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ABSTRACT

Ultrasound imaging is a widely used medical imaging modality to visualize several struc-
tures and tissues inside the human body. It has proven effective in several diagnostic and
therapeutic procedures. It has several advantages over other imaging modalities, such as
Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and X-rays. It is rel-
atively inexpensive, radiation-free, and provides real-time feedback. However, the manual
ultrasound imaging procedure has a few disadvantages. One significant drawback is its de-
pendence on the experience and skill of the sonographers. But, expert availability is limited
in rural and underserved regions. This limits the accessibility of ultrasound imaging for pa-
tients in these areas, leading to delayed diagnoses and potentially poorer health outcomes.
The emergence of COrono VIrus Disease 2019 (COVID-19) pandemic further exposed the
disadvantages of manual ultrasound procedure, which poses a risk of virus transmission to
both sonographers and patients due to direct physical contact. Further, sonographers often
end up having musculoskeletal disorders due to challenging postures and repetitive probe
motions involved in ultrasound acquisitions. These issues emphasize the need for robotic

automation of ultrasound procedures.

Robotic Ultrasound System (RUS) is an important alternative to manual ultrasound
procedures. RUS can broaden the pool of skilled sonographers, enhance the safety of health-
care workers during pandemics, and improve the accessibility of ultrasound in rural areas
where experienced sonographers are scarce. However, the realization of RUS poses a crit-
ical challenge. It requires precise control of probe maneuvers in high-dimensional space
over the patient’s body while effectively interpreting complex ultrasound images, similar
to the perception-to-action skill of an experienced sonographer. This thesis addressed this
challenge by developing a RUS that incorporates the domain expertise of sonographers in
multiple forms. First, an Expert-supervised RUS (E-RUS) is proposed that enables an
expert sonographer to conduct the procedure from a remote station. This system also incor-
porates a novel robotic gripper that enables autonomous gel dispensing, making ultrasound

scanning fully remote. Then, deep-learning-based models for UltraSound Image Quality
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Assessment (US-IQA) are proposed, which are trained using a dataset of ultrasound images
labeled fully or partially for quality by expert radiologists. Finally, an autonomous probe
controller is developed using a Bayesian Optimization (BO) framework to efficiently search
for high-quality images within the scanning region. This framework incorporates the ex-
pert’s prior knowledge of probing techniques in the form of Gaussian Process (GP) model
priors and kernels. The GP model is gleaned from experts’ demonstrations of high-quality

probing maneuvers by E-RUS and image quality feedback by the US-IQA model.

The feasibility study of E-RUS was conducted with 21 human trials at All India Insti-
tute of Medical Sciences (AIIMS), Delhi. The results demonstrated a P-value of less than
0.05 when comparing E-RUS and manually acquired ultrasound images. The system also
achieved a gradual improvement of NASA-TLX test parameters and high acceptability on
a questionnaire survey of doctors and volunteers. The US-IQA models were validated using
ultrasound images of the human urinary bladder. The results showed that the prediction of
image quality by these models closely aligned with the manual rating of expert radiologists.
These models also surpassed the accuracy of the state-of-the-art models by 5-20%. The ex-
periments on urinary bladder phantoms were conducted to validate the autonomous probe
controller. The proposed framework acquired a high-quality image in relatively low 5-10
steps and sampled 50-60% more high-quality images than the standard BO. These results
demonstrate the effectiveness of incorporating domain expertise for realizing an effective

RUS.

Keywords: Robotic Ultrasound, Teleoperation, Gripper design, Image quality assessment,

Probe controller, Deep learning, Machine learning
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AR

SICCRATSS BIGHTHT Ueh eI | Ugeh e BfemET Al & ST AMa IRR o iR g HRe131
3R @l P GRIAF M & folg 8t 81 SO B a1+ SiR fafdearete uftharer & wordt
IS 89 T HRT {61 81 S99 31T siamaT ffa S #ufcs Ree SRS (MRI), FRIcs
SR (CT), 3R - & o1 A oS o &1 I8 O], fAfomur-Teh 8, 3R ardfds w91
TICRITE UST -l 81 BIeTiids, HTel JfeciIes BiaHET Uihdl H $8 THRIHD Usel 8| T
Tecaqul FHHT SHD AR Bl 9T iR Dierel TR (A¥RaT g1 otfde, it iR Jar 6t Sxaws
gl TSt SucteddT AT 21 ST 37 &1 & AMRAT o oY SIS BIHMET b Ugar H I
ot 8, o &R | e iR Sv1faa o | F9RY & aRumT J &+t &1 el &1 PRI JRRE I
2019 (COVID-19) FEMRI & 3T o HI3TeT SeCRITSS UfhdT Bl THRIHS Uselall dl iR off
T SR 8, S AT &R AR & e e ariRes Fud o HROT AR & TR HT GeRT UaT
PRAT 2| SHD 3T, AR AR AeCRISS oAl § ARG B J gAdgul fRfar ik
TRERT &1 T & BROT AU -Fe ST BRI &7 A a8 F e SfecRaes ufharatt
&I A TeaTe DI AR P ARSR F B

