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Abstract

Flexible devices are increasingly being used to diagnose or intervene in the hospital. Their inherent compliancy provides
them the ability to conform to complex environments and navigate through tortuous, often fragile, environments. As
flexible devices bend away upon contact, their overall shape is determined through a complex interplay between amongst
others steering commands, anatomy and physiological parameters. Expert surgeons rely on profound knowledge of the
anatomy and a lot of experience when judging how a flexible device is positioned inside the human body. But even then
they stand generally positive towards technology that could give them a better insight in the actual, distributed spatial
configuration of these flexible instruments. To meet with these requests various ‘shape sensing’ techniques have been
developed over the past decade. While these techniques have not yet reached adoption in a clinical setting, a breakthrough
in the coming years is expected. This deliverable provides a concise overview of the different techniques that have been
presented throughout the literature. The survey focuses mainly on catheter applications, but one can imagine that similar
technology could be embedded in other flexible devices such as flexible scopes, colonoscopes or - depending on the size -
on flexible needles. Furthermore, shape sensing technology is considered a crucial technology for developing autonomous
steering technology for flexible instruments, which forms the topic of study of the Marie-Curie Training Network ATLAS.
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1 Introduction

Intraluminal navigation is a particularly sophisticated procedure which forms a part in many Minimally Invasive Surgical
(MIS) interventions. The task concerns steering flexible instruments such as catheters or endoscopes through fragile body
lumens as there are the colon, the ureter, esophagus, trachea, bronchi or vessels from the cardiovasculature system. This
type of tasks take advantage of the compliant nature of these flexible instruments which allows them to reach deeply seeted
treatment sites with complex morphologies or that are only accessibly through tortuous and highly constrained access
routes. Flexible instruments are usually navigated manually by the operator. Due to advances in actuation and sensing
technologies, recently robot-assisted MIS has grown in popularity. The ATLAS project, which stands for “AuTonomous
inTraLuminAl Surgery” is a Marie Training Network. This is a European Joint Doctorate School targeting the training of
experts in a very specific branch of robotic surgery. ATLAS will develop smart flexible robots that can autonomously drive
though complex deformable tubular structures. There exist ample clinical applications that can benefit from autonomous
flexible robots such as colonoscopy, colorectal surgery or cardiovascular procedures. To achieve precise and reliable
motion control of these distributed systems, the spatial information of the robot needs to be acquired such that it can be
used e.g. in a feedback loop by a robot controller. Not only that, in an earlier stage, the gained spatial information could
already help clinicians understand how to handle these flexible devices more adequately during manual operation.

Currently, surgeons rely on haptic feedback, adjusting their steering commands based on the resistance they feel. However,
the interaction force is masked by friction along the lumen wall or friction in the trocar or access port. Overall this way
of steering is not very precise and can cause overly large stresses applied on already fragile tissue. Sometimes, ultrasound
or fluoroscopy are used to give information about the shape and position of the flexible instruments during interventions.
However, these methods have some important disadvantages. Fluoroscopy is harmful for the patient, it offers limited
contrast, spatial resolution is poor and only 2-dimensional. Further, contrast agents that may be injected to enhance optical
contrast can cause nephrotoxicity. Ultrasound may only show a small part of the scene (e.g. forward- or side-ways looking
ultrasound provides no information on the tail of the instrument) and can be quite noisy, under influence of shadows or
speckles. The need for methods that can accurately estimate the entire shape of the catheters and by extension flexible
instruments in 3D and in real-time is high. Modeling alone, e.g. based on pre-operative data, kinematic and constitutive
instrument models has its limitations. This is because the environment is dynamic and deformable and the contacts are
distributed and inherently hard to model and predict. A combination with intra-operative sensing is a pre-requisite. Where
MRI and fluoroscopy may be available, these sensing techniques are or damaging or have only poor spatial or temporal
resolution. They cannot be employed stand-alone for real-time distributed estimation. This report therefore focuses, aside
from imaging, mainly on proprioceptive sensing methods. These are sensors that are embedded in the flexible instrument
bodies themselves and are targeted to estimate the shape and pose from within. The report discusses the mechanism, pros
and cons of different sensor methods for shape reconstruction of flexible instruments. Figure 1.1 provides a schematic
overview of the different categories that have been identified and that will be elaborated upon in the remainder of this
deliverable.

4 N
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Figure 1.1: Main categories of sensing methods to estimate 3D shape of flexible instruments.
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2 Fiber Bragg Grating based shape sensing

Optical sensors are now increasingly used in numerous medical applications. Their small size, light weight and high
elasticity allow easy integration and miniature designs with low effects on the overall stiffness of the flexible instrument.
Moreover, their immunity to electromagnetic interference, compatibility with governing medical imaging modalities [51]
make optical fibers very well suitable for medical applications. For shape sensing with Fiber Bragg Grating (FBG)
form the most common class of sensors. FBG sensors have been applied to reconstruct the 3D shape of continuum
manipulators [46] or to monitor the deflection of needles e.g. used during MRI-Guided intervention [33]. An FBG sensor
is obtained by illuminating a regular pattern of an optical fiber with a laser, which modifies the refractional index of
that part that is illuminated. Each FBG sensor will then reflect a narrow band of spectrum of incoming light (the wave-
length being determined by the distance between the illuminated regions). The wavelengths belonging to other ranges are
lossless transmitted. When multiple gratings are used, typically each will have their own central wavelength. The gratings
are fabricated in such manner that each central wavelength is separated sufficiently far from the other. The reflected
light from one grating can therefore be distinguished easily from the light reflected by the other gratings. The reflected
spectrum of one grating changes due to the temperature variations, mechanical strain or torsion applied on the optical
fiber. By measuring the central wavelength shift of the reflected light, by an interrogator connected to the optical fiber, the
instantaneous temperature, curvature or force can be estimated. Shape reconstruction based on FBGs relies on curvature
and torsion estimates at the discrete locations where the gratings are inscribed!. An interpolation process is then carried
out to calculate the curvature and torsion in between the gratings. Finally, the entire shape is then reconstructed using a
space curve shape reconstruction method.

1 Strain computation

The strain on each fiber can be computed as follows at the discrete locations of the FBG sensors. The wavelength at which
the reflection is highest is referred to as the Bragg wavelength A\p € R > 0 of the FBG. When there is a change in strain
or in temperature, the Bragg wavelenth will shift by an amount of A p. The relationship between experienced strain and
temperature is shown as [12]:

Alp

S o (1 —pe)e + (an + an) AT, 2.1)
where p, is a constant parameter that captures the contribution of the photoelastic effect?, acy and v, are the thermal
expansion® and thermal-optic coefficient®, respectively. Symbol ¢ represents the applied strain and AT is the change in
temperature. In case of constant temperature, (3.8) simplies to:

£ (1 poe. 22)
B

2 Curvature and bending angle computation

The relationship between the axial strain in the optical fiber, the distance (r) of the fiber to the neutral axis and the
curvature of the fiber is [9]
€= —— = —Kr (2.3)
p
where p is the radius of curvature and « is the curvature. Using (2.2) and (2.3), the curvature of the optical fiber can now
be derived by measuring the wavelength shift.

