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Abstract

Robot-assisted surgery can greatly improve minimally invasive procedures by offering
enhanced precision, dexterity, and ergonomics. However, a critical limitation of robot-
assisted systems is the absence of real-time haptic feedback. Current systems generally
lack appropriate sensors to assess interaction forces and tissue properties during tool
manipulation. The resulting lack of feedback limits effectiveness of robotic manipulation,
especially for novice operators, and is detrimental to increased autonomy for robotic
systems.

Consequently, there is a need for novel sensor technology that can provide the desired
intraoperative sensing. However, tool-tissue interactions are highly complex and difficult
to measure. They are affected by the relationship between the applied interaction
forces, the observable deformation, and the biomechanical properties of the sample.
Quantitative measurements of these values are difficult to obtain during minimally
invasive procedures, e.g. due to the required sensor miniaturization or friction. To address
these challenges, this work explores the application of optical coherence tomography
(OCT) for intraoperative sensing. We consider fiber-optic probes and high-speed, phase-
sensitive OCT for quantitative estimates of tool-tissue interactions.

In the context of robotic-assisted needle insertions, we develop OCT needle probes
for enhanced feedback on needle-tissue-interactions. Our contributions include OCT-
based needle tip force sensing, depth-sensing of tissue interfaces, and estimating elastic
properties in deep tissue. We also couple our approaches with collaborative robotics to
provide novel guidance during needle insertions with haptic feedback. Furthermore, we
contribute to the development of intelligent OCT-based sensing systems by integrating
end-to-end deep learning approaches. We show how the fusion of deformation and
elastography data in a single model can benefit optical force estimation. We further
explore transformer models tailored to the unique spatio-temporal nature of OCT and
demonstrate improved accuracy and robustness for elasticity estimation.

Our findings demonstrate that OCT, especially when combined with machine learning,
offers a powerful tool for a better understanding of tool-tissue interactions during robot-
assisted interventions. Our miniaturized OCT sensors improve needle placement and
demonstrate superior feedback to external measurements. The conducted studies show
how optical sensing can enable the measurement of both the interaction forces and
biomechanical tissue properties. Adopting end-to-end learning-based approaches further
demonstrates an effective alternative to conventional processing that can be error-prone
and difficult to optimize manually. Our studies thus highlight the potential of OCT for
versatile intraoperative feedback. Further investigation will be needed to develop and
validate our approaches for clinical applications and future advancements in intelligent
robotic surgery.

xi






1 Introduction

Robot-assisted surgery can improve patient outcomes due to improved dexterity
and safety, and its clinical availability is steadily increasing |1}, [2]. Most importantly,
robotic assistance can provide greater efficiency and enhanced precision, resulting in
less trauma and shorter recovery times for patients [3, |4] and improved ergonomics for
surgeons [5]. However, the broad clinical application of robot-assisted interventions is
still limited. Besides costs, one of the major limitations of current RAS systems is their
lack of sensory feedback on the interactions between tool and tissue [2, 6].

While current systems generally lack sensors for assessing tool-tissue interactions, such
feedback is associated with numerous benefits, e.g. shorter operating times, higher
success rates, greater accuracy, or reduced mental workload |7}, 8]. Haptic feedback can
be particularly helpful during challenging procedures, reduce interaction forces and is
beneficial for shortening training times of young surgeons [9-12]. In addition to generally
reducing the strength of applied forces, force feedback can provide safety features to
prevent soft tissue damage |13]. Furthermore, the feedback of the applied forces in
combination with the observation of the resulting tissue deformation can enable the
assessment of biomechanical tissue properties. The estimated elasticity of soft tissue can
be an important indicator for differentiating between healthy and cancerous tissue [14H18].
Since surgeons rely on their sense of touch to manipulate tissues and localize anatomical
structures and pathologies, enabling such remote palpation through sensors has been a
goal for decades [19]. A sensor-based quantitative assessment of tissue properties could
additionally alleviate the problem of subjective perception in traditional palpation.
Furthermore, feedback on interaction forces and a better understanding of tissue proper-
ties will be essential for greater autonomy in RAS |6} 20, 21]|. Ultimately, the potential
of robotic applications lies in intelligent systems that enable significant automation.
Feedback on tool-tissue interactions is therefore not only relevant to current collaborative
approaches but will also become increasingly essential as robotic systems slowly transition
to autonomous systems, beginning with routine tasks such as suturing.

Still, the lack of real-time force feedback remains and currently limits clinical systems in
practice [2, 6, 22-25]. In particular, there is limited sensory feedback on the magnitude
of applied forces and the assessment of elastic tissue properties during manipulation. The
development of quantitative sensors is challenging due to the required miniaturization for
minimally invasive surgery . The interplay between applied forces, tool mechanics,
tissue deformation and biomechanical properties is complex and difficult to assess
externally. Existing approaches for sensing forces or elastic properties are generally
not compatible for the intraoperative environment. Therefore, novel sensors are needed
to recreate the haptic sensations commonly exploited in open surgery, e.g. palpation.
Additionally, such sensors could create new possibilities for navigation in minimally
invasive procedures such as robot-assisted needle insertion . This work therefore
investigates new approaches for sensors that enable quantitative assessment of tool-tissue
interactions during robot-assisted interventions.

In particular, this work explores the application of optical coherence tomography
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for the intraoperative sensing of applied forces and tissue elasticity. OCT is a laser-based
technology that provides high temporal and spatial resolution imaging. OCT is ideally
suited for the visualization of microstructures with a typical resolution around 10 pm
with high-resolution OCT systems reaching around 1pm |26} 27]. However, the main
disadvantage of OCT compared to other imaging modalities such as ultrasound
or magnetic resonance imaging is the high attenuation of near-infrared light by
the abundant water and melatin molecules present in soft tissue [28]. The maximum
imaging depth of OCT is therefore limited to approximately 2 mm in most tissues [29,
30]. OCT thus fills an important niche between confocal microscopy and ultrasound
imaging in terms of image resolution and image depth and is best suited for imaging
superficial structures. OCT was therefore originally proposed for retinal imaging [31]
and has become the gold standard for diagnosis in ophthalmology [32-34]. Since, OCT
has been considered for numerous other applications, e.g. intravascular optical coherence
tomography for the detection of arterial plaques or the assessment of stents
in cardiology [35-38|, in dermatology for the assessment of skin tissue [39-41], or in
oncology as an alternative to histopathology for e.g. breast cancer detection [42-44].
By extending OCT to phase-sensitive imaging, submicrometer displacements can be
detected with high spatial and temporal resolution, which subsequently can be used for
optical coherence elastography that enables the biomechanical characterization
of tissue [45-{52]. This makes OCT especially interesting when it comes to assessing the
interaction forces between the tool and tissue as well as the tissue properties. However,
OCT is usually coupled with lateral scanning to obtain cross-sectional or volumetric
images. In contrast, the surgical regions of interest during RAS often lie deep within
soft tissue, e.g. cancerous tissue during percutaneous biopsy or robot-assisted minimally
invasive surgery (RAMIS|), where surface scanning with table-top systems is not possible.
To this end, miniaturized fiber optic probes offer the opportunity to develop new ap-
proaches for intraoperative sensor technology, e.g. handheld scanners [53-66], endoscopic
imaging probes [67H81] or fiber optic sensors and needle probes [82-141]. However, most
approaches focus on morphological imaging and prior investigations considering sensors
for tool-tissue interactions have been limited.

This work therefore addresses the potential application of OCT for sensing tool-tissue
interactions in two surgical scenarios: robot-guided insertion of needles and manipulation
of tissue with robotic instruments in MIS. In the first case of RANI, the primary challenge
is quantitatively measuring relevant properties at the needle tip, where the most relevant
tool-tissue interactions occur. We are therefore exploring the adaptation of OCT for
needle-based probes to improve placement accuracy and enable novel guidance during
needle insertion. In the second case of RAMIS, access to the region of interest remains
constrained but access is less restricted than in needle-based procedures. Laparoscopic
imaging and existing incisions facilitate better sensor integration. Compared to needle
insertions, the larger instrument size and target region also provide greater flexibility
with respect to sensor miniaturization. In this context, our focus shifts to advanced
data processing techniques for extracting interaction forces and tissue elasticity from
OCT data. Achieving robust data processing with conventional approaches can be
challenging due to the high-resolution spatio-temporal data from optical sensors and
the modeling of complex biomechanical interactions. Tool-tissue interactions depend
on numerous uncertain factors, including contact conditions, surrounding structures,
and material properties. Learning-based approaches present a promising tool to address
these challenges. Deep learning has been established as a powerful method in processing
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Fig. 1.1: Graphical abstract visualizing the main topics covered in this work. We
investigate how we can utilize OCT for detection of sample deformations
coupled with deep learning to derive feedback on interaction forces or tissue
properties in robotic-assisted interventions, e.g. for needle guidance in RANI.

high-dimensional data and modeling non-linear dependencies. This has resulted in the
widespread success of deep learning in many fields, including medical image analysis.
Therefore, this work explores learning-based approaches integrated with OCT to achieve
effective and versatile sensor calibration for tool-tissue interactions (Fig. [L.1)).

From these considerations, we derive two principal research topics covered in this work.

1. How can we utilize OCT for sensing tool-tissue interactions at the tip of med-
ical needles for new and improved methods of navigation during robot-assisted
insertions?

2. How can we improve end-to-end deep learning to more accurately estimate interac-
tion forces and tissue elasticity from spatio-temporal OCT data?

1.1 Contributions

Building on previous work, this thesis covers our contributions [142-147] to ongoing
efforts to realize OCT-based sensing of tool-tissue interactions related to these two topics.

OCT-guided Robotic Needle Insertions: Forward-facing OCT needle probes have
been considered for the guidance of needle insertions through critical structures and
the visualization of important events such as tissue ruptures [136} [137]. Building on
these findings, we develop a forward-facing OCT needle depth sensor coupled with a
collaborative robotic setup. Our work demonstrates that we can provide feedback on
the proximity of the needle to critical tissue interfaces during puncture, and we show
that this could improve the accuracy of needle placement during RANT [142].

In addition to depth sensing at the needle tip, OCT has previously been considered
as an alternative for needle tip force estimation [133H135]. We improve upon these
investigations by adapting the OCT sensor and combining it with our robotic system for
automated biopsy sampling [148| for collaborative robotic needle guidance with tip force
feedback [143]. Our work illustrates how needle tip forces can be measured using OCT
and how important the local measurements are for identifying and navigating through
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tissue interfaces, as otherwise the frictional forces are superimposed on the measurement
of forces at the base of the needle.

Based on these contributions, we show that forward-facing OCT can be combined with
force sensing to simultaneously measure tissue deformation and the applied load locally
at the tip of a beveled needle to enable elasticity estimation [144]. Thus, we propose a
dual-fiber probe that enables biomechanical characterization of deep tissues using OCE.
We also show how these local measurements at the needle tip provide superior feedback
compared to external sensors.

Deep Learning for OCT-based Sensors in Robotic Tissue Manipulation:
Previously, volumetric OCT has been used in conjunction with deep learning for various
tasks, such as pose estimation and motion tracking [149} [150]. It has also been considered
in tool-tissue interactions for elasticity reconstruction [151-154] and vision-based force
estimation [155H157]. Extending these investigations, we consider deep learning for optical
force estimation, but in combination with the simultaneous reconstruction of sample
elasticity [145]. Thereby, we emphasise that sample elasticity must be considered in
image-based force estimation, as it reflects the relationship between the unknown applied
load and the observed deformation. Our work demonstrates how deep learning models
can effectively integrate elasticity estimates to improve end-to-end force estimation across
different tissue types and properties.