RAeifee ecrESe AR (RUS) H3d Jfecads fshamatl ol #ecaqul fdeed 81 RUS #3
&I GTRT AR & Tfg PR Fbdl 8, TFINAT B QR TR T HAT DT & DI
IGAT < Fohdll &, 3R I &1 H TGS HI Ugd Pl ¢l Habdl & 98l STgIa! ARHTHY bl HH!
1 ETetifcs, RUS &1 quft & AT -1 U hiS gl &1 SHH 7RIt & SRR IR WIS o URare &
IS T FEl PR IR S eSS Bl BT Thaldgdd SRl B P AT &,
S U ST TR i T —H—ThaT ierel & T9H g1 39 8 7 39 gAldt &1 9T
R & folT T RUS T faepr bt & ST AT o &1 S I &g Sl H QTS T 2| Uge,
Ueh faeysi- R RUS (E-RUS) & IRTId 8 fOI=Y Uep faeivst SMTos &l i 3%l T
& Ufha o1 TaTer v 6t g gt 1 39 e H ta 93 Jafed AR onfiet 8 S Taad &
3 Siet fITRUT R &1 &R TR -l &, OEd STeCTSS i 4ut ok 3 3%l 8l 9K & 4,
eSS Bl Bl ura &l e (US-IQA) & foiu Tadt Hikg—ferarm smamRd Hisel wgd
fo o 8, o v fadwe Yeanaiifone gR1 @ a1 &iifees quran & & Rifgd segess
B % STRIT o1 TN axd Tfifad far w1 81 3 ¥, t& T uie e fAefad e
T & o 9fSr afifeeaTgsied (BO) @i Sa-faria T R g 9307 & folt et s &t

vii
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QIS & Ay faman ST 81 I8 gfar THSIERY YR & ARG & gdsie @ A1faae ufshar (GP)
AiSa U 3R Fricd & v J Ml g1 GP dSel B-RUS §RT I=-Tuia< & W yafaai &
TGIUC <@ 3R US-IQA Afed gRT Bfd ured ufaufaferar 6t e ¥ a1 faar m 2

E-RUS & thiafaferdt sregas a1 alter it e Sxdicee it Afead argent (AIIMS),
el J 21 Ara uRierort & e foham i1 aRUmT 1 foRgm 6 $-3TRIUH IR HYTe eSS
Bl 6t Jorrt § F-Te& 0.05 | 9 BT RO T drar 2| e 7 F1-SeeTga™ qRie
IRl § ofR-dR gur iR Sfacd iR Fgvast & Gdamr § 9 TP Ud Hl US-IQA
Hieed $l AFIAT AHd AR D AcCRISS BIAIl Bl IUIN R FAMUT Dbl 7| GROMAT =1
faEm fob 37 Hieed SRT B UrET &7 @A HIoEr JS3Maiored &t H=gafet T & A1y
T SetdT 1 3 Aised STt Adhriid & Aise™d HI Tadl Dl 5-20% U e I IR v &
TR therd IR WA by Y TRIRT A Tacid Wie (483 ! Aaet o & folg fhy U1 oegd o
5-10 HSAI § U I JUET BId BRI PRl & 3R AFD 131 F 50-60% IS I9 Jura
Bl 1 Jua BT 81 I IRV 3 @ 8 fob U Ut RUS &1 O & & folg & S ot
ST R bl &TFTT BT TTel SUART AT |
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2D

3D

6D
AIIMS
AMI
A-RUS
ARI
AUC
BN
BO
CCE
CDF

COVID-19

CT
CPU
DEC
DH

DL

DoF
D-CNN
EI

EK
F-RCNN
FAST
GMM
GMR
GP

ABBREVIATIONS

Two-dimensional

Three-dimensional

Six-dimensional

All India Institute of Medical Sciences
Adjusted Mutual Information
Autonomous Robotic Ultrasound Systems
Adjusted Random Index

Area Under the Curve

Batch Normalization

Bayesian Optimization

Categorical Cross-Entropy
Cumulative Density Function
COrono VIrus Disease 2019
Computed Tomography

Central Processing Unit

Deep Embedded Clustering
Denavit—Hartenberg

Deep Learning

Degrees-of-Freedom
Deep-Convolutional Neural Network
Expected Improvement

Expert Kernel

Faster Region-based Convolutional Neural Network

Focused Assessment with Sonography in Trauma
Gaussian Mixture Model
Gaussian Mixture Regression

Gaussian Process

Xviil



Grad-CAM Gradient-weighted Class Activation Mapping

GQR Gaussian Quality Region

HDBSCAN Hierarchical Density-Based Spatial Clustering of Applications with Noise
HMI Human-Machine Interface