For recontstructing a full 3D-curve a single optical fiber or a single core with gratings does not suffice. Instead multiple
fibers or in the case of a multi-core fiber, multiple parallel cores are needed. These fibers or cores are commonly arranged

'Without loss of generalisation, the location where a grating is inscribed will be referred in the following as ‘the FBG sensor’.
2The refraction index itself changes when undergoing axial stress. This effect is captured by the photoelastic parameter pe.
3The thermal expansion coefficient capture the change in strain of the fiber as function of variations in temperature.

4The thermal-optic coefficient relates how the refraction index changes as function of the temperature.
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2. Fiber Bragg Grating based shape sensing 3. Curvature and bending angle interpolation

in an orthogonal or a triangular configuration. In extended position, a flexible instrument, will embed three straight optical
fiber for the triangular configuration or four optical fibers in the orthogonal configuration. For both an additional fiber
may be arranged in the center of the triangle or of the square. Through this configuration it becomes possible to measure
curvature and change in bending plane. RJ Roesthuis et al. designed a flexible nitinol needle which composes three
equally spaced optical fibers in [41]. Multiple FBG sensors are distributed along the optical fibers to estimate the bending
curvature at discrete values of the arc length. These discrete values enable the reconstruction of the 3D needle shape. The
relationship between the axial strain for a needle in pure bending and the distance from the neutral axis is given in (2.3).
Thus, for an arrangement of three parallel FBGs, the set of following equations can be derived for the strain at the location
of the different fibers (denoted by a, b and c) at a cross section (typically through the centre of the gratings) of the needle:

€a = —KTasin(p) + &g
gp = —krpsin(o + vp) + 0. 2.4)
€c = —Kresin(p 4+ v + o) + €0

Assume, without loss of generality, that a coordinate frame is attached rigidly to the cross-section with an y-axis pointing
from the center of the cross-section (at the intersection with the neutral line), through the first fiber a (which is at distance
r, to the origin) and that ~y is the angle that indicates the direction of curvature. The bias ¢ is assumed to be equal for
each FBG. It is caused by the change in temperature or external forces acting on the needle during strain measurements.
The distance from the neutral axis to the FBG sensor (r,, 7, and 7.) and the angles v, = 0,7, and . are known and
constant. The set of equations (2.4) can then be used to solve for unknown parameters (needle curvature x, direction of
curvature ¢ and the bias () in closed form.

Jason P. Moore et al. suggested another method to calculate the bending direction and radius of curvature in case of
symmetrically arranged tricore fibers [27]. Large curvature errors can be caused by strain measurement error. To calculate
the curvature using information from all cores and reduce the effect of strain measurement errors, the apparent curvature
vector which points in the direction of the i*" from the center of the optical fiber is defined as below:

& . .
Kappi = ——(cos(7i)j + sin(v:)k), (2.5)

where j and k are unit vectors that are aligned with the local y and z axes. For N number of cores in the fiber, the vector
sum of the apparent curvature vectors is

N N
€i . i .
Fappi = = Y~ cos(y)j + Y~ sin(v)k. 2.6)

In the symmetric case, the distance from the center of the fiber to each core can be approximated to be the same r, the
curvature x and local bending direction ¢ can be determined as below:

N g N g .
Oy V(DI cos(30))2 + (DL, 2 sin(:)?
"TTN T Nr

Q2.7)

© = angle(Kapp) (2.8)

3 Curvature and bending angle interpolation

The discrete value of the curvature and the bend direction ¢ are calculated. The intermediate curvatures and direction
angles are determined by e.g. a linear or cubic interpolation. Henken et al. compared different interpolation methods and
concluded that cubic spline interpolation is superior [11]. Moreover, the measurements of one FBG array are normally
the values for one specific location which is the array center. Sonja Jickle et al. proposed a novel approach which takes
the FBG geometry into account for the curvature interpolation by modeling the measured value as an average over the
sensor range [16]. Interpolating the intermediate curvature and bend direction is the most popular approach. However,
Sonja Jickle ef al. showed in [17] that especially interpolating the bend direction interpolation is not straightforward for
flexible structure because of discontinuouties in the angle. They confirmed experimentally that interpolating the bending
angle leads to overshoots before and after the discontinuity. Interpolating of the strain results in better accuracy for bend
angle and the curvature is close to zero at discontinuity point. Thus, they recommended to interpolate the strain before
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2. Fiber Bragg Grating based shape sensing 4. Space curve shape reconstruction

calculating the curvature and bend angle since it results in more realistic curvatures and bend angles. Overall this then
leads to a more accurate shape estimation.

4 Space curve shape reconstruction

The shape of flexible instruments is normally modeled as a space curve. The shape of such space curve is defined by two
intrinsic quantities: the curvature and the torsion. The curvature is the rate of change of the tangential direction caused
by the bending of the instrument. The torsion is the rate of change of the bending direction. The relationship between the
space curve and these two quantities is captured e.g. by the Frenet-Serret formulas:

di(s) .
A I = k(s)n(s)
U] — —w(s)i(s) + ($)b(s) 29)
db(s) _ i
h = —7(s)n(s)

where 7 denotes the torsion, and £, 7 and b denote the tangent, normal and binormal vectors, respectively. The arc length
(or lenght over the curve neutral axis) is here denoted as s. The TNB frame or Frenet-Serret frame at a point with arc
length s on the 3D space curve C(s) is defined as follows:

(2.10)

The curvature s and torsion 7 can be calculated from the above relation as

k(s) = [ (s)]|
V(s @2.11)

In the case of a limited number of FBG-sensors, the curvature and torsion are not given as continuous functions. They
are given as a finite number of values at equally spaced nodes on the curve. The space curve C(s) is thus divided into a
finite number, N, of equal length segments. The length of each segment is As = NLS, where L is the total length of the

sensorized part of the space curve. Let Cy, = C(kAs), i, = #(kAs), iy, = n(kAs) and b, = b(kAS). The problem
is now restated as: given the curvature x; and torsion 7, for each segment, find the position of n™ nodes, C,,, where
1 < n < N, from the known initial condition Cj, fo, Ny and 30. Sungyeop Lim et al. used various numerical methods
to solve the system of ODEs to reconstruct the shape of the space curve [22] including: the Euler method, the 4th order
Runge-Kutta method and the helical extension method (HEM). The shape of the 3D space curve is reconstructed from its
curvature and torsion by repetitive updating the TNB frame as follow:

R ) (k+1)As
the1 =tk —|—/ k(o)n(o)do
k

As
(k+1)As A (k+1)As X
ka1 = Nk — / k(o)t(o)do —|—/ 7(0)b(o)do (2.12)
kAs kAs

R R (k+1)As
b1 = b — / 7(o)n(o)do
kAs

To each segment numerical values of curvature and torsion are assigned rather than the continuous functions. To simplify
the analysis, the curvature and torsion are assumed to be constant within a segment. To solve the problem using the Euler

0,447,148 Deliverable D2.2 A



2. Fiber Bragg Grating based shape sensing 4. Space curve shape reconstruction

method, the TNB frames are updated as below:

£k+1 = L:k + ki Asiy,
N1 = N — HkAsfk + TkASl;k (2.13)

Bk+1 = I;k — TkASﬁk
By assuming the curvature and torsion constant within a segment, the orthonormality of the TNB frame is lost because all
Eh 1 P 1, Popg 1 bk+1 and bk+1 tk+1 cannot be zero unless either one of the curvature or torsion is zero. Another point

to notice is that the magnitudes of tk+1, N1 and bk+1 are not 1. Thus, a compensation algorithm need to be applied to
make up for the orthonormality loss while using the Euler method. One can use the method mentioned in [22].

