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Abstract

Animals excel at sensing the world around them, thereby making choices that best ensure their sur-
vival. The same is true for humans; from the moment we open our eyes each day, we are constantly
receiving and processing the world’s information, making decisions based on what we gather. Sensing
the environment effectively is the starting of intelligence, allowing an entity or a robot to indepen-
dently initiate actions. In this thesis, developing an effective algorithm to perceive and interpret the
surrounding basic signals is the main topic.

The most basic signal widespread in the nature is the one-dimensional signal. From sound waves,
electric and biological signals, to the earthquake signals and the temperature, one-dimensional sig-
nal represents the variations of a single parameter over time, which is a fundamental aspect of many
natural and human-made processes. The typical one-dimensional signal in medical domain is the
ultrasound (US), which is widely used for the non-invasive diagnosis. Among all US techniques, the
A-mode type receives less attention because the one-dimensional raw signal is difficult for human to
interpret. However, besides B-mode’s non-invasive advantage, A-mode US is smaller, more conve-
nient, and easier to use, showing the potential to not only be installed on the robotics system for the
intelligent perception, but also having the practical values for patients’ daily portable and wearable
care, reflecting disease status in daily time.

In this master thesis, the ultrasound raw data will be revisited and explored using deep learning to
unveil the unique features useful for medical and robotics applications. The exploration started from
bone detection to muscle activity monitoring by interpreting raw US signals. The results showed high
accuracy thanks to the universality, generalizability and robustness of the proposed deep-learning ap-
proaches, which is also inspiring for the intelligent robotics perception. More attempts were made to
define the weakness and scope of the technical performance, providing a clearer vision for the broader
application in more robotics domains of future developments.
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1 Introduction

1.1 Research Questions

Nowadays, although different types of artificial intelligence (Al) theories, robotics systems and ap-
plications have been built and developed, a truly human-like robotics that can perceive the world for
its own intelligence to naturally interact with the environment is still lacking. The main reason is that
the whole pipeline of a life form, from the intelligence start to the end-effector movement, is still not
clear and very difficult to transform to the real robotics system. If such an intelligent robotics can be
built, it should first have the efficient perception capability to grasp the surrounding signals and infor-
mation. The most basic signal widespread in the nature is in one-dimensional, such as sound waves,
electronic signals, and bio-signals. This is because the time works as the independent variable for al-
most all the dynamic systems. Its pervasive nature offers a direct and efficient tool to comprehend the
dynamics of physical and biological systems. Thus, this type of singular dimension forms the core of
how we understand and interact with the surrounding world. Similarly, the better understanding and
perception of the one-dimensional signals enable robots to grasp all sorts of information to facilitate
their decisions and actions.

In the medical domain, one typical one-dimensional signal is the ultrasound (US), which was used
widely as a non-invasive and safe diagnosis device. Although the B-mode US and its two-dimensional
results visualization are widely used currently, the B-mode US results actually could be regarded as
the combination of many A-mode ultrasound’s results. The better understanding and intelligent pro-
cessing of A-mode US raw data not only decrease the B-mode US cost and the device size, but also
help to integrate the small size A-mode probe on the robotics arm or exoskeleton for more efficient
surgery navigation or daily biometric data tracking of patients. Therefore, processing and interpreting
the A-mode US signals intelligently not only have its value in the biomedical and robotics domains,
but also inspire people to build a truly intelligent robotics that can process and interpret the similar
types of one-dimensional signals in the surroundings.

To analyze and interpret the A-mode US raw signals from the intelligent robotics perspective, several
questions need to be answered:

(1) Can this signal reflect the actual positions and track the movement of the subjects?

(2) What is the range and scope of this perception when it has a high accuracy, and what
components in this method really take effects?

(3) When doing the (1) and (2), can it still classify and recognize different types of signals so
that it can have a grand view of the subjects for a complete perception?

(4) Can this capability of interpreting one-dimensional signal be integrated with other forms of
signals for a more complex but useful system development?