Finally, we consider a new learning-based approach tailored to processing of spatio-
temporal data from OCT and OCE. Previous deep learning applications in OCT have
predominantly focused on convolutional neural networks to study tool-tissue
interactions [138-141}[149-159|, but OCT data is inherently a sequence of one-dimensional
axial scans acquired in rapid succession over time. While previous work
has addressed recurrent convolutional architectures tailored to this spatio-temporal
data [133] [134] [156] we show how transformers can effectively process sequences of
A-scans to improve elasticity reconstruction during tool-tissue interaction [147]. Using
excitation of waves in the sample with a modified robotic manipulator [146] we show
how transformers outperform conventional and CNN-based approaches for this task.

1.2 Outline

The following thesis covers these contributions in detail and is structured as follows.
Chapter [2| provides relevant background, including the interactions between tool and
tissue in RAMIS and RANI as well as the basics of OCT. Chapter [2| describes the current
state of the art in sensors for tool-tissue interactions, intraoperative applications of OCT
and OCE, and includes an introduction to deep learning approaches relevant to this
work. Chapter [ presents the OCT sensors and experimental setups and describes the
acquired data sets and the deep learning methodology for processing spatio-temporal
OCT data. Chapter [ gives an overview of the results of the experiments performed
and summarizes the most important findings of the individual contributions. Chapter
provides a discussion of the approaches in comparison to the state of the art, evaluates
the limitations and considers the contributions with respect to our two main research
topics. Chapter [6] provides a summary and presents suggestions for promising direction
of future research. Finally, the published manuscripts related to this thesis are collected
in chapter



2 Background and State of the Art

This chapter provides an introduction to the main topics relevant to this work. These
include tool-tissue interactions during robot-assisted manipulation, OCT, state-of-the-art
sensors, and lastly relevant deep learning approaches.

2.1 Tool-Tissue-Interactions

In this work, we consider tool-tissue interactions during the manipulation of tissue
with robotic instruments in RAMIS and RANI. We specifically want to sense tool-
tissue interactions optically, therefore deriving applied forces from the observed tissue
deformation or deriving elastic properties from observing the response to a known
mechanical stimulus. Conventionally, this requires modeling the elastic behavior of the
manipulated tissue. While our contributions mostly focus on the application of deep
learning to model the tool-tissue interactions, we include the elementary modeling of
elastic tissue deformation assuming a linear, homogeneous and isotropic medium. We
then introduce the considered tool-tissue interactions in RANI and RAMIS together with
a short overview of the state of the art for sensors in these fields, excluding OCT-based
approaches that are presented separately in section

2.1.1 Linear Elastic Model

The following is based on [51] and [52]. The relation between the Cauchy stress [o] and
strain || in three-dimensional (3D)) space is given by

€11 + -2 L 0 0 0] (on
€922 —% % —% 0 0 0 09292
£33 . —% —% % 0 0 0 J33 (2 1)
2¢2( |0 0 0 & 0 0f]o ‘
2e13 0 0 0 0 & 0f]os
293 L0 0 0 0 0 & low

where [| denotes the Poission’s ratio, [£] the Young’s modulus relating uniaxial strain
and stress in normal directions (i = j) and |G| the shear modulus for shear strain and
stress in any ij-direction (i # j). We can the describe the relation between the Young’s
modulus F and the shear modulus G with

E=2(1+v)G (2.2)

that further simplifies to £ = 3G as tissue is generally considered incompressible
(v &~ 0.5). For uniaxial compression along the first spatial dimension, we obtain

g11 = 3G611 = E€11. (2.3)
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Fig. 2.1: Illustration of needle-tissue interactions during RANI. Surgical needles are driven
through multiple tissue layers to reach the desired target placement. Image-
guided robotic assistance can facilitate accurate placement along a planned
trajectory, but there exists limited sensory feedback on important needle-
tissue interactions. Friction forces superimpose with needle tip forces and tissue
deformation is difficult to observe. Therefore, detection of important interactions
such as ruptures, the proximity of critical structures or the estimation of
biomechanical properties at the needle tip is commonly unavailable.

The strain component €17 can be measured as the derivative of the axial displacement.
We regard the z direction as the first spatial direction and denote axial displacement,
stress and strain as ju} o and ¢, respectively.

_(5u

8—@.

(2.4)

During compression tests, the applied stress is often assumed to be uniform resulting in

S 2.5
o= (2.5)
where [F] denotes the applied force and [A] the contact area. In addition to compression,
the relation between the shear modulus, the density [g] and the velocity of shear waves
is governed by

G = pc%. (2.6)

Therefore, equivalent elastic properties of tissue may be obtained through the application
of uniaxial stress and measuring the single normal strain component €11 or by exciting
and detecting the velocity of the propagating wave. The image-based measurement of
elasticity is called elastography. Note that for quantitative elasticity reconstruction,
both the applied load and the strain must be measured locally during compression.
For wave-based elastography, only wave propagation is measured and the approach is
therefore heavily reliant on correctly modeling wave propagation in tissue, e.g. type
of wave or boundary conditions. As exciting and observing shear waves with OCT
can be challenging, Rayleigh-Lamb surface waves are often considered for elasticity
reconstruction [52}, 160-162] and their observed phase velocity can be related to the

shear modulus via
Cph

(0.862 + 1.140) /(1 + v)°

cg = (2.7)



2.1 Tool-Tissue-Interactions

2.1.2 Robot-assisted Needle Insertions

The placement of needles is an important task in numerous diagnostic and therapeutic
procedures, e.g. biopsy, brachytherapy, injection or ablation. Precise positioning directly
determines the effectiveness of these approaches, e.g. false-negative sampling in biopsy
or incorrect dosage in brachytherapy. In clinical practice, needles are still generally
placed manually under image guidance with accuracy depending heavily on the opera-
tor [163-166]. But it has been shown that robot assistance can improve standardization
and accuracy, e.g. for stereotactic cranial needle and electrode placement or prostate
biopsy [167H169]. While RANI systems have not reached a similar level of commercial-
ization and widespread clinical application as the da Vinci platform (Intuitive Surgical,
Inc., USA), they have been considered for over three decades [170] and are commonly
coupled with image guidance to navigate the insertions, e.g. US [171H176], computed
tomography [177H182] or MRI [183-187]. Proposed RANI platforms vary greatly

in design, ranging from small patient-mounted actuators to large serial robots.

The research effort has also led to the introduction of commercial RANI systems, e.g.
Cirq (Brainlab, Germany) or ROSA (Zimmer, Inc., USA). Consequently, there is an
opportunity to utilize these robotic platforms not just for accurate needle placement
but also as a way to render additional feedback obtained through sensing needle-tissue
interactions. In comparison to the manipulation with surgical tools which can be non-
destructive, e.g. pushing or grasping with forceps, needle insertions inherently involve
tissue rupture (see Fig. . Needle-tissue interactions are therefore commonly consid-
ered in multiple phases, e.g. pre- and post-rupture, and containing multiple components,
e.g. needle tip and friction force |188] |189)].

The focus commonly lies on needle tip force estimation to provide feedback on the
interactions occurring locally at the needle-tissue interface. Needle forces displayed to
the physician in teleoperated or collaborative systems enhance the navigation during
percutaneous insertions [190-194]. There has been a large effort to model needle insertion
forces [195-201] to provide indirect feedback on needle tip forces. Alternatively, direct
force feedback uses miniaturized sensors integrated in surgical needles, e.g. strain
gauges [202], fiber Bragg gratings [191], [192] or Fabry Pérot interferometer
[203-207]. A detailed overview of embedded sensors for guiding needle-based
interventions is also discussed in [196} 201]. Other feedback on needle-tissue interactions
besides force range from estimating the proximity to the target [208] to shape sensing [183]
or detecting puncture events [194]. In addition, assessing the elasticity of tissue during
needle insertion could provide valuable insights during navigation and allow in-vivo
tissue characterization. This has been considered by coupling needle tip force sensing
with tracking of robot indentation depth for stiffness reconstruction [209]. But relating
external displacement to local loads can make it difficult to distinguish between tissue
deformation and bulk tissue displacement. Displacement might occur when applying a
force to a solid organ in soft surroundings, e.g. prostate displacement during biopsy [186]
187]. Alternatively, a dual FPI sensor in a flat tip needle for measuring both the applied
load and indentation depth has been proposed for deriving Young’s modulus [210]. Still,
these approaches do not directly visualize the tissue during the needle insertion and
OCT provides a unique opportunity for novel sensors of needle-tissue interactions, e.g.
to combine local load sensing with strain estimation for elasticity reconstruction.
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Fig. 2.2: Illustration of RAMIS systems that are typically controlled teleoperatively and
commonly provide no feedback on tool-tissue interactions. It would be desirable
to reinstate the surgeons ability to palpate tissue for assessing tissue properties
or to provide feedback on applied forces during tissue manipulation, e.g. during
grasping or pushing tissue. Observing tissue deformations during manipulation
with surgical tools could enable the indirect estimation of interaction forces
and tissue properties.

2.1.3 Robot-assisted Minimally Invasive Surgery

For RAMIS, versatile systems offering robotic assistance in different surgical scenarios
from urology to general surgery are growing continuously, with multiple commercial
systems, e.g. Senhance (Asensus Surgical, Inc., USA) or Hugo (Medtronic ple, Ireland),
joining the well-established da Vinci (Intuitive Surgical, Inc., USA) system [211} [212].
These systems generally feature a master-slave robot configuration and allow the surgeons
to precisely control the robotic manipulators teleoperatively (see Fig. . The types of
tool-tissue interactions in RAMIS vary greatly in complexity between surgical steps and
the used tool, e.g. pushing and grasping tissue, cutting and cauterization or suturing.
Due to the minimally invasive and teleoperative configuration, surgeons can not rely on
their sense of touch for feedback on tool-tissue interactions. Modeling and sensing these
interactions will be essential for improving RAMIS but providing meaningful feedback
to the physicians can be difficult, especially for complex manipulation. Research is
predominantly focused on feedback on the magnitude of applied forces during non-
destructive basic tasks, e.g. elastic deformation during pushing or grasping. Coupling
load sensing with tracking tissue deformation additionally enables assessment of elastic
tissue properties next to intraoperative force estimation. Fig. schematically visualizes
these tool-tissue interactions during palpation. We consequently want to investigate the
interplay between applied forces of the tools that can displace or deform tissue and the
elastic properties of tissue that affect how these interactions take place, e.g. a stiffer
tissue will require a larger load to deform.

For sensing interaction forces or torque in RAMIS or laparoscopic surgery, multiple direct
and indirect approaches have been considered analogous to RANI. Direct approaches
involve the integration of sensors into the surgical tools or the design of dedicated tools
for intraoperative force sensing, e.g. strain gauge-based sensors, optical approaches like
FBG or capacitive sensors. Alternatively, indirect approaches do not involve dedicated
sensors at the tool tip and instead derive interaction forces from external data, e.g. by
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modeling tool mechanics and evaluating actuator inputs [213]. We refer to [214-218]
for recent surveys covering the topic in detail. However, we want to highlight the
indirect image-based approach for which OCT is a promising imaging modality due
to it’s high temporal and spatial resolution. In the image-based approach tool-tissue
interaction forces are derived from the observed tissue deformation [219H238]. While
early methods used to involve modeling tissue elasticity, e.g. via finite element methods
or deformable template matching [219-225], recent approaches have focused on the
application of deep learning to implicitly learn the relation between tissue properties,
observed deformation and interaction load [226-238]. In contrast to interaction forces,
there are few proposed solutions for the quantitative assessment of tissue properties
during tool-tissue interactions. Approaches investigating robotic palpation often involve
the discussed force or pressure sensors without additionally imaging the resulting tissue
deformation, e.g. comparing interaction forces or tactile sensations for qualitative
elasticity contrast [239-241] or relating the measured forces to the driven indentation
distance of the robot [242-244]. Recently, a membrane-based sensor for robotic palpation
has been considered that allows quantification of tissue elasticity without external
sensors for measuring actuation [245]. But without visualizing tissue deformation direct
differentiation of tissue deformation and bulk tissue movement is still limited. There
exist other approaches enabling quantitative elasticity reconstruction but which are not
designed for the limited space of MIS, e.g. handheld tactile sensors [246-248|. Therefore,
there remains a need for quantitative sensory feedback on tool-tissue interactions during
RAS.