‘rect tk-i-l
k+1 —

(791
srect _ brn XS (2.14)
le+1 Irect
|brs1 b
bt = Byt < gt
This compensation algorithm can help re-orthonormale the TNB frame and keep the method functioning. However, there
is also the chance that the result deviates even further from the true value of tk+1, Ng+1 and bk;+1 by this compensation
process. Another solution to solve for the TNB frame is to use higher-order methods such as the 4th order Runge-Kutta
mehod. The TNB frame is now updated as follows:

. . As
Tyl =t + ?(atl + 2a42 + 2a43 + ata)

. . As
Nk4+1 = Nk + ?(am + 2an2 + 2an3 + Gpa) (2.15)

N A As
bry1 = by + ?(am + 2ap2 + 2ap3 + apa)

where
ag1 = Kpfhy
an1 = —kity + Tki)k
ap1 = —TrNk
. As
a2 = K | g + 7%1
As ~ As
Gn2 = —Ki |t + — ou + 75 | b + — b1
. As
Qp2 = —Tk | Nk + 7%1
2.16
) As ( )
at3 = K | ng + TanQ
As
n3 = —K |tk + —az2 | + 7% | bk + 5 b2
. As
aps = —Tg | N + 7%2

a4 = Kk (’ﬁk + Asan3)
ana = — k5 (Ex + Asag) + m1,(by + Asays)
aps = —Tr(Ng + Asans)

However, the truncation error cannot be completely eliminated by using conventional numerical methods even with higher
order methods. Also the problem of orthonormality still remains. Therefore, the use of the compensation algorithm (2.14)
is necessary. In short, numerical methods are not recommended. In case high precision is needed, the HEM method,

,9770.4S  Deliverable D2.2



2. Fiber Bragg Grating based shape sensing 4. Space curve shape reconstruction

discussed further, is recommended. The position of each node that belongs to the space curve can be calculated from the
definition of the tangent vector:

C(s) = / {(0)do 2.17)
0
An approximation of C1 can be calculated by the trapezoidal rule as follow:
As, . .
Ciy1 =Cp + 7(751@ + tht1) (2.18)
In [22], the authors proposed a novel approach called HEM to reconstruct the shape of a space curve by treating each
segment as a segment of a helix. Using a given torsion and curvature of a segment, a helix that approximates the form of

this segment is found. For a helix coiled around the z-axis with radius R, verical elevational H and rotational rate €2, the
parametric equation in terms of the arclength parameter s can be written as [21]:

RcosQs
C(s) = | Rsin Qs (2.19)
Hs

In case C(s) is a unit-speed curve, the following condition holds:

‘ =VR2Q2 + H2 =1 (2.20)

H dC(s)
ds

From (2.10), the TNB frame can be calculated as

— RO sin Qs
f(S) = | RQcoss (2.21)

b(s) = | —sinQs (2.22)

H sin Qs
n(s) = | —H cosQs (2.23)
RQ

R, H and ) can be determined from its x and 7 as:

KR
- T
T
Q= Vr2+12

In HEM, the TNB frame is updated by rotating the three vectors by the angle of v = QAs about vector w. According
to Rodrigues’ formula [1], the vector v,.,; that is obtained by rotating a vector v about an axis w = [w; we wg]T by an
angle ~y is given as:

(2.24)

Vpot = c08YU + siny(w X v) + (1 — cosy)(w.v)w = Rw, (2.25)
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2. Fiber Bragg Grating based shape sensing 5. Discussion

where the rotation matrix R can be written as:

X +wi(l-X) wiwy(l — X) —w3Y wawi (1 — X) +woY
R(s) = |wiwy(1 — X) +wsY X +wi(l-X) wows(1 — X) —w Y (2.26)
wswy (1 — X) —waY wows(l — X) +wY X +wi(l-X)

where X = cos~yand Y = sin~. The TNB frame can be updated as

tp+1 = Riy
g1 = Ry 2.27)
bpy1 = Rby
Finally, the node positions are calculated as:
Cr+1 = Ck + R+ HAsw — Rigy1 (2.28)

To compare the performance of the Euler, 4th order Runge-Kutta and HEM method, the Jinguer space curve of length
L = 1000 is defined and divided into Ns;eg segments to check the convergence of algorithm in [22]. The node positions
are computed by two methods - 4th order Runge-Kutta and HEM then the error of node positions are observed. There
were significant improvements in accuracy with the use of HEM. The error was reduced by 6.9-74.6% for N;eg = 25
and 8.6-92.7% for Ns;eg = 100. RJ Roesthuis et al. used another approach to estimate the shape of the needle during
insertion in [41]. By attaching an appropriate local coordinate frame to the beginning of each segment, the shape can be
reconstructed. It was reported in the paper that large discrepencies was observed between the reconstructed needle shape
and deflection measured using camera images when there are complex bends i.e., out-of-plane bending cases. HEM is
considered a better approach to reconstruct the space curve compared to the method reported in [41].

5 Discussion

Beside the triplet design with a triangular configuration, Sungyeop Lim ef al. proposed the use of FBG sensors in triple-
helix configuration to measure the bending and twist deformation simultaneously in [23]. They reported that the method
can estimate the shape of a deformed cylinder with remarkable precision. Shape sensing techniques based on FBGs
mainly rely on curvature estimated from the strain calculated from the wavelength shift. However, these techniques
have been mostly applied for continuum robots under small deformation such as steerable interventional needdles for
biospy or ablation applications because they have inherent properties of high stiffness to support the nearly perfect strain
transfer to the attached FBG sensors. Unfortunately, when considering other instruments such as catheters, the majority
of these have rather low stiffness which results in lower strain transfer efficiency onto the FBG sensors. Shahriar Sefati
et al. showed that many geometric assumptions regarding the sensor design and the limited number of sensing locations
make that conventional model-dependent FBG based position estimation is prone to significant error propagation that
become especially apparent when the flexible instruments undergo large deflections [47]. Sefati et al. proposed a new
approach based on a regression model that takes the FBG wavelength as the input and estimates the tip’s position of
the continuum robot. After the experiments, they concluded that the this data-driven method outperformed conventional
model-dependent method. However, in this work, the data-driven method is used only to estimate the position of the tip
of the continuum robot. Further investigation is needed to expand this method to reconstruct the complete shape of the
robot. Moreover, the experiment was carried out in case there wasn’t any contact between the continuum robot and the
surrounding environment which means that a huge data-set and more complex model would be needed to cover all these
cases. Seok C.R et al. proposed composite tubular shape sensor which provides sufficient torsional rigidity and flexural
compliance through the use of wire braid reinforcement in [42]. A spacious tool channel can also be acquired with
this design. They derived a mechanics-based model which includes an interfacial shear model and a fiber reinforcement
model to identify the important design variables. This model is then validated through simulation and experiment. The
lengthy structures and complex bending of the catheters require employing multiple FBGs to provide sufficient curvature
information. Further investigation should be made to improve shape estimation of lengthy, low stiffness structures that
undergo large deformations such as steerable catheters or endoscopes.