In the following, each chapter try to answer one question by solving the challenges in the medical
scenarios using A-mode ultrasound. Although each chapter in the thesis used different background,
the whole master thesis tries to develop the algorithm that can empower robots with the perception of
the grand-view of the subjects only by one-dimensional signals.
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1.2 Thesis Outlines

In chapter 2, the problem was first proposed and a preliminary deep-learning based structure was
suggested. The constructed CasAtt-UNet was used to track the movement of femur & tibia in specific
positions and showed sub-millimeter accuracy, surpassing previous methods in both accuracy and
operation complexity, which achieved the intelligent perception without additional manual works or
pre-measurement.

Based on it, the chapter 3 define the method and algorithms in a more formally and mathematically
way, and explore the one-dimensional signal interpretation in a wider area instead of specific bone
positions. The ablation study was done to verify the designed structures and losses in different per-
ception bone areas.

After the problem and the approach being well-defined, the chapter 4 continuously simplify the model
and enable it to recognize the signals from different channels and positions, which increase the inde-
pendence of the method and make it more suitable to be integrated in a real-time robotics systems for
the medical and navigation usages.

In chapter 5, the one-dimensional signal interpretation algorithm has been transformed to another
type of signal (surface electromyography signals). The combination of A-mode ultrasound and the
surface electromyography (SEMG) enables the robot’s capability to predict mechanical movement
using merely the energy information, achieving the conversion between the energy and momentum.
This paves the way for the information conversion using merely the one-dimensional signal, showing
the great potential perception capability for the intelligent robotics.

Through these explorations, this master thesis not only demonstrates the enhanced capabilities of
A-mode ultrasound in medical imaging and robotic applications, but also paves the way for its inte-
gration into more accessible and efficient healthcare solutions. The developed deep learning algorithm
give new directions on how to interpret and utilize A-mode ultrasound or other one-dimensional raw
signals, expanding the applications into the fields of daily medical practice and personalized health
monitoring. In addition, the generalization and adaptation of the algorithm can empower the robotics
to be aware of the surroundings and make reasonable decision.
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2 Deep Learning-based Acoustic Measurement Approach

In orthopedic surgery, the operation precision and convenience for the bone measurement is critical,
especially in the Total Knee Replacement Arthroplasty (TKA). The traditional methods involves op-
tical tracking systems and radioactive imaging, which have the invasive limitation and required the
extended preparation times. This chapter introduces a novel deep learning model that used the A-
mode US to enhance the accuracy, safety and convenience of the bone tracking. By training with the
labeled data from the cadaver experiments, the method achieves sub-millimeter precision in the bone
positioning, offering a safer and efficient alternative for the surgical navigation.

Cadaver { Hierarchical / Po§iti9n \
Experiment [ Perception ”’PI’OJe'(itIOr).
d U-Net [ " 1
[ b\ € y(\t’] “5,_).‘
J( 0 W -1 ."f,{'\\
| OO 1)
Ultrasound E":l If--
Holders & U 0 I s f" B
D‘*D / Distance
\ Bone Pin  / \ |:||:| “

Figure 1: Graphical Abstraction of the Chapter 2



8 Chapter 2 DEEP LEARNING-BASED ACOUSTIC MEASUREMENT APPROACH

Deep Learning based acoustic measurement approach for robotic
applications on orthopedics

Bangyu Lan', Momen Abayazid®, Nico Verdonschot!?, Stefano Stramigioli! and Kenan Niu?

Abstract— In Total Knee Replacement Arthroplasty (TKA),
surgical robotics can provide image-guided navigation to fit
implants with high precision. Its tracking approach highly
relies on inserting bone pins into the bones tracked by the
optical tracking system. This is normally done by invasive,
radiative manners (implantable markers and CT scans), which
introduce unnecessary trauma and prolong the preparation
time for patients. To tackle this issue, ultrasound-based bone
tracking could offer an alternative. In this study, we proposed a
novel deep-learning structure to improve the accuracy of bone
tracking by an A-mode ultrasound (US). We first obtained a
set of ultrasound dataset from the cadaver experiment, where
the ground truth locations of bones were calculated using bone
pins. These data were used to train the proposed CasAtt-UNet
to predict bone location automatically and robustly. The ground
truth bone locations and those locations of US were recorded
simultaneously. Therefore, we could label bone peaks in the raw
US signals. As a result, our method achieved sub-millimeter
precision across all eight bone areas with the only exception
of one channel in the ankle. This method enables the robust
measurement of lower extremity bone positions from 1D raw
ultrasound signals. It shows great potential to apply A-mode
ultrasound in orthopedic surgery from safe, convenient, and
efficient perspectives.