HQR High Quality Region

1CC Intra-Class Correlation

IoU Intersection over Union

IQE Image Quality Estimators

IRL Inverse Reinforcement Learning
KG Knowledge Gradient

KL Kullback-Leibler

L-BFGS Limited memory Broyden-Fletcher-Goldfarb—Shanno
LCB Lower Confidence Bound
L2GSoP Local-to-Global Second order Pooling
LSTM Long Short-Term Memory

LuQv Left Upper Quadrant View

MAP Maximum A Posteriori

MSE Mean Square Error

MS Multi-Scale

MRI Magnetic Resonance Imaging
M-US Manual Ultrasound

NMI Normalized Mutual Information
PCA Principal Component Analysis
PDF Probability Density Function
pHRI physical Human-Robot Interaction
PI Probability of Improvement

PP Pre-Processing

PPE Personal Protective Equipment
PT Pre-Training

PV Pelvic View

RAM Random Access Memory

RBF Radial Basis Function
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XX

ReLU
ResNet
RGB-D
RFC
Rol
ROC
ROS
RL
RUS
RUQV
SC
SOTA
SGD
SSIM
TEE
TLX
T-RUS
t-SNE
UMAP
UB
ucCB
US-IQA
VAE
ZNCC

Rectified Linear Unit

Residual Network

Red Green Blue-Depth

Random Forest Classifier
Region-of-Interest

Receiver Operating Characteristic
Robot Operating System
Reinforcement Learning

Robotic Ultrasound Systems

Right Upper Quadrant View
Silhouette Coefficient

State-of-the-art

Stochastic Gradient Descent
Structural Similarity Index Measure
Transesophageal Echocardiog

Task Load Index

Tele-Robotic Ultrasound System
t-distributed Stochastic Neighbor Embedding
Uniform Manifold Approximation and Projection
Urinary Bladder

Upper Confidence Bound

UltraSound Image Quality Assessment
Variational AutoEncoder

Zero Normalized Cross Correlation
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SYMBOLS

The important symbols are listed here in alphabetical order. Notational rules followed in

this thesis are as follows:

o Matrices are in boldface upper-case letters.

o Column matrices, algebraic vectors and arrays are in boldface lower-case letters.

o Scalars are in light face letters.

Latin letters

Link length (DH Parameter) associated with link 4
Joint offset (DH Parameter) associated with joint i
Scanning region

6 x 6 Desired Damping matrix

i'" Residual Block of ResNet network

Covariance matrix

6-dimensional pose error vector of robot
3-dimensional force error vector of robot
3-dimensional desired force vector of robot
3-dimensional force vector of geomagic haptic device
3-dimensional force vector of robot

Residual function

Identity matrix of dimension n x n

Ultrasound Image

6 x 6 Desired Stiffness matrix

Binary cross-entropy loss for segmentation network
Dice coefficient loss for segmentation network
Jaccard index loss for segmentation network

6 x 6 Desired Inertia matrix

XX1



xXxii

(=)

3-dimensional orientation vector of geomagic haptic device
3-dimensional orientation vector of robot

3-dimensional position vector of geomagic haptic device
3-dimensional position vector of robot

6-dimensional pose vector of robot or robotic probe consisting of
3-dimensional position vector & and 3-dimensional orientation vector o
Predicted probe pose

Probe poses vector of dimension n

Diagonal matrix where each diagonal term is the power of Eigenvalue
represented by p(\)

Image quality feature map

Image quality feature vector

Image quality value

Quality values vector of dimension n

Best observed image quality so far during optimization
Expert-defined ultrasound image quality score

Segmentation-based ultrasound image quality score

Smoothness coefficient

Sampling time period

i'" Eigenvector

Orthogonal matrix whose i column is eigenvector u; corresponding to
eigenvalue \;

3-dimensional linear velocity vector of geomagic haptic device

i'" channel weighted dimension feature volume

it" channel weight vector

3-dimensional image feature volume

Predicted mask of ultrasound image

Ground-truth mask of ultrasound image

Latent variable of latent space in VAE

Identity vector

© 2024, Indian Institute of Technology Delhi



xxiil

Greek letters

A, O, Oy

Q;

Scaling factors for roll (¢), pitch (6), and yaw (1), respectively
Twist angle (DH Parameter) associated with link ¢

Velocity scaling factor

Offset factors for roll (¢), pitch (0), and yaw (1), respectively
Exploration-exploitation trade-off parameter

Expert’s prior

Kernel matrix of GP

Expert’s Kernel matrix of GP

Eigenvalue

Diagonal matrix of eigenvalues A

Log-marginal likelihood function

Mean function

Normal distribution with mean p and variation o

Probability density function

Cumulative density function

Joint angle (DH Parameter) associated with joint i

BO hyperparameters consisting of overall variance o,, noise variance o,,,
and length scale [

Output of the neural network for modeling expert’s kernel

ReLU activation
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