Note that once the shape has been computed different relevant analysis can be conducted. For example Qiao et al.
determined the location and the amplitude of external forces that act along the length of a flexible body by analysing the
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2. Fiber Bragg Grating based shape sensing 5. Discussion

shape of that flexible body [34]. The quality of such force-from-shape analysis clearly depends on the quality of the shape
estimate as well as on the level of deformation of the body.

0,447,148 Deliverable D2.2 q



3 Electromagnetic tracking based shape sensing

Electromagnetic (EM) tracking systems allow localizing small sensors inside the magnetic field. Physically, EM tracking
uses magnetic field of known geometry created by a field generator to determine the pose of sensors by measuring mag-
netic flux or magnetic field. Typically not the absolute value, but the gradient is measured [8]. EM tracking based shape
sensing is a shape reconstruction method which relies on determining the location and orientation of multiple EM sensors
attached along the flexible instruments. There is no prior curvature information needed. Fewer sensors are used compared
to FBG based shape sensing method as overall the sensors are larger and more difficult to integrate. The problem of
line-of-sight is solved which enables to track and localize the flexible instruments within the human body. The small size
of EM sensors allow them to be employed in different medical instruments without changing their mechanical properties
too dramatically. The workspace over which the sensors can be tracked may be limiting. Also this type of sensors is easily
disturbed if magnetic or ferromagnetic material is introduced in the workspace. Compared to FBG an advantage is that
the absolute pose and orientantion can be estimated relative to an external world reference coordinate frame.

1 Shape reconstruction

To track the distal tip and the shape of flexible instruments, multiple miniature EM sensors can be attached along the
instruments. The disadvantage of EM sensors is that they only provide the discrete position and orientation (typically 5 or 6
DoF). To overcome this disadvantage, S. Song et al. [49] proposed a method to reconstruct the shape of a continuum robots
based on the positional and directional information from the distributed EM sensors and the curve length information. The
shape reconstruction is done by fitting multiple quadratic Bézier curves. This is a general shape reconstruction method
for flexible robots or concentric tube robots with multiple bending section. There are only [ N/2] EM sensors needed to
reconstruct the shape of an N-section robot. The EM sensors are mounted at the tail of the (N — 2k)!" section, where
0 < k < n/2. A Bézier curve is a parametric curve that uses the Bernstein polynomials as a basis. A Bézier curve of
degree n is represented by

B(t)=> bin(t)P; 3.1)
t=0

where 0 < ¢t < 1. Py is the start point, P, is the end point and P;(0 < ¢ < n) are the control points. All the Bézier points
and the basis function b; ,,(t) determine the shape of the curve. The basis function b; ,,(t) is defined as below:

n . .
bin=| |[t'Q-t)"? (3.2)
(3

In [49], the Song et al. proposed to model each section of the continuum robot as a quadratic Bézier curve. Assume that
the continuum robot contains N sections, the k-section will be modeled by the start point Psj_o, the end point Py and
the control point Ps_1. The explicit point form of the k-section is in this case:

B(t) = (1 —t)?Pyp_o +2(1 — t)tPoj_1 + t*Pay, (3.3)

where 0 <t <1,1 <k <N.

The EM sensors are attached on the tail of the (N — Qk)th section. In other word, the sensors will be mounted at position
Py(n_apy. To start the shape reconstruction process, the continuum robot is devided into [ N/2] groups. If the number
of sections is even, each group contains two sections. The parameters of two quadratic Bézier curves will be figured
out by information captured from two EM sensors (one is mounted at the starting point of the first section and the other
sensor is mounted at the end point of the second section). In general, for the group containing k-th section and (k + 1)-th
section, the EM sensors are mounted at Poy_o and Psj 2. The known parameters from two sensors are positions of point
Poy_ o, Por42 and tangent vectors of these two points Hag_o, Haj 2, respectively. Combining with the given information
about the curve length of each section L, and Ly 1, we need to solve for So;_2 o1 and Sai41 2x+2. The relationships
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3. Electromagnetic tracking based shape sensing 1. Shape reconstruction

Figure 3.1: A four sections continuum robot is approximated by four quadratic Bézier curves. Two EM sensors are
mounted on the robot. One is attached at the tail of second section (P,) and the other is at the tail of the fourth section
(Pg).

between these parameter are given below:

Py = Pop_o + Sor—22k—1Hop—2
Poj1 = Popto — Sop1,26+1Hok+2 (3.4)
Py, = Po_1 + Sk(Pog+1 — Por—1)

where g
Sk 2k—2,2k—1

Sok—2.2k—1 + S2k+1,2k+2

The equations of the two Bézier curves are defined as:

Bi(t) = (1 — t)*Pog—o + 2(1 — t)tPay_1 + t* Py,

9 9 3.5)
Bii1(t) = (1 — )2 Py + 2(1 — t)tPojy1 + t2Pajyo
Together with the section length information Ly, and Ly 1, S2x—2 2k—1 and Sagy1 2142 can then be solved.
Ly = Ly
b sk (3.6)
Liy1 = L)
where
— i i—1
Ly, = B,|— | —-B
=3 () -2 ()]

where ny is the number of points that are used to estimate the curve length for k-th Bézier curve.