I. INTRODUCTION

Measuring bone position is important to understand the po-
sitions and kinematics of the lower extremity, for example, in
robotic total knee replacement arthroplasty [1] and wearable
exoskeleton [2]. However, traditional measurements, such as
CT scan, skin markers, or implantable markers, unexpectedly
introduce accumulated distance errors, unnecessary trauma,
radiation risks, and infections.

To precisely measure distance without unnecessary
trauma, previous studies used data from multiple sensors.
[3] worked on measuring and evaluating fingertip distances
using optical sensors and ultrasound probes. [4] regarded that
merely using ultrasound was difficult to predict movements
of the lower extremities; instead, they used data from both
EEG and sEMG recordings. A-mode ultrasound has recently
been proposed for bone model reconstruction [5], [6], reg-
istration and surgery robotics [7], [8], [9], as it is easy to
deploy and feasible to collect data from different bone loca-
tions via multiple channels simultaneously. Reconstruction
and registration of bony surface can be carried out using
these data in different bone locations.

For example, ultrasound was studied to apply in lower
extremity motion tracking and bone measurement for surgi-
cal robotics, which was a novel convenient and noninvasive

1Robotics and Mechatronics, University of Twente, Enschede, AE, The
Netherlands, 2Orthopaedic Research Lab, Radboud University Medical
Center, Nijmegen, the Netherlands

method [10], [11], [12], [13]. However, in these approaches,
distance measurement was mostly based on expert knowl-
edge, by knowing the approximate range of bone peak’s
locations and the general shapes of the peaks, which purely
based on experience and was lacked of robustness and
generalization, as a little disturbance brought by processing
or measurement noise could easily change profiles of the
peak, making it difficult to identify. In our approach, we used
the generalized and adaptability of deep learning to automati-
cally measure bone reflection peaks in US signals without ad-
ditional knowledge, making ultrasound-based measurements
more applicable and automatic. In addition, it helped to
ease the difficulty of deployment in total knee replacement
arthroplasty and other surgical robot applications.

In previous studies, to analyze 1D medical signals using
deep learning, the U-Net structure was used to recognize
and identify ECG peaks to diagnose heart disease [14] by its
contextual information preservation and feature localization
capability. The different resolution perceptual fields can
capture different sizes of peak profiles. However, it was
difficult to recognize the various reflection peaks in the
US, as the reflection peaks are more sparse, random, and
have diverse profiles in different channels. To solve the
issue, we exploited UNet’s localization pattern by using a
cascade U-Net structure for different perception resolutions,
connected with a novel sampling-based proposal mechanism.
In addition, an attention framework was introduced to filter
out features that are irrelevant to the target peak range
[15]. This helped to continually improve the perception of
the peak profile. Through these designs, our CasAtt-UNet
(Cascaded Attention UNet) could easily recognize the sparse
and effective peak profiles in the US signals with high
accuracy. In addition, since the proposed CasAtt-UNet could
infer signal peaks and calculate bone location efficiently, it
could achieve real-time bone measurement in the surgical
robot application, e.g. total knee replacement arthroplasty.

To the best of our knowledge, few studies focused on
analyzing and interpreting the 1D ultrasound signal to detect
bones using deep learning method. In this paper, we aim to
introduce a deep learning-based 1D raw signal peak locating
approach for accurate bone position measurement. The pro-
posed method showed great potential for using deep learning
to analyze complex and random ultrasound signals. For
future development, this can be deployed on surgical robot
arms to guide precise total knee replacement arthroplasty. It
is worth noting that the proposed technique could also hold
the potential for adaptation to other robotics surgery where
bone motion tracking is essential. This is also beneficial to
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Fig. 1. Pipeline overview: Our method had three steps (from left to right):

performed cadaver experiment to collect ultrasound signals (network input)
and calculate bone positions (network output), Use the dataset to train
CasAtt-UNet, recover the bone position and evaluate.

improve the accuracy of bone kinematics measurement.