2.2 Optical Coherence Tomography

In the following, an introduction to the underlying principle of OCT and subsequent
image reconstruction is given. Additionally, scientific works relevant to the intraoperative
use of OCT and OCE for tool forces and tissue properties are presented.

2.2.1 Fundamentals

OCT is based on a Michelson interferometer paired with low-coherence near-infrared
light (Fig. . The light is directed at a beam splitter that splits into one path
reflected by a reference mirror and a second path targeting the measured sample. The
light backscattered from the sample is recombined with the reference. The resulting
interference pattern can be measured at the detector. Due to the low-coherence light
source, only light that has travelled the same path length will result in a measurable
interference. This allows the measured interference signal to be matched to a specific axial
location that depends on the path length of the reference mirror [29-31]. Miniaturized
fiber optic OCT probes may use common-path imaging, in which the interferometer
design is simplified and the partial reflection at the probe interface is used as the reference
signal. In early TD-OCT systems, axial line scans were obtained by changing the axial
positions of the reference mirror which severely limited the maximum line scan rate [31,
249]. But with the introduction of Fourier-domain OCT, the interference signal can be
resolved for different wave lengths which encode the reflectance as a funciton of depth
(Fig. . The spectral information can be acquired simultaneously for axial depth
without moving the reference arm, so Fourier-domain OCT can provide significantly
higher sampling frequencies and sensitivity [29, 32, 250].
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Fig. 2.3: Schematic of interferometry used in OCT. Fourier-domain OCT enables fast
successive acquisition of axial scans. An OCT measurement is inherently a
sequence of A-scans acquired at different temporal or spatial locations. Each
A-scan contains intensity data visualizing the reflectivity of the sample over
the axial depth z. In contrast, the OCT phase over depth is generally random
but observing phase differences between A-scans at the same location enables
the detection of micrometer displacements, e.g. for wave-based OCE. Multidi-
mensional images can be acquired through scanning systems or through the
movement of miniaturized handheld OCT probes. For scanless forward-facing
needle probes, temporal and depth dimension are superimposed during needle
insertion.
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2.2.2 Scanning

The combined measurement of interference signals over the depth (z) denotes a single
axial scan, commonly referred to as A-scan or line scan. Multidimensional OCT scans are
the sequential accumulation of 1D A-scans at different spatial or temporal locations. A
sequence of 1D A-Scans over time [¢|is referred to as an (1D+t). Optical scanning
is employed to acquire cross-sectional or even volumetric images via galvanometer
or micro-eletrco-mechanical systems scanners [251} 252]. refers to
cross-sectional two-dimensional images with the beam deflected along a single
lateral axis and denotes 3D measurements with scanning along both lateral axes.
Successively acquired B-scans over time commonly used for dynamic OCT imaging such
as elastography are consequently denoted as a Other approaches consider
scanless OCT probes that are moved directly for imaging different regions of interest, e.g.,
by rotation and simultaneous pullback for catheter-based probes or manual movement
of handheld fiber optic probes. OCT data is therefore always a temporal sequence of
A-scans that can be reconstructed to multidimensional images befitting the scanning

scheme (Fig. [2.3)).

2.2.3 Signal Reconstruction

In the following, the reconstruction of the depth-resolved interference signal is described
briefly. Additional information and an in-depth description of OCT signal reconstruction
can be found in [29, 253]. The following overview is summarized on the basis of
these works and was presented in a similar way in [254]. The OCT light source emits
electromagnetic waves with wavenumber [k and angular frequency fw] The electrical field
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at the distance z at time ¢ with the field amplitude (k, w) can be described with
BE(z,t) = s(k,w)e k=1, (2.8)

Assuming an ideal beam splitter and mirror, the electrical field of the reference path is

E .
Ep = —=rpe**r, 2.9
R NG R (2.9)
The depth-dependent reflectivity [r| along the axial axis in the sample path can be
described by a convolution

E ,

Eg = —[rg(zg)  e2k=s 2.10

s \/§[ s(zs) ] (2.10)

where index rr and rg denote the reflectivity of the reference and sample, respectively.

Considered the sample as a series of N real-valued discrete reflector layers with a
reflectivity rg, at layer 7 resulting in

N
rs(zs) =Y rs,0(zs — zs,)- (2.11)
=1

Considering the responsivity of the detector [g the detector generates a photocurrent
proportional to the square of the sum of the fields and the detector signal I can be
written as

N
I(k,w) = Q<’MTRei(2sz—wt) 4 5(h,w) S rs ez‘(2kzs—wt>‘2> (2.12)
’ 2\ 2 V2 o ' '

The dependency on w can be neglected because the frequency is too high for the detector
to resolve and equation [2.12) can be written as time invariant. Introducing the reflectance
@ = |r|? and the light source’s power spectral dependence (k:), the signal can be
fractured into three parts using Euler’s rule.

106 = 2[s0 (R + 3 75| 219
=1
N
+ 5[5 X R col2bten —2s)
OISR TY— |

i#£m=1

The first constant “DC” component is independent of pathlength and is dominated
by the source spectrum and the reference reflectivity. The remaining signal contains
the desired interference spectrum of the sample and auto-correlation noise caused by
the interference between different discrete reflectors. The depth-dependent reflectivity
I(z) can be acquired from the spectral measurement via the Fourier transform. To
improve image quality, the measured signal typically undergoes “DC” subtraction, k-
space re-interpolation, dispersion compensation and spectral windowing prior to Fourier
transformation [32]. Note that in reality, the sample reflectivity g is continuous and may
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also encode complex phase information. Therefore, the obtained complex interferogram
in phase-sensitive OCT can be expressed with an amplitude [o] and a phase angle
component. The intensity of the OCT signal o a(z)? enables structural imaging and
is therefore most commonly used in OCT. It enables detailed visualization of tissue
morphology, e.g., established clinical applications in ophthalmology or cardiology [255|
256].

Far less explored is the additionally available phase information ¢(z). The phase ¢(z) for
a discrete reflector is random but changes to the axial position of the reflector correspond
to changes of it’s phase signal (Fig. . The phase shift between two A-scans can be
used to calculate the depth dependent displacement du(z) via

so(z) = 2T oulz) (2.14)

Ao

where [n] denotes the refractive index and [Ah the central wavelength. Phase-sensitive
OCT can therefore visualize displacement over time (between successive A-scans) with a
resolution far above the axial resolution 257, 258|. Phase-resolved OCT consequently
offers great potential for the intraoperative use of OCT when sensing dynamic tissue
mechanics or interaction forces. However, the phase information of the complex OCT
signal is bounded by [—, 7] and large displacements consequently cause phase wrapping.
Processing phase-sensitive OCT therefore often requires sophisticated algorithms for
accurately estimating larger displacements or strain [259] 260].

2.2.4 Optical Coherence Elastography

Phase-sensitive measurements of displacements is particularly valuable for the assess-
ment of tissue elasticity in OCE under a mechanical stimulus, e.g. strain estimation
during compression. In the following, we give a brief overview of OCE techniques. A
detailed picture of different OCE approaches and their applications has been covered
comprehensively in [45H52].

OCE techniques can be grouped by their respective method of mechanical stimulation
ranging from active methods, e.g. acoustic radiation force or bulk compression, to passive
methods, e.g. intraocular pressure or pulse [46, 48]. The most important and promising
stimuli are bulk compression and wave excitation. Compression based OCE is a quasi-
static approach has been considered since shortly after the introduction of OCT for
qualitative elastograms [261-H267]. Quantitative Young’s modulus reconstruction was then
achieved by the additional estimation of local stress via a compliant reference layer [268].
Compression OCE offers high spatial resolution but requires direct contact and must
consider friction and misalignment for accurate estimation of local stress [269-271].
Compression OCE can provide complete loading and unloading curves and therefore can
be extended to monitor non-linear behavior, e.g. for breast tissue characterization [272|
273]. Compression OCE has been considered for the intraoperative use in multiple
applications, e.g., in ophthalmology [274-276] or oncology [268) [272, 277-283].

In comparison to compression OCE, in wave-based OCE elastic properties of the sample
are reconstructed by the excitation of waves in the sample with subsequent observation
of their propagation. Wave excitation allows for more flexible mechanical stimulation,
e.g. contactless air-puff excitation [284-287], and can also readily reveal dynamic
biomechanical properties of tissue, e.g. viscoelasticity [288] [289]. But because only wave
propagation and no local stresses are measured, wave-based OCE is heavily reliant on
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correctly modeling wave propagation in tissue, e.g. type of wave or boundary conditions.
Applications for wave-based OCE also vary greatly from dermatology [40, 41| and
ophthalmology [161}, 162, 287-290] to oncology [286) [291].

2.2.5 Miniaturized Probes for Intraoperative Application

Intraoperative or perioperative use of OCT has considered early for retinal surgery [292]
and examining microstructures similar to histopathology [293]. Since, it has seen great
success in microscope integrated systems for ophthalmic surgery with numerous compre-
hensive reviews covering relevant research and clinical application [252, |256, 294}-299].
But due to the bulk of tabletop systems, OCT is often only applicable for examining
ex-vivo or superficial tissue, e.g. skin or eyes. Therefore, miniaturization is key for the
intraoperative use of OCT. The following state of the art will focus on applications besides
microscope integrated OCT and only feature selected approaches from ophthalmology
particularly relevant in the context of this work.

Multiple handheld OCT scanners have been proposed [53-60] and handheld scanners
have also been used for assessing tissue properties via OCE [61-66]. But while some
of the proposed scanners are small enough for specific applications of in-vivo tissue
assessment, e.g. for breast tumor detection in the surgical cavity [63-65], only further
miniaturization to fiber-based endoscopic and needle probes enables applications of OCT
in a truly minimally invasive setting [300, [301]. These approaches therefore lay the
foundation for the feedback on interaction forces and tissue properties during RAMIS
and RANI considered in this work.

Fiber-based OCT probes have been previously considered for multiple applications
besides IVOCT, e.g. high-resolution endoscopic imaging for robotic or laparoscopic
surgery [67-70] or endoscopic visualization of the upper airway [71-79]

Miniaturized OCT probes can also enable the detection of breast tumor tissue [82-85],
intraocular image guidance during eye surgery [86-96], feedback on critical structures
during epidural anesthesia [97-100] or Veress needle insertion |101], avoidance of blood
vessels during stereotactic brain surgery [102H105], or differentiating tissues during biopsy,
e.g. for pulmonary lymph nodes [106-110] or prostate biopsy [111H114]. Minaturized
OCT approaches may enable forward viewing [80] or radial imaging [115] and range
from scanless fiber probes [116] to 3D endoscopic scanning [81].

Besides miniaturized approaches that focus on morphological imaging, OCT has been
considered for assessing tissue properties during mechanical interaction via in-vivo OCE.
Qualitative OCE has been considered for strain imaging with flat tipped needle probes
with grated-index lenses [117, |118], single mode fibers [119] and GRIN rod
lenses [120]. The extension of spatially multiplexed stress sensing enabled quantitative,
compression-based elasticity reconstruction in a needle format [121H123]. Miniaturized
wave excitation has also been considered for intravascular and intrabronchial OCE
applications. Rotating catheter-based OCT systems were coupled with miniature trans-
ducers for intravascular acoustic radiation force elastography [124, [125]. Similarly,
intravascular OCE has been considered with needle probes and external US-based shear
wave excitation [126, [127] as well as a distally motorized OCT probe modulating the
intraluminar fluid pressure to apply a load in-vivo |128]. Intraoperative OCE has been
considered for assessing airway compliance and airway wall injuries employing a pressure
catheter [129-131]. Recently, a highly compact endoscopic OCE probe has been proposed
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Fig. 2.4: An artificial neuron that computes a weighted sum of the input. An MLP is a
fully connected network assembled from numerous neurons stacked in multiple
layers.

for intraluminal OCE with an integrated US transducer for wave excitation [132].

