5.3 Endpoint error and stability . . . . .. ... 89
7.5.4 Pathefficiency . . . . .. .. .. 92
7.6 Validation with individuals with transradial amputation . . . . .. . . .. 94
7.7 Conclusion . . . . . . .. 99




8 Limitations, Future Scope and Conclusion 100

References 113
Appendix 113
List of publications 117

Biodata 119



1.1

1.2

1.3

1.4

1.5

1.6

1.7

2.1

2.2

2.3

List of Figures

Penfield’s homunculus-A map of the somatomotor representation of upper
limb and other body parts in the brain . . . . . . . ... ... ... .. ..

a) Body-powered prosthesis with a terminal grasper allows user control through
tension on the harness transferred via contralateral shoulder movements; b)
Bebionic hand by Ottobock, a multi-articulated prosthetic hand. . . . . .

Suface Electromyography, the electrical activity in the muscles indicating
neural activation can be measured by placing electrodes at the skin surface

The two popular myoelectric control strategies are a) Direct control and b)
Pattern recognition. (Reproduced with permission from Springer Nature [1])

Invasive procedures for prosthetic integration a) implantable EMG electrodes
(IEMS) [2](Adapted with permission from Elsevier), b) Targeted muscle rein-
ervation [3] ¢) Osseointegration [4] (Adapted with permission from Wolters
Kluwer Health, Inc.) . . . . . . . . .

Ultrasound imaging techniques. A-mode modality maps the amplitude of the
echo intensities along depth as a 1-dimensional signal. M-mode is employed
to visualize motion along a single scanline over a specified time interval. B-
mode imaging allows visualization of cross-sectional areas at a specific time
instant. . . . . L

Various configurations of A-mode ultrasound systems designed to achieve
wearability a) WMAUS [5] b) Miniaturized 4-channel system for prosthetic
integration [6] ¢) WULPUS [7] d) TDS-based wearable ultrasound system [8].

Experimental setup showing the ultrasound probe, hand dynamometer, and
an on-screen target achievement task. The dynamometer force output con-
trols the on-screen user cursor, allowing the subject to follow the target. . .

a) Pearson’s correlation coefficient based on SMG signal generation. b) Poly-
nomial detrending; and ¢) dynamic rest correction were used to compensate
for the baseline drift. . . . . . . ... ... oo

Time series plots showing a) dynamometer force output, b) sonomyography
signal and drift compensated sonomyography signal using c¢) polynomial de-
trending, and d) dynamic rest correction. . . . . . ... ...

Xii

11

12

17

23

27

29



LIST OF FIGURES

xiil

2.4

3.1

3.2

3.3

3.4

3.5

3.6

3.7

4.1

4.2

4.3

The relationship between normalized dynamometer force and sonomyography
signals during a) contraction and b) relaxation phases for a representative
subject. The sonomyography signal and measured dynamometer force had
an inverse exponential relationship. . . . . . . .. ..o

Generation of sparse ultrasound images. The intensities from sets of scanlines
(columns) of the B-mode ultrasound images can be considered as A-mode sig-
nal intensities received by a single-element transducer. The average intensities
indicate the A-mode envelope signals, which can be used as a one-dimensional
signal or sparse ultrasound images. . . . . . . .. ... .. ... ... ...

A-mode signal feature extraction. The peaks and their locations indicate
the presence of a target of anatomical relevance, and the mean and standard
deviation indicate the size of the target . . . . . . . . . .. ... ... ...

Time series plot of one representative subject showing the true dynamometer
force and the predicted force . . . . . . ... ... L.

Effect of number of transducers on prediction accuracy. An increase in the
number of scanlines and placement strategy significantly impacted the im-
provement in R? only when the number of transducers is <4 and had no
effect when four or more transducers were used. . . . . . . . ... ... ..

Effect of varying the number of peaks included from A-mode signal on the
force prediction accuracy. The number of peaks had a statistically signifi-
cant effect on the prediction accuracy. Gaussian procession regression model
outperformed other models with R? of 0.98 with just one peak. . . . . . . .

Effect of varying the ultrasound feature extraction window width on force
prediction performance. The window width did not have a significant effect
on the prediction accuracy. . . . . . . . ... oL

Effect of speckle noise on force prediction accuracy. The regression models
were trained with data uncorrupted by noise and tested with data corrupted
with varying degrees of speckle noise variance. All models remain relatively
unaffected by speckle noise levels up to 20dB. . . . . ... ... ... ...