Il. MATERIAL AND METHOD

Our method contained three parts in Fig. 1. Data collection
from a cadaver experiment, CasAtt-UNet training, and vali-
dation of the inference result. The US data and positions of
the optical markers were collected from a full-body cadaver
specimen, where bone pins were inserted into the femur and
tibia for the reference locations of the bones.

Firstly, ultrasound holders were attached to the cadaver
leg and tracked using the 3D optical tracking system. Each
holder has multiple US transducers to collect US reflection
waves in one anatomical locations on the femur or tibia.
Thanks to the bone pins, the ground truth position of the
two bones could be recalculated, and the reference positions
of the attached US holders were also recorded concurrently.
The precise bones locations were then calculated with respect
to the positions of the attached US holders (i.e., that of
each ultrasound probe). Subsequently, the reference distances
between each ultrasound transducer and the underlying bone
surface could be derived. Because bone locations and bone
reflection peaks in the raw 1D ultrasound signal are corre-
lated, the ultrasound signal with bone locations was used to
train our CasAtt-UNet. In the end, the precision at different
bone locations was evaluated, and the performance of our
model was reported.

A. Experimental Setup and Data Acquisition

To ensure the accuracy and functioning of our method,
a human cadaver specimen (male, 79kg, 179cm) was used
to acquire dataset. This has been approved by Radboud
University Medical Center (Radboud UMC), Nijmegen, the
Netherlands. A full leg (from pelvic to foot) was CT
scanned (TOSHIBA Aquilion ONE, voxel size of 0.755mm x
0.755mm % 0.500mm). Subsequently, 3D geometric models
of the femur and tibia were segmented using Mimics 17.0
(Materialise N.V., Leuven, Belgium).

This dataset was collected in our previous study [12].
During the experiment, each ultrasound holder contained
three LED optical markers and several 7.5MHz A-mode ul-
trasound transducers (Imasonic SAS, Vorayl’Ognon, France),
which were used to acquire ultrasound echos. There were in
total 30 A-mode ultrasound transducers and 18 LED optical

intra-cortical bone pin
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Fig. 2. Location of the US holders[12]: Our ultrasound holders were
installed on the six locations of the left leg: Trochanter, Mid Tibia, Femur
Epicondyle, Tibia Epicondyle, Mid Tibia and Ankle. Each holder was
tied using bandages. Notice that the distribution of optical markers and
transducers were different with the ones in the image.

markers distributed on the 6 ultrasound holders (holders
were designed from CAD models). Also there were 16
LED optical markers distributed on the four bone pins. The
sample rate of the entire US tracking system was 20 Hz. An
optical tracking system (Visualeyez VVZ4000v trackers, PTI
Phoenix Technologies Inc., Vancouver, Canada) was operated
at 100 Hz to track the 3D locations of the US probes. The
ultrasound signal was acquired and synchronized with the
optical tracking system in the Diagnostic Sonar FI Toolbox
(Diagnostic Sonar Ltd., Livingston, Scotland). The origin and
direction of the ultrasound beam were determined from the
calibration method [11].

To record the location of the bones, four bone pins were
inserted into different parts of the femur and tibia, and six
ultrasound holders were fixed at different locations of the
femur and tibia. Throughout the experiment to collect the
dataset, the leg was actively maneuvered through a cyclic
flexion and extension process to emulate the swing phase of
the gait cycle, which simulated the condition of a person’s
walking. This caused changes in distance between bones
and transducers, resulting in changes of peak locations in
ultrasound signals.

After data collection, we gathered US signals and tra-
jectories of the attached optical markers from the holders.
These data were used to reconstruct the actual locations of
US holders above bones and the directions of US waves.
Consequently, the actual bone depth can be derived using
the bone location, the origin of US waveform, and the US
wave directions.

In total, a dataset was acquired that contained 1017 con-
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Fig. 3.