In addition to tissue elasticity, needle-based OCT has been considered as an optical
alternative to FBG or FPI for sensing tool interactions. OCT fibers can be integrated
into needles with a deformable layer for the estimation of needle tip forces [133-135].
It has also been shown that forward viewing OCT can be employed to detect rupture
events during needle insertions [136], estimate needle insertion depth [137] and that OCT
can be used to measure the distance between tools and tissue during minimally invasive
interventions [90, [101], particularly for guiding subretinal injections [91-96].

2.3 Deep Learning

This work considers the potential application of OCT for intraoperative feedback on
tool-tissue interactions. Deep learning could help overcome the challenges of calibrating
complex optical setups and extract meaningful feedback from the complicated mechanical
behavior of tissue, e.g. elasticity or interaction force. Particularly, we focus on supervised
learning and consider regression tasks, where feedback on tool-tissue interactions is
learned directly from spatio-temporal OCT data in an end-to-end fashion.

In the following, we provide a brief introduction to artificial neurons. For detailed infor-
mation on deep learning fundamentals refer to [302} 303] and for a broader perspective
on deep learning for medical image analysis to e.g. [304]. Afterwards, different model
architectures most relevant to processing spatio-temporal OCT data will be presented.
These include CNN, recurrent neural networks and self-attention-based trans-
former models (Fig. [2.5)). For each architecture, the state of the art with respect to
our research objectives will be presented. Additionally, selected research considering
deep learning combined with other imaging modalities for estimating intraoperative
interaction forces will be included, e.g. or RGB with depth images [218].
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2.3.1 Artificial Neural Networks

Artificial neural networks are computational models designed to learn mappings
between inputs and outputs, and they are recognized as universal approximators capable
of representing a wide variety of functions. The fundamental component of a ANN is
the artificial neuron (Fig. , which computes a sum of the inputs jx| € R™ weighted by
learnable parameters and applies an activation function [f]

y= f(iwjxj). (2.15)
7=0

j indexes the inputs, and xg = 1 for the addition of bias. Neurons can be organized into
layers to form ANNs that can have multiple outputs [y] € R™, e.g. a multilayer perceptron
that contains fully connected artificial neurons (Fig. . The layers between
input and output layers are commonly referred to as hidden layers. By considering
nonlinear activation functions such as the rectified linear unit [305] defined as
f(z) = max(0,x), the network can learn non-linear relations and approximate complex
functions. Training ANNs involves optimizing a cost function, which measures the
discrepancy between the predicted and target outputs. The gradient of the cost function
(w) with respect to the network weights is calculated using backpropagation, and
weights are updated using gradient-based methods such as gradient descent

w:=w —nVC(w) (2.16)

where [] > 0 is the learning rate. However, modern approaches commonly employ
stochastic gradient-based optimization descent with adaptive learning rates to improve
training efficiency and convergence, e.g. Adam [306]. Deep neural networks extend the
concept of ANNs and contain multiple stacked layers.

2.3.2 Convolutional Neural Networks

CNNs are a well-known class of deep learning architectures developed specifically for
image processing. In contrast to the dense vector-matrix multiplications in MLPs, CNNs
introduce convolutions to process the image data and learn filters to extract increasingly
abstract features. The operation is equivalent to sliding the kernel over each pixel in
the input image and computing an output value that depends on the kernel size and
weights. An illustration of a 2D convolution can be found in Fig. but the same
approach can be extended to any multidimensional grid data, e.g. four-dimensional
volumetric video. A CNN typically consists of convolutional layers, each containing
multiple adaptive kernels to extract spatial feature maps; pooling layers that reduce
the spatial dimensions of the features while preserving important information through
operations such as max or average pooling; activation functions to model nonlinearity;
and normalization layers, e.g. batch normalization [308], to improve stability during
training (Fig. . An MLP is commonly used as a the final stage and allows the network
to predict the desired output based on the extracted features. Examples of notable CNN
architectures include ResNet [309], DenseNet [310], SENets [311], MobileNets [312] and
U-Net [313].

CNNs have long been at the forefront of deep learning for medical image analysis in
general and have also been successfully used for OCT. Being the largest application for
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OCT, most approaches for CNNs with OCT are related to ophthalmology. CNNs for
retinal OCT have shown better performance than conventional approaches in various
tasks such as disease classification or retinal layer segmentation, and these considerations
have been extensively covered in several reviews [314-318]. CNNs have also been
considered for IVOCT, e.g., for automatic plague detection or segmentation [319-321].
Particularly relevant to this work is that CNNs can be used for intraoperative and
miniaturized OCT to better understand tool-tissue interactions and avoid error-prone
system calibrations. CNNs can enable automatic tissue classification or segmentation
during OCT needle insertion [138-141]. CNNs can provide robust feedback on rupture
events [136] and were considered for needle tip force estimation [133-135]. 3D CNNs
have demonstrated tissue pose estimation |[149] and markerless motion tracking [150]
with volumetric OCT. It has also been shown that CNNs can provide robust phase
unwrapping for Doppler imaging [158] or strain estimation during tissue deformation [159].
Furthermore, they can enable end-to-end reconstruction of sample elasticity from spatio-
temporal OCT data [151H154]. CNNs in conjunction with high-speed OCT can also
enable vision-based force estimation during tool manipulation [155-157].

Considering imaging modalities beyond OCT, CNNs have been considered for image-
based force estimation, e.g. in fluoroscopy via a dual-path architecture [230] or combined
with graph neural networks for processing RGB and robot state data [230]. CNNs have
also been explored for image-based estimation of tissue elasticity, e.g. with US [322] or
MRI [323].

2.3.3 Recurrent Neural Networks

RNNs are model architectures that have been specially developed for processing sequen-
tial and time-serial data, e.g. speech, text or video [302} |324]. In contrast to feedforward
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models such as CNNs, the sequential inputs are processed iteratively, while recurrent
connections allow the model to retain the information across the different time steps. To
illustrate this behavior, RNNs can be represented in an unrolled state, where a very deep
network with numerous cells sharing the same weights sequentially process the output of
the previous cell (Fig. [2.5). However, early RNN approaches were unable to store infor-
mation over long sequences of input time steps. To overcome these challenges, the long
short-term memory [325] and its variant, the gated recurrent unit [326],
were introduced. These models feature redesigned hidden layers and trainable gates
to better preserve the history of past time steps and more effectively determine what
information is retained, edited, and removed at each iteration. As described in Sec. [2.2.2]
OCT data is usually displayed as volumetric (C-scans) or cross-sectional (B-scans) but
originally it is a time series of consecutive A-scans. Therefore, recurrent models are
well suited for processing OCT data when viewed in their raw spatio-temporal form of
successive A-scans. Of particular interest are convolutional recurrent neural networks
, that combine convolutional operations with recurrent structures to process
both spatial and temporal information. This hybrid architecture is particularly effective
for tasks with sequential image data, where the convolutional layers extract spatial
features, while the recurrent layers model temporal dependencies. A convolutional gated
recurrent unit (convGRUJ) is a particularly interesting hybrid architecture where the dot
product is replaced by convolutions to combine spatial and recurrent processing in a
single cell [327,328].

Several approaches have considered RNN architectures for processing OCT data. To
account for spatial dependencies in OCT, these approaches have often combined RNN
and CNN layers or used fused architectures such as convRNNs. For example, CNN-based
processing of single B-scans were coupled with an LSTM module to process the temporal
dependency between the slices of each OCT volume for retinal image classification [329]
or ovarian cancer detection |330]. Similarly, CNN and RNN modules were used to process
spatial features from longitudinal OCT images [331]. A convolutional LSTM and a
temporal attention unit have been recently considered for scene dynamics prediction to
improve OCT scanning speed compared to rasterized scanning [332].

For OCT-based detection of tool-tissue interactions, convGRU architectures and models
combining RNN and CNN layers have been considered for sequences of A-scans in OCT-
based needle tip force estimation [133, [134]. Similar architectures were also considered
for processing volumetric OCT sequences to estimate tool-tissue interaction forces [156].
Recently, needle-tissue interaction forces were also observed through an OCT integrated
microscope and processed using CNN and RNN modules [333].

Besides OCT, RNNs have been widely used for image-based estimation of tool-tissue
interaction forces. RNNs can enable processing of sequential robot motion states and
deformation maps derived from RGB-D [226-229]. Similar to OCT, the combination of
CNN and RNN modules architectures is particularly prominent [234-23§].

2.3.4 Transformer

In recent years, transformer architectures [307] have overtaken recurrent neural networks
in the effective processing of long input sequences. The key building block of the trans-
former is the scaled-dot product attention, which allows the model to learn dependencies
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between input tokens. It can be described as

Attn(Q, K, V) = Softmax(Lﬂ)V (2.17)
Vdy,

with [Q}[K],[V] as query, key and value and [d)] as the dimension of the keys. The sequences
@, K,V are obtained from the input sequence x| via learnable weight matrices. This
approach allows the model to calculate the attention values between the query, key
and value and then perform a weighted summation. Transformers typically include
linear embedding; multi-headed attention with multiple parallel attention blocks to
independently learn different attention patterns, e.g., self-attention or cross-attention;
fully connected MLPs with nonlinear activation functions; and layer normalization and
residual connections to mitigate vanishing gradients and stabilize training (Fig. [2.5)).
Depending on the task, e.g. sequence-to-sequence learning, transformers optionally use
an encoder-decoder framework. The encoder processes the input sequences, while the de-
coder generates output sequences, taking into account the encoder’s representations with
the help of cross-attention layers. In contrast to RNNs, transformers process all sequen-
tial input tokens in parallel and therefore offer drastically improved scalability. However,
transformers have no inherent notion of order and require additional position encoding
to preserve this information during processing. Position encodings are added to the
input embeddings to provide information about the order, e.g. sinusoidal encodings [307].

The Vision transformer [334] has transferred the transformer approach to the
image domain by treating the input images as a sequence of patches. VITs and hybrid
models combined CNNs with self-attention mechanisms have shown great success in
the natural image domain and have also recently gained attention when processing
OCT images. Most works have focused on ophthalmology, with notable approaches
targeting retinal disease classification [335-337] including foundation models [338, [339],
as well as improving image quality [340H342|, or retinal segmentation tasks [343-345|.
Transformer-based models have recently been considered for image-based force estimation
with spatio-temporal US [232] and RGB images [231].
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In the following, we first introduce needle-integrated OCT sensors and present our robotic
setups for needle insertions. We also provide an overview of the conducted experiments
to quantitatively and qualitatively evaluate OCT-based guidance of needle placement.
We then look at deep learning for the end-to-end calibration of our OCT systems and
present our experimental setups that enable the acquisition of OCT data during robotic
tool-tissue interactions. We give an overview of the applied deep learning approaches,
the collected data sets, and the performed experiments.

3.1 Experiments for OCT-based Feedback on
Needle-Tissue-Interactions

During needle insertions, access to the interface where the interactions between the
needle and the tissue take place is extremely limited. Therefore, we integrate fiber-based
OCT into surgical needles and needle prototypes to enable measurement directly at the
needle tip.

3.1.1 OCT Probes for Robotic Needle Insertions

We are particularly interested in 1. estimating the proximity and contact of tissue
interfaces in front of the needle tip, 2. sensing the needle tip forces applied to the tissue
during the insertion, and 3. estimating tissue deformations and the applied load to
enable elasticity reconstruction via a compression-based OCE needle. An overview of
the three OCT needle probes proposed for these applications is shown in Fig.