Architechture of the feature-free CNN, SonoMyoNet showing the sparse ultra-
sound image as input and force prediction output. The SonoMyoNet consists
of three convolutional blocks of different filter sizes. Subject-specific training
optimizes the number of convolutions to achieve the best predictions.

Time series plot of SonoMyoNet predicted force and measured dynamometer
force for one representative subject (S1). 9-fold cross-validation resulted in
R? values 0.94 & 0.027, 0.93 £ 0.045, 0.93 & 0.044 for 4, 8, and 12 scanlines
having a width of 4.4mm width. . . . . . .. ... ... ... ... ... ..

Effect of number of scanlines (N) and scanline width (w) on force prediction
accuracy. N = 4, 8, and 12 scanlines and widths of 1.2mm, 2.8 mm, and
4.4mm were considered. . . . ... Lo L L

31

35

37

42

43

45

46

47

50

53

o4




LIST OF FIGURES

Xiv

4.4

5.1

5.2

5.3

5.4

9.9

5.6

5.7

5.8

5.9

a) Effect of scanline shift on R*. The SonoMyoNet was trained with images
without shift and tested with data in which randomized scanlines shifts rang-
ing from 0.4 mm to 2.4 mm were introduced. and b) Effect of speckle noise on
R?. The SonoMyoNet was trained with speckle noise-free images and tested
with images corrupted by speckle noise of different variances that degraded
the image PSNR from 63 dB to 33 dB. The shaded area indicates the standard
deviation. . . . . . .

Block diagram of the proposed wearable sonomyography system. The trans-
mitter section consists of a high-voltage pulser and an analog switch, allowing
eight-channel sequential operation. The receiver section is provided with the
LNA-VGA and envelope detector, significantly reducing the hardware com-
plexity of the conventional ultrasound systems . . . . . . ... ... ...

a) The fabricated transducers with backing layer and electrical matching net-
work b) The pulse-echo characterization setup consisted of an acrylic reflector
in a container filled with water with transducers facing parallel to the reflec-
tor's surface. . . . . . ...

(a) - (f) Plot showing the time domain and frequency domain responses for
transducers without and with backing layer and matching network. g) The
effect of the amount of tungsten powder on bandwidth and radial mode peaks.
A bandwidth improvement and dampening of the radial mode vibrations were
observed with an increase in Tungsten in the backing layer composition com-
pared to an undamped transducer. . . . . . .. ...

a) The magnitude and b) phase plots of the impedance characterization of
the bare transducer, with backing, backing, and electrical matching. . . . .

a) The imaging capability of the transducer was characterized by imaging a
6 mm stainless steel rod phantom, b) a full-width half maxima of 2.3 mm was
obtained with the fabricated transducers as opposed to c¢) standard trans-
ducer. . . . .

The hardware components used to implement the proposed wearable system.
The image also shows the assembled wearable ultrasound system (OCTAvUS)
and the power supply module. . . . . . . ... ... ... .. ... ... ..

High voltage excitation pulse, A-mode signal at LNA-VGA and A-mode en-
velope from the enveloped detector . . . . . .. ... .. .. ... .....

M-mode ultrasound data from a single channel during six different gestures
acquired using the implemented system. . . . . . . .. ... ... .. ...

The eight-channel data recorded from a single participant was used to per-
form discrete classification using a linear discriminant classifier. Mean and
standard deviation features were extracted from the A-mode envelope signals
acquired in MATLAB . . . . . . . . . . .

o6

59

60

61

63

64

66

68

68

70




LIST OF FIGURES

XV

6.1

6.2

6.3

7.1

7.2

7.3

7.4

7.5

7.6

7.7

7.8

7.9

7.10

Single channel ultrasound transducer was placed on the medial side of the
forearm. Five gestures, namely, hand relaxed (HR), hand closed (HC), index
point (IP), tripod grip (TG), and wrist rotation (WR), were performed at
three limb positions: P1: arm at 90° at the elbow, P2: arm downwards, and
P3: arm raised overhead. . . . . . . . .. ..o oo

Classification accuracies for all the classifiers. The average classification ac-
curacy was greater than 93% for all the classifiers. . . . . . . ... ... ..