Steps to determine ground truth labels: The optical markers
in the predefined and the experiment case determined the transformation,
which was used to transform US transducers and waves directions to the
experiment coordinate frame. The label was calculated using Euclidean
distance and the speed of US.

tinuous samples (moments) recorded from leg movement. In
each sample, there were ultrasound echos from 30 transducer
channels and 3D positions of 34 optical markers (16 bone
pin markers and 18 US holder markers). We noticed that
for most bone peaks in the US signals from Trochanter and
Mid Tibia, they have been attenuated or disappeared. The
missing number had already exceeded half of all acquired
samples, which was clearly not suitable for network training.
Therefore, the dataset in these two locations was directly
discarded. The rest dataset was checked and screened too.
Finally, the 1D ultrasound signals in four anatomical areas
(Fig. 2) were collected: Femur Epicondyle, Tibia Epicondyle,
Mid Tibia and Ankle. The holder at each location contained
three optical markers and several transducers. Totally nine
channels in the four anatomical locations with the trajectories
of twelve LED optical markers were suitable for training the
CasAtt-UNet.

B. Bone Location Calculation and US Signal Peak Labeling

After cadaver experiment, we labeled the ground-truth
position of bone peaks in the 1D ultrasound signals. What
we had were the following: 1, 3D geometric surface of femur
& tibia and 3D positions of bone pins; 2, 3D positions and
distributions of the US transducers and optical markers in the
holders; 3, 3D positions of optical markers (bone pins and
holders) in the experiment. The processing procedure was
to transfer transducers, femur and tibia from the predefined
coordinate frame (e.g. CT frame and CAD frames) to the
experiment coordinate frame (i.e. the coordinate frame of
the cadaver specimen in the experiment) in each moment.
The process was shown in Fig. 3. Firstly the transformation
RT that align optical markers {H} in the predefined model
with the ones in the experiment {R} was calculated, which
was f({H},{R}). Then this matrix BT was used to transfer
US transducers positions {P4} to the ones in the experiment
{Pr}, which was } T - py. The calculation also kept the wave
directions unchanged. The same process was done for both
femur and tibia bones, where 16 optical markers on four
bone pins were used to transform. The calculation was as
following. This transformation process applied to all US

Fig. 4. Intersection between bones and US waves: This showed one
moment in the experiment that the US waves intersected with the bony
surface. The intersection positions produced ground truth locations. Red dots
were transducer probes positions. Black dots were intersection positions.
Green lines were waves directions. The ground truth distance (later used
for labeling) was the line segments between black dots and red dots. For
some waves there was no black dot as there was no intersection.

transducers positions.

BT = f{H}L{RD) (1)
PrR=R T PH 2

After obtaining all relative positions and wave directions,
we could render the US waves starting from the transducers
and ending on the bony surface. The distance between inter-
section positions and the transducer probes were calculated
and shown in Fig. 4. After knowing the 3D positions of
transducer probes and the intersections, we could calculate
the Euclidean distance d(mm) between them (Green line
segments cropped by red and black dots). To annotate
the corresponding reflected peak position in 1D ultrasound
signals, the bone peak location was calculated using Equation
(3), represented as the index of units (idx). Here we assumed
the ultrasound speed under skin was v =1540m/s from [16],
the sampling rate was fs = 40MS.

. d
ldx = 7 ¥ > 1000) @
, where 2> ¢ > 1000 was the one unit length along the 6760
Iength of the LD raw ultrasound signal. From our calculation,
one unit length in the signal is equal to 0.01925 mm in the
distance measurement, which is the minimum accuracy level.
After getting the depth point in the signal, the location in
the 1D signal could be annotated as the training label. Using
the raw US signals and labels, we could train our CasAtt-

UNet.

D. Overview of Cascade Attention U-Net

The proposed CasAtt-Unet was shown in Fig. 5. It com-
posed of coarse attention U-Net, sampling-based proposal,
and refined attention U-Net. As the raw US signal occu-
pied 130mm while the original peak annotation was only
one index interval (1 index = 0.01925mm), a hierarchical
structure was required for narrowing down the range. To do
this, a coarse attention U-Net was first used to determine the
existence of bone peak and capture the approximate range