OCT Imaging System

For all our OCT needle probes, we use a spectral domain OCT imaging system (Telesto
I, Thorlabs GmbH, Germany) with a central wavelength Ay of 1310 nm. The system has
an axial resolution of 6.5 um and a maximum imaging depth of 2.6 mm in air. Ignoring
optical attenuation, the imaging depth in tissue is limited to about 1.7 mm, assuming a
constant refractive index of 1.45. The detector has 1024 elements, resulting in A-scans
resolved over 512 pixels. The OCT system enables the acquisition of A-scans at a
sampling rate of up to 91.3kHz. However, when providing feedback to the operator
during collaborative robot-assisted insertions, the robot controller runs at a much lower
frequency of 1kHz. Therefore, the acquisition rate is limited to 5.5 kHz to improve
the signal-to-noise ratio for OCT-based force acquisition at the tip [143] and proximity
measurement [142]. For all needle probes, we consider single-mode optical fibers
(SMF-28, Thorlabs GmbH, Germany) cleaved at a 90° angle to achieve common-path
OCT imaging.
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Fig. 3.1: OCT needle probes for sensory feedback during RANI. Cleaved optical fibers
(blue) enable miniaturized common-path OCT imaging (red) at the visualized
needle tips. Probe 1: Forward-facing OCT needle for visualizing tissue and
detecting the proximity to distinct tissue layers to safely guide punctures near
vulnerable structures [142]. Probe 2: OCT needle probe for estimating needle
tip forces during insertion. The biopsy introducer needle is modified to include
a deformable layer (green) that contracts under load. The resulting movement
is detected by the integrated OCT fiber and enables the measurement of tip
forces after calibration (Figure adapted from [143], © 2023 IEEE). Probe
3: OCE needle with beveled tip and a temporally multiplexed dual-fiber
setup for simultaneous measurement of tissue deformation and load sensing.
The setup enables quantitative reconstruction of elasticity for biomechanical
characterization of deep tissue (Figure adapted from [144] with permission from
Springer Nature).

Probe 1

For an OCT needle probe that enables proximity sensing [142|, we adapt the needle
design proposed in [136] for collaborative robotic needle insertion. We secure an SMF
in a standard Tuohy needle used for epidural anesthesia with UV-cured epoxy (NOA
63, Norland Products Inc., USA) (Fig. 1.). The needle has an outer diameter of
1.4 mm. The optical fiber and the epoxy resin are placed in such a way that the cutting
edges of the needle were not affected. This enables a forward-facing field of view
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to detect the distance to tissue interfaces with high intensity reflections. This distance
[d denoted as the proximity can then be used to avoid contact with critical structures,
e.g. the spinal cord during epidural anesthesia. We measure the proximity dprox to
tissue interfaces by detecting the closest intensity peak of each A-scan relative to the
maximum imaging depth dmax. We employ temporal and spatial averaging of the A-scan
prior to peak detection to increase robustness and stability during collaborative control.
However, we desire a force output for our kinesthetic feedback and consequently map
our proximity output to a resistive force Fyrox via:

Forox = tanh(2(1 — @)), (3.1)
dmax
where dpax = 1.77mm. The hyperbolic mapping enables the operator to maintain
transparent control at larger distances while a large resistive force occurs in close
proximity to sample interfaces, effectively preventing accidental puncture or needle
overshoot.

Probe 2

For force sensing at the needle tip |143], we build on previous works [133-135] and
redesign our probe to increase the robustness required for repeated collaborative robotic
insertions into deep tissue, e.g. for pancreatic biopsy. The OCT sensor technology is
therefore integrated into the introducer needle of a clinical biopsy system. A trocar tip
facilitates insertion into deep tissue and the symmetrical design helps to minimize lateral
bending during insertion. The OCT needle probe consists of a symmetrical needle tip, a
needle sheath with an outer diameter of 2.05 mm, and an inner tube in which a SMF is
centered (Fig. 2.). The fiber is positioned within 0.5 mm of the proximal end of the
needle tip to create an air cavity. A compression layer between the needle tip and the
sheath deforms under the applied forces, resulting in a change in the length of the air
cavity. This deformation can be detected in the OCT signal and thus enables tip force
estimation. To process the OCT, we employ a hybrid convGRU-CNN model similar to
previous approaches in [133,134] that enables accurate real-time force estimation in our
collaborative system [143].

Probe 3

For the reconstruction of elasticity during palpation of deep tissue [144], we consider a
needle with two SMF for simultaneous load sensing and strain imaging (Fig. [3.1] 3.).
The needle has an outer diameter of 2.0 mm and is equipped with a beveled tip that
enables percutaneous insertion. The first fiber (FOV 1) enables a forward-facing view in
OCT. Here, we consider phase-sensitive measurements of strain in the samples under
load instead of the intensity-based proximity sensing considered in [142]. The second
fiber (FOV 2) visualizes the displacement of a soft epoxy resin (NOA 1625, Norland
Products Inc., USA), which serves as a reference layer for estimating the applied tip
force. We use temporal multiplexing to alternate between the two fibers. Compared
to spatial multiplexing [121H123], this enables utilization of the full FOV and signal
strength, but at the cost of halving the acquisition frequency. To alternate switching
at the OCT scan rate of 91.3kHz, we employ a multiplexer consisting of a
microcontroller (Arduino™ Mega 2560, Arduino, USA), a solidstate optical switch
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(NSSW 1x2 NanoSpeed™ Agiltron, USA), and a switch driver (SWDR DC-100KHz
NS Driver, Agiltron, USA) running at 100 kHz. For quantitative OCE measurements,
we reconstruct the phase signal for both fiber signals separately. We then perform
phase unwrapping and determine the depth dependent displacement (Eq. for each
A-scan. For needle tip force estimation (FOV 2), we calculate the mean displacement
over the entire depth of the epoxy. We assume a linear relation between the observed
displacement of the epoxy u2 and the applied tip force Fij,. Through calibration with
tear resistant silicone samples, we obtain

Fip = 174.4mN pm ™~ as. (3.2)

For the forward-facing fiber (FOV 1), we calculate finite differences in displacement wu;
over an axial depth of 1 mm to estimate the axial strain (Eq. [2.4). For biomechanical
characterization, we consider pseudo-elasticity values mN %! for each sample as we
can not assume a uniform distribution to calculate stress (Eq. and true Young’s
modulus.

3.1.2 Robotic Setups for OCT-guided Needle Insertions

We consider two robotic setups to evaluate the proposed OCT needle sensors. For
proximity measurement (Probe 1) and tip force measurement (Probe 2), we investigate
how we can effectively use and display OCT-based sensory feedback during RANI. To
this end, we consider a collaborative RANI system and integrate our OCT probes to
guide needle placement. For tissue elasticity (Probe 3), we investigate the feasibility of
deep tissue elasticity reconstruction with a bevelled tip needle in our experiments. Our
second robotic setup therefore does not yet include collaborative feedback, but serves as
a test bed to quantitatively evaluate our OCE needle in comparison to external sensors
attached to the needle base.

Collaborative Robotic System for OCT-guided Needle Insertions

As the basis of our collaborative approach, we design a flexible robotic system that
enables automated needle insertion under CT guidance [148]. CT images are acquired
with the Philips Incisive system and the biopsy target is annotated by medical experts.
A customised planning system provides suggested entry points before insertion, tak-
ing into account the insertion depth, insertion angle and collision avoidance for bone
structures. The registration between CT and the lightweight medical robot (LBR Med
14, KUKA AG, Germany) with 7 degrees of freedom is done with an optical
tracking camera (fusionTrack 500, Atracsys LLC, Puidoux, Switzerland). This enables
the robot to align the needle along a trajectory annotated by the physician in the CT
scan. During automated post-mortem biopsy sampling, the robot can insert the needle
directly without any additional operator input. We refer to |148] for more details on our
robotic biopsy sampling system. For OCT-guided insertions, however, we extend the
robotic system with kinesthetic feedback. The LBR robot is designed for human-robot
interaction and we extend our setup from [148] for collaborative insertions by adding
a 6-DOF force-torque sensor (M3703, Sunrise Instruments) to measure the forces and
torques applied by the operator (see Fig. left and center). The robot is controlled
at a frequency of 1kHz, while handle forces for haptic control update at a frequency of
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OCT Needle Sensors

Deformable
Environment

Real-time _, Force/
Data Processing Depth
4
Ll

Fig. 3.2: Robotic setups combined with OCT-based feedback on needle-tissue interactions.
Left: We consider a collaborative system that displays the force at the needle tip
(Probe 1) and the proximity (Probe 2) of tissue layers. The system comprises
a 7-DOF medical robot with two force sensors for measuring the operator and
needle shaft forces as well as a custom handle for adapting the OCT biopsy
introducer needle and the OCT Tuohy needle. Right: For elasticity (Probe 3),
we consider an experimental setup to simulate deep tissue indentations with a
linear actuator, an axial force sensor, the OCE needle probe and an adapted
sample holder. The configuration can be modified to investigate the influence of
friction and bulk displacement on the elasticity reconstruction. Figures adapted
from , © 2023 IEEE and with permission from [Springer Nature.

200 Hz. The system is implemented with the Robot Operating System (ROS)]).

For collaborative insertions, the system uses an admittance controller to convert the
operator’s forces into the desired robot movement (Fig.|3.3)). The inner control loop is
governed by the position controller of the LBR robot via the fast research interface .
The outer control loop marks an implicit force trajectory-tracking controller analogous
to . Similar control loops were also tested in where admittance control
showed better performance in needle insertion experiments than impedance control.
During insertions, the task space of the needle is restricted to the needle axis. The
physician can control the axial placement by the forces exerted on a 3D printed handle
while feedback on needle-tissue interactions is implemented by an opposing resistive
force. The needle trajectory can be manually controlled by the operator via admittance
control, e.g. as for OCT-based depth sensing , or can be automatically aligned with
a registered CT with a trajectory chosen by the physician in our planning module, e.g.
as for needle tip force sensing . The control error |e|f of the outer loop is defined
as the difference between the force applied at the handle Fj,nq1e and the resistive force
derived from needle-tissue feedback Ffeeqback- Lhe desired robot position is obtained
based on

zat) = o /O "o (t) dt + apes(t) (3.3)

with controller gains @ and a,. No derivative term is used to reduce the impact of
noisy force measurements. The resistive feedback force Fieeqnack can be selected based
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Fig. 3.3: We employ admittance controll to display OCT-based feedback on needle-tissue-
interactions during collaborative insertions [142, 143]. The control scheme
contains the outer implicit force trajectory loop to set the desired robot position
x4 based on the force error ey operator’s handle force Fianqle and the resistive
feedback force Fieeqback. Lhe resistive feedback of the OCT-based sensors can
be amplified by the operator using the gain a,. The FRI position controller
tries to reach the desired position based on the position error e,. Besides the
desired torque [r}; of the controller, the robot is also affected by the externally
applied torque Tegt.

on the conducted experiments and the desired operating mode. These include feedback
on the OCT derived resistive force depending on the proximity to sample interfaces
Forox (Probe 1, Eq. , the estimated needle tip force Fij, (Probe 2), the total axial
forces F,yia1 measured at the needle base, or set to Fieedback = 0, e.g. for purely visual
feedback [142]. Feedback on needle-tissue interactions can be optionally amplified by
scaling the resistive force via the gain «, chosen by the operator

ef = Fhandle — @oFleedback- (3.4)

However, control output is restricted to prevent uncontrolled movement and oscillations
in the opposite direction of Fanqie due to large feedback forces. The physician can thus
perceive needle-tissue interactions when controlling axial placement of the needle while
the robot maintains the insertion trajectory.