In case there is an odd number of sections, the first group will contain one section and will be modeled as one Bézier
curve. The first sensor will be mounted at P,. The known parameters are Py, Hy, P> and the curve length L;. The
missing parameter to define the Bézier curve for the first section is P;. As one can see from Fig.3.1, P, = Py + So1 Ho,
where So1 = || PoP1]|- The length of each segment L; is equal to the length of curve B;. Thus, we need to solve for Sp;.
The equation for solving the parameter is

Li—Ls4=0 3.7

m () (50))

The explicit form of the Bézier curve for the first section is shown below:

where
n

lezz

i=1

Bi(t) = (1 —1)*Py +2(1 — t)tP, + £*P,. (3.8)
A few simulations and experiments were performed in [49]. The mean distance error of the cross join of the two sections

was 1.7 mm. However, this approach has disadvantages because of the fact that each section is modelled by a quadratic
Bézier curve. The Bézier curve is defined by three points: the starting point, the control point and the end point. This
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3. Electromagnetic tracking based shape sensing 2. Discussion

makes that the quadratic Bézier can only model curves that lie in the same plane. Moreover, this method assumes that the
rotations in one section are identical. When there are large payload, there would be the chance that the section transforms
into S shape. Thus, the constant curvature assumption doesn’t hold any more. Song et al. also reported from experiments
that the proposed method is no longer valid when the angle of the curve is larger than 7. To overcome these problems,
S.Song et al. have improved their method in [50]. Each section of the continuum robot is now fitted by a cubic Bézier
curve. Four points (the starting point, the end point and two control points) are needed to determined the cubic Bézier
curve. By modeling each section as a cubic Bézier curve, the method is able to work if a section is deformed into different
planes. Also by using higher order Bézier curves, the limitation of the total angle of the curve length is less restrictive.
Allowable angles increase to 7 compared to the old method which limits the radian at 7. Sadjadi et al. presented a
method in [43] to improve the needle deflection estimation by fusing the position information of two EM sensors and
the tip position estimated from a kinematic needle deflection model. The first EM sensor is installed on the needle base.
Together with the needle deflection model, the needle tip postition can be estimated indirectly. A Kalman filter is then
used to fuse the estimated tip position with the tip position measured from the second EM sensor attached on the needle
tip. Dore et al. developed a catheter with multiple EM sensors placed along its length in [7]. A probabilistic framework
is used to combine the spatial data provided by the EM sensors and the information from the catheter motion algorithm.
This method allows continuously monitoring the shape and position of catheter within the lumen. Tran et al. introduced a
new approach to reconstruct the 3D shape of the catheter by combining the discrete pose information of EM sensors and
the 2D information extracted from fluoroscopic images [52]. This method was reported to give promising results which
allow reconstructing the catheter shape with a median root-mean-square error of 3.7 mm with an interquartile range of
0.3 mm.

2 Discussion

EM tracking based shape reconstruction methods have several advantages such as easy to set up, freedom from light
of sight restrictions and miniature-sized sensors. However, a major problem with EM tracking systems is that they are
not able to provide uniform accuracy through out the tracking area. The desired highest accuracy is usually achieved
in the center of the tracking volume. Another disadvantage of EM tracking systems is that they are highly susceptible
to field distortion caused by electrically-conductive and magnetic materials [58]. Several compensation methods have
been proposed to reduce the measurement errors of EM tracking systems, a summary can be found in [20]. Sadjadi et
al. presented a method which combines a motion model with the information captured from redundant EM sensors to
compensate for the field distortion in realtime [44]. EM tracking systems are widely used in the various application from
different fields. However, futher investigations need to be made to bring EM tracking systems to the operating room in
the ATLAS targeted disciplines.
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4 Image based shape sensing

Shape sensing using FBGs [47, 24, 19, 42] and electromagnetic sensors [7, 49, 50] are quite common nowadays to find
out the shape of surgical robotic manipulators. These techniques are efficient and show a lot of advantages like fast
response time, miniaturisation, biocompatibility, non-toxic and high sensitive [18, 40, 42]. These techniques are fast and
may be quite accurate, but, hardware modifications, non-transferable to other robots, integration with small and highly
flexible robotic manipulators are quite challenging [25, 48]. Electromagnetic field distortions in EM tracking [18] and
significant shape estimation error for highly deformable robots due to lower strain transfer efficiency onto Fiber Bragg
Grating(FBG) sensor [48] also limit the successful implementation in shape sensing. On the other hand, image based
shape sensing methods have the capability to measure the shape of robots without consuming extra space and requiring
typically no major hardware modifications [38]. Image based technologies like fluoroscopy [32, 54, 15], endoscopy [37,
4] and ultrasound [5, 55] are quite popular to estimate the shape of robotic manipulators and catheter in minimally invasive
surgery (MIS). However, these techniques have some disadvantages or challenges to be dealt with such as large radiation
dose and dependence on nephrotoxic contrast agents in case of fluoroscopy, low resolution and signal-to-noise ratio of
ultrasound images and obstructions in front of endoscopy cameras [48]. This chapter provides an overall state-of-the-art
of the said image based shape sensing methods.

1 Fluoroscopy Based Shape Sensing

1.1 Introduction

Fluoroscopy is a medical imaging technique which uses ionising radiation to produce two dimensional images of the
object. There are two kinds of fluoroscopy imaging process:

i monoplane fluoroscopy
ii biplane fluoroscopy

1.2 Monoplane Fluoroscopy

In monoplane fluoroscopy, an X-ray beam from an X-ray source is passed through the object and the transmitted ray from
the object is captured by a screen or camera which is placed on the other side of the object. As shown in Fig.4.1, the
C-arm consists of one X-ray source and a screen opposite to the source. In between these two, an object is placed. Unlike
visible light, the X-ray can penetrate through most of the objects and produces images of the interior part of the object.
The object absorbs different amounts of the X-ray beam depending upon it’s density. This then leads to a certain contrast
on the image captured by the detector or photographic film from which one may infer some anatomic structures or detect
the location or shape of instruments.
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Figure 4.1: Monoplane Fluoroscopy Technique

1.3 Biplane Fluoroscopy

In the case of biplane fluoroscopy, two C-arms are placed independently around the object and images are acquired
simultaneously. Each arm consists of an X-ray beam source and a detector/photographic film. This system simultaneously
provides two views of the object at different positions using both the C-arms.
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Figure 4.2: Biplane Fluoroscopy Technique

1.4 Methods and Description

The first step towards fluoroscopy shape sensing is to acquire images from mono- or biplane fluoroscopy. The fluoroscopy
images are then processed using various segmentation algorithms [2, 45, 15] to find out the device centre line. A 3D
reconstruction method using epipolar geometry [14] or based on kinematic modelling [32] can then be implemented to

find the 3D shape of the device.
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Figure 4.3: Fluoroscopy Based Shape Sensing Method

Baert et al. [2] used biplane fluoroscopy with epipolar geometry to reconstruct the 3D shape of a guidewire in the 3D
vasculature. In this method a 2D tracking procedure is implemented based on energy minimization of spline parametri-
sation where the guidewire is tracked and presented as a third order B-spline line using acquired biplane images. Finally
the epipolar geometry is used to reconstruct the 3D shape of the guidewire from the 2D biplane images using calibrated
C-arm.

Schenderlein et al. [45] proposed an algorithm which implements the B-snake [26] algorithm with biplane fluoroscopy
images to reconstruct the 3D shape of a catheter. A line enhancing feature image is calculated and utilised to generate 3D
image forces from the 2D projections obtained from the biplane image system. To reconstruct the 3D pose of the catheter,
missing image information caused by the asynchronous image acquisition is approximated by linear force interpolation
using two consecutive images recorded by one of the C-arms. The evaluation of this algorithm is implemented on 33
virtual image datasets and the mean catheter pose error is found as 1.26 mm.