Confusion charts of different classifiers. The charts show average (+ standard
deviation) inter and intra-class misclassifications at different limp positions
for LDA and SVM with non-linear Gaussian kernel . . . . . . ... .. ..

a) Experimental setup showing the user instrumented with a custom 8-channel
SMG sensor connected to a commercial ultrasound pulser-receiver system
and a virtual target achievement task. b) A-mode signal preprocessing, the
preprocessed A-mode signals from all eight channels were arranged row-wise
to form a sparse ultrasound frame. ¢) Generation of cursor control signal by
quantifying the gesture position using Pearson’s correlation coefficient.

Relationship between MCP joint angle and SMG signal for three gestures with
the sensor array placed at proximal and distal locations on the forearm. Plots
show the best R? values obtained for each gesture at each sensor position. .

The movement trajectories of a representative participant for a target pre-
sented at 0.6 achieved using all gestures. . . . . . . . . .. ... ... ...

Success rates achieved with different gestures at each position for three target
widths. The participants achieved higher success rates with a target width of

I5%. o

Example of user trajectory and presented target. The outcome metrics,
namely, movement time (7,,), endpoint error, stability, path efficiency, and
maximum velocity, were calculated from user trajectory.. . . . . . . . . ..

Movement times achieved for different gestures for all target positions and
target widths. A significant reduction in movement time can be seen when
easier targets (15% target width) were presented. . . . . . ... ... ...

Endpoint errors for each gesture at all target positions and widths. Endpoint
errors were within 5% of the range. . . . . . . ... ... ... .. .. ...

Endpoint stability for each gesture at all target positions and widths. The
standard deviation of the jitter was within 5% of the range. . . . . . . . . .

Path efficiency of the user trajectories for all target positions and widths for
all gestures. . . . . . Lo

Maximum velocity derived from the user trajectories for all target positions
and widths for all gestures. Maximum velocity scaled linearly with target
distance. . . . . ...

74

76

7

82

83

85

87

87

88

90

91

93

94




LIST OF FIGURES xvi

7.11 Success rates of two individuals with amputation for all four grasps. The par-
ticipants achieved average success rates of 84 (4+5) % and an average move-
ment time of 5.8 (£2.3)s across all gestures . . . . .. ... ... 95

7.12 Endpoint error and endpoint stability at all target positions for all gestures.
The average error and the standard deviation of the jitter was within 5% of
the normalized range . . . . . . . .. ..o 96

7.13 Path efficiency and maximum velocity derived from the user trajectories for
all target positions for all gestures. Maximum velocity scaled linearly with
target distance. . . . . . ... 96




1.1
1.2
1.3

2.1
2.2

4.1

5.1

7.1

7.2

7.3
7.4

7.5

List of Tables

B-mode ultrasound-based prosthetic control strategies . . . . . . . . . . ..
Existing wearable A-mode systems . . . . . .. .. ... .. ... .. ...

A-mode signal features . . . . . ..o

Demographics of study participants . . . . . . .. ... .. ... ... ...

Inverse-exponential model fitting coefficients a,b, and ¢ (mean + standard
deviation) and R? values for all the subjects . . . . .. .. ... .. ....

Comparison of SonoMyoNet with Regression models . . . . . . . . . .. ..
Impedance characteristics of the fabricated transducer . . . . . . . . .. ..

Mean and standard deviation of R? values obtained for each gesture at prox-
imal and distal positions across all subjects . . . . . . ... ... ... ...

Comparison of existing EMG and SMG-based proportional control strategies
with this work . . . . . . . . .

Demographics of transradial amputees . . . . . . . . ... ... ... ..

Comparison of average outcome metrics of non-disabled and trans-radial am-
putee individuals . . . . . .. ...

Comparison of average outcome metrics of individuals with transradial am-
putation . . . . ..o e e

xXvii

14
17
18

24

32

95

64

84

92
95

98

98



List of abbreviations

EMG  Electromyography

DOF Degree of freedom

SMG Sonomyography

A-mode Amplitude-mode

M-mode Motion-mode

B-mode Brightness-mode

PZT Lead zirconate titanate

PVDF  Polyvinylidene fluoride

MVIC  Maximum Voluntary Isometric Contraction
CNN Convolutional Neural Network
PRF Pulse repetition frequency
LNA Low noise amplifier

VGA Variable gain amplifier

TGC Time gain compensation

xXviil