To evaluate our collaborative approaches, we consider experiments with phantom setups.
For depth sensing of critical structures, we emulate a 3 mm epidural space in tissue
mimicking gelatin gels [142]. We let ten novice participants place needles within the
simulated cavity under three different modes of feedback. These include haptic feedback
on Fyox and Fyyia via admittance control (Fig. and purely visual feedback on the
proximity to sample interfaces dpox. For feedback on needle tip forces, we simulate deep
percutaneous insertions through multiple tissue layers by embedding ex-vivo chicken
tissue in gelatin gels [143]. We systematically observe tip and friction forces during
automatic robotic insertions. We then perform user experiments investigating the
reliability with which the five participants are able to perceive interfaces between tissue
layers during insertion.
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Test Bed for Deep Tissue Indentation Experiments

For evaluating the feasibility of our third needle probe for deep tissue OCE estimates [144],
we consider a different experimental setup. We want to systematically conduct surface
and deep tissue indentations with our needle probe while simulating friction forces and
bulk displacements that would also be present during in-vivo needle insertions (Fig.
right). To add friction during measurements, we puncture additional phantom layers
prior to tissue indentation. To simulate bulk displacement of the sample, we place
samples on flexible springs that compress under load and therefore combines actual
sample deformation with sample displacement. For actuation, we use a linear motion
stage (ZFS25B, Thorlabs GmbH, Germany) for needle insertion. We then acquire OCE
data and log motor positions as well as axial needle forces at the base of the needle via a
high-resolution force sensor (KD24s 20N, ME-Mefsysteme GmbH, Germany). We thus
obtain external measurements to which we compare our OCE-based approach.

In our experiments, we consider two gelatin gels with different elastic properties mimicking
healthy and cancerous tissue. For the two materials (A and B), we obtain reference
values for Young’s moduli of 53.4 kPa and 112.3 kPa through uniaxial compression tests.
We perform 10 measurements for samples from each material. Of those, three surface
indentations exclude perturbations and seven measurements include simulated friction
and bulk displacements of varying degree. Elasticity measurements are targeted for the
pre-rupture phase [188] |189] and we therefore consider a measurement window between
needle tissue contact (> 50mN) and a sample strain below 20 % based on the OCT tip
force and strain imaging. To quantify elasticity based on the OCE tip-force-strain and
external axial-force-position curves, we perform linear regression.

3.2 Deep Learning for OCT-based Sensing of Tool-Tissue
Interactions

In contrast to RANI, the surgical cavity in RAMIS provides better access to the site
of tissue manipulation, which can be used for endoscopic imaging systems to provide
optical feedback. In our case, we consider OCT to be a particularly interesting imaging
modality due to its depth-resolved imaging with high spatial and temporal resolution.
We consider deep learning approaches to calibrate our OCT-based sensors for end-to-end
estimation of applied interaction forces and tissue elasticity during optical palpation.

3.2.1 Deep Learning Architectures

We therefore consider two deep learning architectures (Fig. for 1. CNN-based
feedback of interaction forces via volumetric high-speed OCT coupled with wave-based
elasticity estimates [145] and 2. wave-based elasticity reconstruction with a modified
surgical tool [146] and a transformer-based approach tailored to the sequential A-
scan sequences obtained with OCT [147]. In the following, we briefly present the
respective approaches. For further implementation and training details, please refer to
the corresponding publications.
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Fig. 3.4: Deep learning architectures for processing spatio-temporal OCT data. Top: A
Siamese CNN structure infers the interaction force from OCT volumes of a
deformed and reference sample. The model can optionally incorporate conven-
tional OCE wave velocity estimates for improved force estimation. Bottom: A
transformer-based approach that leverages the spatio-temporal nature of OCT
for end-to-end elasticity reconstruction from sequences of A-scans. A-scans
are directly processed as sequential inputs and their position is encoded before
passing through the encoder. It consists of 12 layers and each self-attention
block has 12 heads. (Figures adapted from [145], licensed under (CC BY 4.0
and from || with permission from © Optica Publishing Group)
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For optical force estimation, we design a CNN that builds on previous research on OCT-
based force estimation . We keep the densely connected convolutional network
(DenseNet) approach [310], but consider a Siamese architecture. Thus, in addition to
the deformed sample for which we want to estimate the applied interaction force, the
model also receives a reference input (see Fig. . The reference data is acquired
before the tool-tissue interaction takes place. The Siamese structure enables efficient
processing of both inputs through shared parameters. Optionally, the wave-based OCE
phase velocity obtained via the conventional Fourier estimator @ can be fused with
the generated features before the final, fully connected layers (Fig. |3.4]). Further details
on conventional Fourier estimation can be found in our work , Eﬂ We also derive
2D surface deformation maps from the volumetric OCT. This allows us to investigate the
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potential utility of elasticity fusion for deformation maps that can also be obtained by
stereoscopic imaging, e.g., as in [226| 227]. Therefore, we design our end-to-end learning
approach to be compatible with 2D and 3D operations. We chose model width and
depth to maintain similar capacity for 2D and 3D inputs. In our results, we refer to
models with OCE fusion with the suffix +OCE.

Elasticity Estimation

For optical elasticity estimation, we consider a transformer-based architecture that
enables direct processing of spatio-temporal OCT data, i.e., sequential accumulation of
one-dimensional A-scans at different spatial or temporal positions. In wave-based OCE,
the excited wave propagates through the tissue while the scanning mirror continuously
steers the sample beam back and forth (Fig. [2.3). Raw OCE data is therefore a
sequence of A-scans, e.g. R(W)*4 for B-M-scans in OCE, where |w| and |d| correspond
to the width and depth, respectively. Our approach directly considers each A-scan
as input tokens that are linearly projected to an embedding dimension of 768, similar
to VIT [334]. The model maintains the position information during self-attention by
considering different approaches for position encodings that are added to each embedded
token. In particular, we consider rotary position encodings [348] as an efficient
implementation of the relative distance between tokens in the long sequence of A-scans.
We also consider the learnable position encoding [334] and the sinusoidal encoding used
in [307]. After adding the position encoding, each embedded token is processed to key,
query and value embeddings in multi-headed self-attention, followed by normalization
and linear projection. Our approach uses Flash-Attention [349] and root mean square
layer normalization. The model consists of 12 layers and a width of 12 heads per
multi-headed attention block to achieve good performance with a reasonable parameter
size. To directly reconstruct the sample elasticity in our regression task, we average the
embeddings over the encoder output sequence. A final fully connected layer serves as
the regression head.

3.2.2 Experimental Setups and Acquired Data Sets

The supervised learning strategies require the acquisition of training data with known
ground truth values for sample elasticity and interaction forces. We therefore consider two
experimental setups (Fig. that allow us to systematically investigate the effectiveness
of our approaches.

OCT Imaging System

For optical feedback of interaction forces |145] and tissue elasticity [147], we use a
high-speed swept-source system (SS-OCT, OMES, Optores, Germany) operating at a
temporal sampling rate of 1.5 MHz. The central wavelength of the system is 1315 nm
and provides an axial resolution of 15pm in air. An optical lens system with a focal
length of 300 mm is located between the scan head and the sample.

Force Estimation Data

For optical force estimation in conjunction with elasticity estimation, we acquire both
volumetric OCT and B-M-mode OCE data (Fig. left). The former is needed to
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Fig. 3.5: Robotic setups to acquire large data sets for supervised learning of tool-tissue
interactions based on OCT. Left: We design an experimental setup for the
acquisition of wave-based OCE data and volumetric OCT data during tool
palpation with simultaneous ground truth measurement of interaction forces
(Figure adapted from [145], licensed under CC BY 4.0). Right: We also consider
a modified surgical tool to facilitate wave excitation during RAMIS and acquire
B-M-mode wave-based OCE data for phantoms with known elastic properties for
end-to-end elastic modulus reconstruction (Figure adapted with permission
from © Optica Publishing Group).

visualize the deformations of the sample and derive the interaction forces. The latter
can be used to condition the model on the expected relationship between the elasticity
of the sample, the deformation and the interaction force. First, we excite surface
waves for wave-based OCE measurements using a piezoelectric element and a sinusoidal
excitation with a frequency of 1000 Hz. At the same time, we acquire B-M-scans with a
spatial resolution of 476x32 pixels for depth d and width w, respectively. The B-scans
correspond to a lateral FOV of 3.5 mm and are acquired with a temporal resolution of
14.2kHz. Second, we create volumetric scans to track the deformation of the sample
during the interaction between the tool and the tissue. We simulate a pushing task
commonly performed in minimally invasive surgery . To do this, we scan each
sample while driving random and sinusoidal position profiles at different speeds with a
maximum palpation depth of 2.5 mm. We use the same scan head and acquire data with
a spatial resolution of 476x32x 32 pixels for depth d and lateral dimensions, respectively.
We acquire with a temporal frequency of 833 Hz. Simultaneously, we perform
force measurements with a high-resolution force sensor (Nano 43, ATI, USA) at a
frequency of 500 Hz. We then interpolate and synchronize our force measurements to
the volumetric OCT data.

The data set consists of samples from seven different gelatin gels with different weight
ratios ranging from 5% to 20 %. We also perform OCT and OCE measurements on 10
ex-vivo chicken hearts to test the generalizability of our models to soft-tissue. We use a
hexapod robot (H-820.D1, Physik Instrumente, Germany) to streamline data acquisition
and measure samples repeatedly at different locations. The scanned FOV remains fixed
relative to the probing tool and only the sample is moved. Before running the OCT data
through our learning-based approach, the OCT volumes are preprocessed to a size of
32 x 32 x 32. This includes surface detection, cropping, and downsampling to obtain
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more uniform data. The surface map obtained by projecting the maximum intensity
along the depth axis also allow us to obtain 2D deformation data. In our experiments,
we then compare the effectiveness of our approach for 2D and 3D data representations
with 5-fold sample stratified cross-validation.

Elasticity Estimation Data

In [147] we exclusively consider the accurate estimation of sample elasticity for wave-based
OCE. Therefore, we only obtain B-M-mode OCE data during surface wave excitation.
In contrast to our previously discussed work [145], we use a modified surgical tool
for wave excitation (Fig. right). We provide a more detailed description of this
approach in [146]. We also use a different scan head that enables a higher axial sampling
rate by resolving the FOV of 3.5 mm over 118 instead of 32 pixels. Since we target
the end-to-end processing directly from the obtained sequence of A-scans, we keep
preprocessing to a minimum and omit surface detection. We crop all A-scans to a depth
of 256 pixels. We excite the piezoelectric actuators in our tool with 1000 Hz and for
each OCE measurement we acquire 30x103 A-scans. If we ignore the A-scans during
the pivot points of the resonant scanners, this corresponds to 208 cross-sectional images
in the conventional reconstruction of B-scans. Each measurement of our spatio-temporal
OCE data representing propagating surface waves therefore has a size of (208 x 118) x
256 pixels.

To test our transformer-based approach, we acquire a data set with samples of four
gelatin gels with different elastic properties. To apply our supervised learning strategy,
we obtain ground-truth measurements for the samples by uniaxial compression tests. The
elastic moduli of the considered phantoms ranged from 17kPa to 139 kPa. To simplify
data acquisition, we mount the modified surgical manipulator on a six-axis serial robot
(IRB120, ABB, Switzerland). Our training data set consists of 20 samples for which we
take measurements at 25 different locations. We select one independent sample from
each elasticity as a test data set and then perform sample stratified cross-validation
with the remaining data. In addition to our homogeneous training data, we manufacture
phantoms simulating hard lesions in a soft environment. We scan the phantoms and
acquire measurements at different locations in a grid to visualize elastography maps. Thus,
we simulate a tumor detection task and consider the second data set for generalization
to heterogeneous phantoms. Finally, we perform OCE measurements with post-mortem
heart, kidney and liver tissue. We do not obtain ground-truth measurements, but perform
qualitative comparisons between elasticity estimates and the maximum force observed
during sample palpation with our robotic tool, analogous to the pushing task in [145].
In our experiments, we compare our transformer-based approach with state-of-the-art
CNN-based approaches and conventional processing using FE and the Rayleigh-Lamb

wave model (Eq. Eq. and Eq. .