Hoffmann et al. [15] proposed a new method for reconstructing the 3D shape of a catheter using biplane fluoroscopy.
In this approach, the 2D detection of the catheter is performed using three processes in which the parts of the catheter
are identified based on image preprocessing. Then these are transformed into a graph to find an analytical representation
model using the Dijkstra algorithm. In the last process, a final estimation of the 2D spline catheter is done using a
graph search method. The catheter is then reconstructed into a 3D shape from the two 2D splines generated during
the biplane fluoroscopy. Here the epipolar geometry is used. The method is evaluated using 66 biplane images of a
catheter. As there are no 3D data available, the 3D reconstruction is forward projected into planes. The mean error is
calculated as 0.7 mm=£2.0 mm for the catheter. The error in 3D is calculated by acquiring 13 biplane images at different
angulations [14]. The error of the robot shape is estimated as 1.2 mm=1.2 mm for circumferential mapping catheter
and 1.3mm=1.0mm for the ablation catheter. This method is further extended [13] by implementing a learning based
framework to adapt the arbitrary line shaped catheter used in Electrophysiology procedure. This approach can be adapted
to catheters that undergo larger deformations such as coronary sinus catheters. The improved reconstruction error is
measured as 1.8 mm=1.1 mm and 2.2 mm=2.2 mm on phantom and clinical data respectively.

Shape sensing methods using biplane fluoroscopy can be quite precise and consistent because biplane fluroscopy gives
simultaneous views at various position of the instruments to find out their shape. However high ionising radiation dose,
expensive and bulky instruments [48] limit the application during shape sensing. To solve these problems recent advance-
ments of shape sensing is based on monoplane fluoroscopy. Otaka ef al. [31] proposed a monoplane fluoroscopy based
shape sensing solution to generate 3D shape of snakelike manipulators used in hip osteolysis. The proposed approach uses
a piecewize intensity based 2D/3D registration from an X-ray projection with prior knowledge of shape and kinematic
properties of the manipulator (for e.g. each rigid structure connected by a pin joint parameterized by a low degree poly-
nomial basis) for pose estimation. The feasibility of this method is tested using simulated projection images of phantom
of cadaveric system and femoral hip implants simulating a scenario of treating osteolytic regions during a hip revision
surgery. The mean translation error of the base is found as 0.02 mm and 0.03 mm in x and y axes respectively while the
joint angle error is estimated as less than 0.07 degree.

Papalazarou et al. [32] presented a non rigid structure from motion (NRSfM)) method with a robot kinematic model which
uses monoplane X-ray projection made with a small view separation for reconstructing the 3D shape of a deforming
curvilinear catheter. The combination of NRSfM and a kinematic model provides a low dimensional parametrization of
the catheter which is then used with an X-ray imaging system to retrieve the 3D shape of the catheter. The suitability of
this model is tested by moving the catheter in free space as well as inside a heart phantom model.

Vandini et al. [54] used an algorithm that fuses information acquired from monoplane X-ray images with a kinematic
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model to estimate the real time shape of the continuum robot. The intra-operative tracking of the continuum robot from
an X-ray projection is combined with a kinematic model of the robot using 2D/3D non rigid registration to find out the
realtime shape. The algorithm does not require repositioning of the C-arm, thus making it suitable for use in a space
constrained workplace. The proposed method of shape sensing estimates 0.88 mm as shape reconstruction error and
2.22 mm as tip tracking error.

The shape sensing methods described above are highly accurate and robust. However, these methods mostly rely on con-
tinuous exposure to ionising radiation, which produces 2% of cancers due to the excess use of these imaging technique [3].
To address this problem, Lobaton et al. [25] proposed a new idea which uses a small finite number of X-ray projection
images to reconstruct the 3D shape of the robot. This approach first estimates the robot’s shape using a kinematic model
and then refines the shape using data acquired from monoplane X-ray projected images. To acquire the latter a method
for optimal placement of C-arm which extracts images at discrete time points is derived. Although the method acquires
discrete images at a certain point, it is capable of finding acceptable realtime shape estimates over the total procedure
by integrating the previously extracted images with kinematics modelling. The method is implemented in a simulated
bronchoscopy environment. A tip tracking error is estimated to be 0.8 mm.

As ATLAS mostly focuses on smart flexible robots which can autonomously propel through complex deformable tubular
structure, shape sensing is essential to accurately control the robot without damaging the environment. In this case,
Electromagnetic (EM) shape sensing may fail in the presence of other electrical components and FBG based shape sensing
methods may not be implemented due to highly complex deformable structure of the robot [48]. As fluoroscopy techniques
are free from electromagnetic interferences and calculation of strains, this technique should not be fully discarded and
reemains a promising method for estimating the shape of these highly deformable robots accurately. Despite of these
advantages of fluoroscopy imaging technology, limitations like the use of bulky and costly instruments and larger ionising
radiation dosage remain a concern. Methods whereby different sensing modalities are fused could provide the best of
both worlds while reducing the total radiation exposure. Further research should be done to use this technique safely in
ATLAS targets.

2 Endoscopy Based Shape Estimation

2.1 Introduction

Despite extensive studies and research on fluoroscopy-based shape reconstruction, nearly all these methods suffer from
high computational expenses, large radiation dosages and large cost [48]. Unlike fluoroscopy imaging, endoscopy based
shape-reconstruction uses the images of the shape and distal tip pose of the instrument from an endoscopic camera to
reconstruct the shape of the instrument. For this technology a direct line of sight is needed and use in an environment
filled with blood is thus not an option. In the following an overview is given of reconstruction techniques based on this
modality.

2.2 Methods and Discussion

The shape reconstruction procedure using endoscopes follows typically two approaches: i.e. marker-based and marker-
less. In marker-based approaches, markers are placed on the instrument. The images from the endoscopic camera are
forwarded to marker tracking algorithms that try to find out the position vector U, of the instrument (observation). The
estimated position vector U is calculated from the 3D screen rendering. The error e is then calculated between observations
and estimated positions. The error is then fed to the visual servo control loop to find the state ¢ of the instrument.

In case of marker-less approaches, for a given current state ¢, a feature point vector U, (observations) is extracted by
using a computer vision algorithm. The estimated positions vector U is calculated using a kinematic and a camera model.
The error between observations and estimated positions is computed and fed to the control algorithm to reach accurate
state estimates of the instrument. Reilink ef al. [37] proposed a marker-less approach to reconstruct the 3D pose of a
flexible endoscope. The images from the endoscopic camera are processed to find the feature points on the instruments.
These features are compared with the calculated position of these points acquired from the kinematic model. Depending
on the deviation between the model and observations, the constructed state of the model is updated repeatedly so as to
match the model with observations. Reilink ef al. [36] also presented marker-based approaches by placing four markers
on the instrument. In this approach instead of feature points, the position information from the four markers is used to
update the instrument’s kinematic model. The approaches are tested inside a colon model. The marker-based approach,
[35], produces RMS errors of tip tracking as small as 1.1 mm, 1.7 mm and 1.7 mm while the marker-less approach [35]
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Figure 4.5: Marker-Less Shape Sensing Approach using Endoscopic Image

produces an RMS error of 1.5 mm, 1.6 mm and 1.8 mm in the X (horizontal), Y(vertical) and Z(away from the camera)
direction respectively.

Both these methods require precise geometry and kinematic models of the robot. However, obtaining such precise ge-
ometry is very difficult and sometimes these methods don’t produce good accuracy due to uncertainty in the model
parameters [4]. Cabras et al. [4] presented an improved marker-based approach using supervised learning to reduce the
uncertainty produced by previous models. With the support of coloured markers fixed to the instruments, this method uses
an image segmentation stage followed by a stage for position estimation. In the beginning, the markers are segmented
using an Adaptive Boosting algorithm trained by manually determining foreground and background samples from in vivo
images taken during operations. Thereafter, the centroid of the markers are calculated and are used as input to the data
pose estimation stage.

With disposable chip-on-tip cameras becoming available, endoscopy-based shape sensing methods could be implemented
in ATLAS to avoid bulky and costly instruments. This technique uses the robot cameras to estimate the shape, thus
eliminating the use of any external instrument and high radiation dosage. As this technique is successfully used for highly
deformable continuum robots, it can be implemented in ATLAS targets to estimate the shape of the robot accurately.
This can also reduce the space of workplace by eliminating lager size instruments which could be a great advantage in
ATLAS where we aim to optimise the reachable workspace. However, a direct line of sight is required in this process
to estimate the shape of the robot. Obstructions or occlusioins in this process will create problems in shape estimation.
Further advancement in this research is important to implement this concept, possibly requiring fusion with other sensor
modalities.

3 Ultrasound imaging Based Shape Estimation

Endoscope based imaging is able to estimate the shape of flexible instruments and robots in minimally invasive surgery
pretty accurate without requiring any extra sensors in the robot. However the line of sight of the endoscopic camera
creates a limitation for effective shape sensing of the flexible robots. Another fairly low-cost imaging modality which can
be used to see through tissue and (some) obstacles is ultrasound. This sensing modality is surveyed in this section.
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3.1 Introduction

Shape sensing based on ultrasound is an another alternative of medical imaging technology to estimate the shape and track
the instruments without exposure to large radiation dosages. In spite of the fact that the images produced in ultrasound
lack good visibility [6], this process could be used to estimate the shape consistently. In addition to this, ultrasound
imaging is safe, fast, portable and economical. This imaging method has been implemented to detect the position of
medical instruments [30, 29], to determine the position and orientation of long, thin surgical tools [53], to estimate needle
deflection [56] or track the tips of steerable needles [57, 59] and to detect continuum curved robot [39, 38] in different
minimally invasive surgery procedures. Moreover, this technique has also been implemented to reconstruct the shape of
instruments and robots used in MIS procedures.

3.2 Methods and Discussion

Greer et al. [10] presented a real time segmentation method to reconstruct the 3D shape of curved needles using combined
B-mode and power Doppler images from a tracked 2D ultrasound transducer. The approach consists of two steps - image
analysis and curve fitting. The image analysis is implemented on pairs of power Doppler and B-node images. An external
coil produces mechanical vibration which creates a Doppler response along the needle. This Doppler response is then
processed in order to identify the region of interest in the B-mode ultrasound image. B-mode image analysis is performed
within the region of interest to create a segmentation of the needle cross-section. Each section is processed to generate 2D
candidate points for the reconstruction process. The 2D points are then transformed to 3D world coordinates by taking
into account the ultrasound transducer pose. Finally, the 3D shape is reconstructed using these points with a curve fitting
model. For comparison a reference manual segmentation is conducted by identifying the needle in each image manually
and fitting a 3D polynomial to the identified points. The difference between the proposed segmentation method and the
manual segmentation is 0.38 mm=£0.27 mm. The tip position differed 0.71 mm=£0.55 mm from the manually indicated
tip position.

Carriere et al. [5] proposed a real time method to estimate the shape of a flexible needle by combining a kinematic
bicycle model with axial Transrectal Ultrasound (TRUS) image segmentation. In this method, the location of the needle’s
cross section is segmented out of each of the image slices captured normal to the insertion direction of the needle using
ultrasound imaging technology. The tracked cross section and the distance between successive image slices is incorporated
by a particle filter to update the parameters of the kinematic model for each image slice. This approach is followed to
predict the shape of the needle after complete insertion. The method is tested in ex-vivo beef phantom tissue and in-vivo
clinical images and produces an average tip prediction error of 0.497 mm=£0.38 mm and 0.44 mm £0.15 mm respectively.
Waine et al.[55] also employed 2D transverse ultrasound images to visualise 3D shape of the needle used in brachytherapy
process. They applied an intensity thresholding approach to find out the potential locations of the needle within each 2D
transverse ultrasound image. A Random Sample and Consensus (RANSAC) algorithm is then implemented to filter out
the outliers and then remaining points are fitted in a polynomial model to reconstruct the 3D shape of the needle. The
method is validated using 21 sets of ultrasound images of the brachytherapy needle embedded within a tissue phantom
and the estimated shape of the needle differs 0.5mm with respect to shape measure using camera.

Shape sensing using 3D ultrasound imaging has also received much attention in MIS. Neshat et al. [28] proposed a
novel method to detect the needle in real time using 3D ultrasound images. They presented an algorithm based on
parameterization of the shape of the instrument (needle) using Bézier polynomials and the generalized Radon/Hough
transform for real time detection of needle. This algorithm is implemented on a graphics processing units (GPU) using
Compute Unified Device Architecture (CUDA) programming. The effectiveness of the method is tested in an experimental
test-bed for robot-assisted image-guided minimally invasive lung brachytherapy and this approach is able to detect the tip
and the axis of the needle axis accurately. Ren and Dupont [39, 38] introduced a new method to detect the the curved
robot using 3D ultrasound imaging technique. This method fuses geodesic active contours and a speed function based
on enhancement of tubularity of the robot for detecting curved continuum robot. The proposed method is tested in ex
vivo intracardiac experiments. Although shape sensing using 3D ultrasound imaging is fast and accurate, the cost of 3D
ultrasound systems as compared to 2D ultrasound devices are higher which limits the successful implementation of this
3D ultrasound method [55].

Fluoroscopy imaging method generally uses high radiation dosage and limits the application due to safety issues. En-
doscopy based shape sensing needs a direct line of sight to perform shape sensing action. Ultrasound imaging can be
an alternative to fluoroscopy shape sensing and endoscopy-based shape sensing to estimate the shape of robot without
exposure to ionizing radiation. This method is safe and free from line of sight. This method is generally used for sensing
the shape of needle used in MIS intervention. But this can also be used for estimating the shape of continuum robot ac-
curately[39, 38]. As ATLAS deals mostly with continuum deformable robots, this method can be implemented for shape
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sensing of robots. While this method shows a lot of advantages, low resolution and signal to noise ratio are challenges
of ultrasound based shape sensing. Further research in this field is crucial for adopting this technology in applications
targeted by ATLAS.
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Table 4.2: Image Based Shape Sensing Models - slide 2

Authors

Imaging Principle

Methods

Tested Environment

Results

Papalazarou et al.