3.3 Evaluation Metrics

In our works, we consider a number of different error metrics. For the evaluation of the
regression tasks of force and elasticity estimation, these are mainly the mean absolute

error (MAE]) and the root mean square error (RMSE]). The mean square error (MSE))

is used to train our learning-based approaches. For optical force estimation [145], we
additionally consider the Pearson correlation coefficient (PCC)) and a normalized MAE
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(NMAE), which scales the MAE based on the range of observed forces that vary for
samples with different elasticities. For learning-based elasticity reconstruction [147], we
also consider the mean absolute percentage error , the R2 value, and a statistical
permutation test to identify significant differences between models. When considering
elasticity estimates for the classification of samples [144, 147], we examine the area under
the receiver operating characteristic and the area under the precision recall
curve (AUPRC). In our user studies [142} [143], we also evaluate the detection rate with
which the participants are able to perceive the target interfaces.
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In the following, we present the main findings of our contributions [142-147]. For a more
detailed description of the experiments and results, please refer to the corresponding
publications.

4.1 OCT-based Feedback on Needle-Tissue Interactions
during Robotic Insertions

Our experiments in [142144] show that fiber-based OCT can be integrated into surgical
needles to provide sensory feedback during RANI. We show that a fiber-based OCT
sensor can be attached directly to the needle tip and that this has major advantages
for guiding the needle and understanding needle-tissue interactions compared to sensors
attached to the needle base. The three approaches include online estimation and haptic
display of proximity to boundary layers, estimation of needle tip forces, and quantitative
estimation of tissue elasticity during deep tissue compression-based OCE.

4.1.1 Proximity-based Haptic Feedback for Collaborative Robotic
Needle Insertion

Our experiments in [142] show that needle-integrated OCT can provide feedback on
the proximity to tissue interfaces based on the change in refractive index (Probe 1).
Our setup makes it possible to estimate the depth of these interfaces and indicate them
to the operator visually and through kinesthetic feedback. This facilitates precise and
safe placement in cavities by preventing overshooting into critical structures. In a user
study with phantoms simulating the epidural space, we perform 150 insertions and
show that our approach enables the most accurate placement of the needle in the target
cavity (Fig. . While the visual indication of depth-sensing to the operator improves
placement accuracy, only the combined visual and haptic feedback effectively prevents
overshooting that would correspond to dural puncture during epidural anesthesia. Our
approach achieves the lowest MAE and a 94 % success rate in stopping the needle
before the dura. Only 6 % of insertions result in needle overshoot. In comparison, with
force-based haptic feedback, only 38 % of insertions result in successfully placed needles
in the 3mm cavity. Displaying forces acting on the needle shaft is often insufficient to
differentiate between the recreated ligamentum flavum, which must be punctured to
reach the epidural space, and the recreated dura, which is associated with nerve damage
when punctured. The results therefore show that OCT can be used to determine the
distance to critical structures and displayed through kinesthetic feedback in collaborative
RANTI to improve needle placement in our experiments.
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Fig. 4.1: Results of our user study with an OCT-based proximity sensor. Maximum
extension and final placement in the simulated epidural cavity are shown for
force-based feedback, visual proximity feedback and our combined haptic and
visual proximity feedback. The success rate for final placement and overshooting
into the critical structure (dura), which must be prevented, is visualized below
(Figure adapted from [142], licensed under CC BY 4.0).

4.1.2 Collaborative Robotic Biopsy with Trajectory Guidance and
Needle Tip Force Feedback

Our results in [143] show that it is furthermore possible to reliably measure the forces at
the needle tip of a clinical biopsy introducer needle (Probe 2) using OCT. Based on
our convGRU-CNN data processing, we achieve online tip force estimation at 200 Hz
and with an MAE of 0.11 N. We then perform automated and collaborative insertions
in phantoms and ex-situ pancreatic tissue to illustrate the value of tip force estimation
compared to measurements at the needle base. Automated insertions reveal that needle
tip forces consistently indicated entry and exit points at tissue junctions of ex-vivo tissue
embedded in gelatin phantoms (Fig. left). However, there remains a small spatial
offset for the detection of the tissue interfaces 2.08+1.08 mm and 5.13+1.88 mm after
entering and exiting the ex vivo tissue, respectively. Our experiments also show that
friction forces vary significantly. As expected, forces vary between different tissue and
phantom materials but we also observe inconsistent forces for different layers of the
same homogeneous gelatin. The user study further demonstrates the ability to detect
tissue transitions during collaborative insertion. Operators receiving haptic feedback on
needle tip forces perceive transitions with an overall detection rate of 91%. Detection
errors are lower for transitions from soft, homogeneous gelatin to stiffer ex-vivo tissue
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4.1 OCT-based Feedback on Needle-Tissue Interactions during Robotic Insertions
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Fig. 4.2: Deep tissue insertions with OCT-based needle tip force estimation with a biopsy
introducer needle. Left: Examples of automated insertion into phantoms with
ex-vivo tissue show that needle tip forces can effectively indicate tissue interfaces.
The detection rate and distances [mm] between the pre-insertion position
and the positions recognised by the user study participants are also shown
below. Insertions are segmented into skin (S), gelatin (G) and tissue (T) layers.
Right: Demonstration of a collaborative pancreatic biopsy with percutaneous
needle insertion through the stomach. Histopathology confirms successful tissue
sampling. (Figures adapted from [143], © 2023 IEEE).

than for tissue-to-gelatin transitions, where forces decrease after exiting the tissue. The
feasibility of the proposed haptic assistance in robotic insertions is further underlined by
a collaborative pancreatic biopsy procedure (Fig. right). The successful removal of
pancreatic tissue is confirmed by histopathologic examination. Our experiments in [143]
thus successfully demonstrate how OCT-based tip force measurements can be displayed to
the physician via kinesthetic feedback and coupled with image-based trajectory guidance
to enable precise needle placement.

4.1.3 Optical Coherence Elastography Needle for Biomechanical
Characterization of Deep Tissue

Our probe design in [144] demonstrates how forward-facing OCT combined with force
sensing provides a novel approach for quantitative elasticity estimation during deep
tissue needle insertion (Probe 3). We successfully combine force measurement at the
tip and imaging of sample strain in a beveled-tip needle using temporally multiplexed
dual-fiber OCT. Using our laboratory setup to simulate frictional forces and bulk
displacement during needle insertion (Sec. , we compare our needle OCE approach
with external measurements of motor encoder position and force measurements at the
needle base. We perform surface and deep tissue indentations with each of the two
materials and the indentation curves for both approaches are shown in Fig. For
external sensors, friction forces increase the total axial force measured at the base of the
needle. Bulk displacement partially reduces the resistance and leads to lower resistance
during indentation. Furthermore, depending on the environment of the sample, the
bulk displacement can be non-linear, e.g. simulated by stick-slip, as seen in two cases
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Fig. 4.3: Results for needle OCE in surface and deep tissue indentations. Curves for (a)
OCT-based tip force estimation plotted against the local strain of the OCE
and (d) axial force-position measurements from external force sensor and motor
encoder. The materials A and B refer to soft and stiff phantoms, respectively.
Pseudo-elasticities obtained by linear fitting of indentation curves are shown
for (b) our OCE needle approach and (e) external measurements. Measured
elasticity and the relative error between the mean values of surface and
deep tissue indentations for (¢) OCE needle Eocgr and (f) external sensors
Egpxr. Figures adapted from [144] with permission from Springer Nature.

of material B. In contrast to external sensors, our OCE needle approach shows good
separation of the two materials. More importantly, the elasticity estimates for the
surface and deep tissue measurements are much more consistent. We also perform
a linear regression to quantify elasticity for each approach with Eocg[mN %! and
Egxr[mNmm™!] from the tip force-strain and axial force-position curves respectively.
When comparing surface measurements with deep indentations, our approach achieves a
reduction in relative errors from 49.2% and 42.4% to 26.4% and 4.9% for gelatin samples
mimicking healthy (A) and cancerous (B) tissue (Fig. [4.3). Consequently, needle-based
compression OCE enables quantitative elasticity reconstruction that is less affected
by systematic perturbations such as frictional forces and bulk displacement. This also
becomes clear when the measured elasticity is used for the biomechanical characterization
of the two materials. The measured pseudo-elasticity of our OCE approach allows a
complete separation between the materials, with AUROC and AUPRC values of 1.00.
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In contrast, external measurements are strongly influenced by frictional forces and bulk
displacement. The external measurement therefore do not provide a robust quantitative
elasticity estimate. Discrimination of materials with external measurements results
in AUROC and AUPRC values of 0.85 and 0.861, respectively. Our results in |144)]
therefore show that local measurements of strain and load at the needle tip are essential
for biomechanical characterization of deep tissue and that compression-based OCE has
the potential to provide such combined sensory feedback even in needle format.

4.2 Deep-learning for End-to-end Estimation of Interaction
Forces and Tissue Elasticity

Our second research topic revolves around the use of deep learning to calibrate optical
setups for improved feedback on tool-tissue interactions based on spatio-temporal OCT
data. Our results in [145, 146] show that OCT with end-to-end CNN-based deep learning
has the potential to facilitate accurate reconstruction of interaction forces and elasticity
during intraoperative tissue manipulation. In particular, transformer models tailored
to directly process A-scans in spatio-temporal OCT data could provide better feedback
than conventional or CNN-based approaches [147].
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Fig. 4.4: (a) Examples showing the effects on force estimates when elasticity is not
considered. A model trained on “stiff” samples applied to a “soft” material
overestimates the interaction forces due to the large deformations. Conversely,
the forces are underestimated when a model is applied to stiffer materials. (b)
Absolute error of force estimation models generalizing to each sample elasticity
with gelatin weight ratios from 5 % to 20 %. Model performance is compared
between 2D and 3D inputs and with and without integration of wave-based
OCE velocity estimates. Figures adapted from [145], licensed under CC BY]
4.0l

4.2.1 Optical Force Estimation for Interactions between Tool and Soft
Tissues

In our work in [145], we investigate the effect of tissue elasticity on optical force estimation
using OCT and deep learning. Our results show that tissue properties need to be taken
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into account to enable accurate and versatile image-based force estimation for different
tissue types and properties. We conduct three experiments: We investigate the effects of
elasticity on force estimation when different elastic properties are not considered during
training, we evaluate the generalization of deep learning models with OCE integration,
and we consider the transition from gelatin phantoms to ex-vivo soft tissue. In these
experiments, we compare volumetric OCT with 2D surface representations similar to
the surface deformation maps obtained with stereoscopic imaging.

To demonstrate the influence of elasticity, the CNN models without wave-based OCE
velocity estimates (Fig. are trained on data from single gelatin phantoms. The
models must therefore implicitly learn the relationship between the observed deformation
and the applied load via the tool. When testing the models with the same material
from the training set, the RMSE ranges from 0.19mN to 235 mN for the most and least
elastic phantoms, respectively. However, applying the models to materials with elastic
properties different from those of the training data results in large errors due to the
change in relative deformation per force. Consequently, the forces are underestimated
when generalizing to more elastic samples and overestimated for less elastic samples
(Fig. 4.4} (a)) with an RMSE of up to 679 mN.