[32]

Monoplane Fluo-
roscopy

Non rigid structure from mo-
tion(NRSfM)) method with a robot
kinematic model

Moving the catheter in free space
as well as inside a heart phantom
model

Error not reported

Vandini et al.[54]

Monoplane  Fluo-
roscopy

Intra-operative tracking kinematic
model of the robot using 2D/3D non
rigid registration

A skull phantoml

0.88mm as shape recon-
struction error and 2.22mm
as tip tracking error

Lobaton et al.

[25]

Monoplane Fluo-
roscopy

Kinematic models with image data
from optimal placed C-arm

A simulated lung phantom in bron-
choscopy environment

The tip tracking error is
0.8mm

Reilink et al.
[37]

Endoscopy Imaging

Marker-less method which uses fea-
ture points information to update
the kinematic mode

A Colon phantom in transluminal
endoscopic surgery

RMS values for tip track-
ing error are 1.1mm, 1.7mm,
and 1.5 mm for three direc-
tions

Reilink et al.

[36]

Endoscopy Imaging

Marker-based : position informa-
tion from marker used with kine-
matic model

Colon phantom in transluminal en-
doscopic surgery

RMS values for tip track-
ing error are 1.1mm, 1.7mm,
and 1.5mm for three direc-
tions
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5 Electrical Impedance Tomography (EIT) and Resistance Based
Shape Estimation

1 Introduction

Shape sensing using electromagnetic tracking methods, imaging techniques and optical methods can be quiet efficient and
accurate [50, 54, 42]. However, these techniques have some limitations. Electromagnetic tracking methods are affected
by the presence of other magnetic or ferromagnetic materials or fields, making their use difficult in the environments
where other instruments or coils are present [franz2014electromagnetic]. Low resolution, high radiation dosages and
the use of bulky instruments [48] in the case of different imaging methods create challenges for potential applications in
shape sensing. FBG shape sensors may exhibit significant shape estimation errors in highly deformable structures [48]
and while having low diameters they do require space for integration.

Electrical impedance tomography (EIT) and resistance based shape sensing methods have been received much attention
nowadays with the hope to solve at least some of the abovementioned problems for shape sensing. EIT and resistance
based shape sensing work by attaching several sensors on the robot body. Where, EIT applies a current through surface
electrodes and measures electrical voltage to reconstruct the conductivity distribution and to obtain the tomographic
image of the interior structure of the object [boyle2012shape], in the case of resistive based shape sensing, current is sent
through a sensor to measure the change in resistance of the sensor. This change is used to find the shape and tip position
of the robots [gerboni2017feedback]. Although EIT and resistance based shape sensing come with some advantages, the
wiring of the different sensors remains a challenge for implementing these methods. An overview of both type of sensing
methods is explained in the following.

2 EIT Based Shape Sensing Method

2.1 Method and Discussion

For EIT typically, several conducting surface electrodes are attached to the boundary of the conductive object that is
being inspected. In each step, two electrodes are selected and an electrical current is applied through these electrodes.
The other electrodes are used to measure the electrical potential which is produced at the boundary of the object (see
Fig.5.1) [avery2019shape, visentin2018flexible]. The electrodes used for injecting electric current are referred to as
driving electrodes, while the other electrodes used for electrical potential measurement are referred to as measurement
electrodes. The distribution of current inside the object varies according to the local variations in internal permittivity or
conductivity which results in changes of electrical potential at the boundary of the object. This process is repeated for
each electrode pair until a full cycle is accomplished. Finally, an approximated resistivity distribution inside the object is
estimated by implementing an image reconstruction algorithm.

Using this concept Avery et al. [avery2019shape] presented a novel method to estimate the shape of a variable stiffness
soft robot. A new frequency division method (FDM) EIT concept is implemented in which multiple currents at different
frequencies were injected through different electrode pairs simultaneously. The commonly used EIT limits the temporal
resolution of the impedance images due to switching of injection electrodes. The FDM-based EIT method decreases the
data acquisition time by removing the need for switching injection electrode pairs. This in turn increases the temporal
resolution of the impedance images [dowrick2018phase]. This method is tested both in a hydraulic hinged actuator and a
pneumatic finger actuator with hydraulic beams using saline as a working fluid. The saline solution acts as both actuation
fluid and as a conductive medium for EIT measurements. A parallel system with six independent current sources that can
inject current at different frequencies is used in this method to apply current to electrode pairs and a DAQ system is used
to measure the electrical potentials across the electrodes. Then conductivity changes are reconstructed from measured
electrical potentials using quasi-static Maxwell equations with electrode model boundary conditions for one pair of elec-
trodes. Finally, the EIT image reconstruction is performed by employing a dedicated method [aristovich2014method] to
find the shape of the robot.
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5. Electrical Impedance Tomography (EIT) and Resistance Based Shape EstirlaRenistance Based Shape Sensing Method

Current
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Figure 5.1: Overview of EIT technique. Electrical current is injected into two electrodes, while other electrodes are used
to measure the electrical potential produced between them at the boundary. The current injection and measurement
process is repeated by changing driving electrodes until a full cycle is accomplished. In the figure, red lines indicate

surface electrodes, black lines show the field lines following the current direction and green lines are equipotential lines.

3 Resistance Based Shape Sensing Method

3.1 Methods and Discussion

In case of resistance based shape sensing, several strain sensors are attached on the body of a flexible robot. The re-
sistance of these sensors changes when there is a longitudinal and bending strain across the sensor. The change in
resistance is then processed and used with some mechanical model [renda2012general] to reconstruct the shape of the
robot [renda2012general].

Cianchetti et al. [cianchetti2012sensorization] presented a novel method which uses stretch sensors to reconstruct the
spatial configuration of a continuum soft robot. In this method 20 pieces of conductive textile material are placed on
two sides of an octopus-inspired arm prototype which is made up of silicon. The conductive textile produces change
in resistance when the shape of the robot changes. Using this information, the relation between strain and resistance is
estimated. Then a spatial configuration reconstruction method given by Renda et al. [renda2012general] is implemented
to reconstruct the shape of the robot.

Wurdemann et al. [wardemann2015embedded] proposed a shape sensing solution using conductive yarn to estimate
the shape of the soft manipulator. Three pieces of conductive yarn have been embedded inside a soft manipulator made
from silicon with three pneumatic actuation chambers. When an elongation in the conductive yarn takes place, the yarn
material shrinks laterally producing a change in electrical resistance of yarn. The relation between the length and electrical
resistance of yarn can be determined and further used to calculate the bending curvature, bending angle and orientation of
the soft manipulator.

The EIT and resistance-based shape sensing methods are free from electromagnetic interference and high radiation dosage.
Overall the cost of this technology is low, but integration and wiring remains a challenge. Further exploration in this field
would be needed before implementation of this method in ATLAS.
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