In our second evaluation, we consider larger and more versatile training data to evaluate
the generalization of 2D and 3D models with and without OCE. Models trained on 3D
OCT performed better than 2D models and achieve a lower RMSE (143.7mN versus
216.7mN). The integration of OCE data into our model significantly improves the
estimation accuracy and reduces the RMSE to 91.0 mN and 97.2mN for 3D+OCE and
2D+4+OCE, respectively (see Fig. and Fig. . OCE mitigates the extrapolation
errors especially for the softest samples by reducing the errors by 81 % and 56 % for
2D+OCE and 3D+OCE, respectively.
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Fig. 4.5: Left: Performance of models trained with homogeneous phantoms during
generalization to unseen gelatin materials and ex-vivo tissue. Right: Example
showing how wave-based OCE can be integrated into the end-to-end learning-

based approach to improve force estimation on unseen samples. Figure adapted
from [145], licensed under CC BY 4.0.

Finally, we validate our approach on ex-vivo chicken heart tissue (Fig. . OCE fusion
models outperform 2D and 3D models without phase velocity information, achieving the
lowest RMSE of 51.2mN for fused elasticity estimates and surface deformation maps.
In contrast, models without OCE yield significantly higher errors, with an RMSE of
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283.15mN and a normalized MAE of up to 0.6. Examples show that force estimates
from 2D+OCE and 3D+OCE models provided more accurate predictions and benefited
from phase velocity calibration (Fig. [4.5]).

Our results in [145] consequently show that deep learning can be used to combine
volumetric OCT with wave-based OCE in an end-to-end approach. In our experiments,
such consideration of elastic properties is essential for a robust and versatile image-based
estimation of interaction forces.

4.2.2 A-scan Sequence Transformers for Palpation with Optical
Coherence Elastography

Tab. 4.1: Error metrics for conventional Fourier-based OCE elasticity reconstruction,
CNN baselines and our transformer-based approach. Best results are marked
in bold. * Conventional FE processing resulting in unrealistically high values
in 15.4 % of measurements which are excluded here.

Model RMSE [kPa] MAE [kPa] MAPE R2 Weights
FE* 9.25 7.80 0.12 0.949

Dense-S [146/[151]  13.85£1.68 10.48+1.26 0.2240.04  0.906+0.002 109K
VP-NET [153] 15.7646.15  5.5542.69  0.1240.05  0.862+0.008  8.7M
VP-NET-L [153]  14.3345.16  6.03+2.74  0.14+0.07  0.888+0.006  17.7M
Ours [147] 2.49+1.37 1.64%0.89 0.03£0.02 0.996+0.001 85.8M

In [146], we propose a modified robotic instrument for mechanical wave excitation in
a minimally invasive setting. Since the surgical tool is already in contact with the
tissue during tool-tissue manipulation, we excite the shaft of the manipulator proximally
to transfer the vibrations to the distal tool tip. In this way, we achieve wave-based
OCE without the need for a separate device for wave excitation, such as the previous
wave-based OCE in [145]. We demonstrate that our method of wave excitation can be
coupled with CNN-based processing to enable end-to-end reconstruction of the elastic
modulus in OCE. Building on this, we show that a transformer model can further improve
the reconstruction of the elastic modulus by using a model architecture that can directly
process sequences of A-scans [147].

In [147], we compare the elasticity reconstruction of our transformer-based approach
(Fig. with state-of-the-art CNNs and conventional processing. Our approach based
on self-attention is tailored to directly process A-scans that are inherently obtained
during OCE scanning, and spatial dependencies are fully learned during training. In our
experiments, we consider homogeneous phantoms, heterogeneous inclusion phantoms and
ex-vivo human tissue samples. First, we optimize our approach in terms of architecture
structure, position encoding, and data processing using the homogeneous phantoms. Our
approach, which directly processes the A-scan sequences, achieves significantly better
performance than previous methods for all error metrics considered (Tab. .

We then consider the generalization of our approach and all baselines to heterogeneous
phantoms that simulate cancerous inclusions (Fig. . The experiments with simulated
lesions emphasize the improved elasticity reconstruction of our transformer-based ap-
proach with an MAE of 7.44+14.43 kPa compared to 13.27420.16 kPa, 24.76+11.59 kPa
and 28.97420.46 kPa for FE, Dense-S and VP-NET, respectively. Earlier CNN-based
approaches 146, |151, |153] consequently perform worse when generalizing to the inclu-
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Fig. 4.6: Model predictions for (a) FE, (b) Dense-S, (d) VP-NET and (e) our approach
for a heterogeneous phantom. The phantom contains a cylindrical inclusion
(white circle, Young’s modulus of 56 kPa) embedded in softer surroundings
(Young’s modulus of 17kPa). Failed processing for FE is marked in white. (c)
AUROC and (f) AUPRC curves for the discrimination between simulated lesions
and soft surroundings for each approach. Figures adapted with permission
from © Optica Publishing Group.

sion phantoms and show poor contrast between soft and stiff regions. These methods
also partially overestimate the elasticity, especially at the edges of the inclusion. The
improved generalization of our approach is also evident when we consider the detection
of the inclusion via the AUROC and AUPRC (Fig. . Our method outperforms the
previous methods and yields the highest values of 0.997 and 0.991 for AUROC and
AUPRC, respectively. Finally, we qualitatively evaluate our approach on human ex
vivo tissue samples of heart, kidney and liver. With our approach, we obtain elasticity
estimates that are within the expected range reported in the literature, and we observe
the highest correlation with a surrogate reference obtained by monitoring the contact
force during tissue indentation [147].

In summary, our results in show that transformer architectures are well suited to
process spatio-temporal sequences of A-scans naturally acquired during OCE scanning,
as demonstrated by the improved end-to-end elasticity reconstruction.
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Current robotic surgery systems are commonly hindered by the absence of feedback on
tool-tissue interactions [2} 6]. This restricts surgeons ability to feel tool-tissue interactions,
affecting their capacity to manipulate tissue effectively and safely. Novel technologies
are required to provide such feedback that can shorten operating times, quicken training,
enhance procedural success rates, and reduce the mental workload of surgeons [7, 8,
11} |12]. Additionally, sensory feedback on biomechanical tissue properties could enable
tissue characterization |15| |18], potentially providing new means for the intraoperative
differentiation between healthy and pathological tissues.

Due to it’s high spatial and temporal resolution and the potential miniaturization with
fiber-based probes, OCT is a promising technology in light of these challenges. However
prior investigations into the application of OCT for intraoperative feedback on tool-
tissue interactions have been limited. Therefore, this work explores novel adaptations of
OCT-based sensor technologies. We particularly investigate how we can use OCT to
sense tool-tissue interactions at the tip of medical needles and, when integrated with
robotic systems, provide enhanced navigation and guidance during RANI. Secondly,
we consider how end-to-end deep learning models can improve accuracy and reliability
for reconstruction of interaction forces and tissue elasticity from spatio-temporal OCT
data. In the following, we consequently discuss the findings presented in chapter 4| and
evaluate our contributions with respect to these two research topics. We first assess
our contributions to the first research topic considering needle-based OCT to guide
robotic insertions. We discuss our approaches on collaborative RANI with force [143] and
proximity [142] feedback. We then evaluate our findings regarding quantitative elasticity
reconstruction for deep tissue [144]. Afterwards, we discuss our contributions for our
second research topic considering advancements in end-to-end deep learning for feedback
on tool-tissue interactions. These include our findings on optical force estimation with
OCT and OCE [145] and the improved elasticity reconstruction during optical palpation
with transformer models [147]. We discuss limitations and strengths for each contribution
and position our work with respect to existing research. Additionally, we provide an
outlook on future work and the clinical need for sensory feedback on interaction forces
and tissue properties during robotic manipulation.

5.1 Fiber-based OCT Sensors for Feedback on
Needle-Tissue-Interactions

Our works in [142-144] investigate approaches for needle-based sensors and demonstrate
that OCT can be used to measure a multitude of valuable details benefiting RANI.
Our contributions show that OCT enables the measurement of interaction forces, the
distance to critical structures and elastic properties of samples at the tip of medical
needles with a diameter of < 2mm. In comparison to previous works that considered
needle-based OCT for retrospective analysis, e.g. for needle tip force estimation |133H135],
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the visualization of critical structures and insertion events in epidural anesthesia [97H100)
136], or brain surgery [102-105], we show the feasibility of real-time force and depth
sensing in collaborative RANI with kinesthetic feedback [142} |143]. Real-time feedback
on proximity sensing has been proposed for subretinal injections [91-96, |141] but these
approaches do not consider haptic feedback and mostly focus on handheld insertions
without robotic assistance. In comparison to previous works, we consequently do not
just demonstrate the feasibility of our own OCT-based needle sensors. Instead we
also show how such sensor technology could be used in conjunction with collabora-
tive robotics to provide novel means of navigational feedback during needle insertions
(Fig. . We directly compare our collaborative approaches to external force sensors
mounted at the needle base, highlighting the potential of OCT for the force-based
detection of tissue interfaces (see Fig. and accurate placement in critical structures
(see Fig. |4.1). Using robotic trajectory guidance for manual insertions can improve
needle placement [182] 350] and our approaches additionally provide real-time haptic
feedback on tissue interfaces to the physician. Such feedback during collaborative in-
sertions, e.g. force or depth sensing, in principle also enables the physician to adapt
to changes that might occur between pre-operative imaging and the insertions, e.g.
due to bulk tissue motion commonly observed for prostate sampling [186, [187]. The
operator can consequently proceed insertion until the expected rupture event occurs
or the desired distance to the target has been reached without exclusively relying on
pre-operative image guidance. However, while our approaches enable such behavior in
theory, our experiments in [142 143] did not specifically include bulk tissue displacement.

We first consider depth sensing that is particularly interesting when accurate needle
placement is required in between tissue layers or cavities in close proximity to vulnerable
and sensitive structures. Such insertions can greatly benefit from additional feedback to
prevent complications, e.g. drug injection in the epidural space next to the spinal cord or
between the retinal pigment epithelium and the internal limiting membrane. In our study
on collaborative insertions with feedback on the proximity to sample interfaces [142],
we consider phantoms to demonstrate that forward-facing OCT could provide improved
placement accuracy and significantly reduce accidental overshoot. The experiments
(see Sec. show that axial forces measured at the needle base provided limited
value. This could be expected as we do not decouple the needle tip from shaft forces
but which has been shown to improve needle placement, e.g. in [193]. Consequently, the
superposition of friction and tip forces makes distinguishing between interface rupture
events based on shaft forces extremely challenging. More interestingly, our results show
that purely visual feedback on the distance to sample interfaces improves placement
accuracy but is unable to effectively prevent needle overshoot. We therefore conclude
that it is difficult to process the OCT-based sensory information for the participants in
real-time. In contrast, taking advantage of the robotic insertion and transforming the
measured proximity to kinesthetic feedback enables the participants to process the novel
sensory information and effectively prevents accidental overshoot of the simulated cavity.

For OCT-based tip force sensing [143], we improve upon prior sensor designs [133H135]
by adding compatibility to a clinical spring-loaded biopsy system. Additionally, prior
needle designs were prone to breaking due to shear forces at the tip and were limited by
a conical tip shape without cutting edges. Our modifications improve needle robustness
to enable repeated deep tissue insertions, as demonstrated in in-situ pancreatic biopsy
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sampling with insertion depths of more than 100 mm (see Fig. . Simultaneously, the
experiments in [142-144] showcase how external force sensors are strongly affected by
needle friction forces hindering effective feedback on needle-tissue interactions. Automatic
robotic insertions in [143] allow us to investigate tip and friction forces during insertions
in a controlled environment. These experiments highlight that friction forces are not only
affected by insertion velocity and needle tip geometry but are also greatly influenced
by previously punctured tissue layers. Due to previously punctured layers, we observe
inconsistent and non-linear behavior for friction forces even in our phantom setups (see
Fig. . In comparison to our direct approach, some indirect methods involve modeling
and subtracting friction forces to assess interactions at the tip, e.g. [190]. However, the
observed perturbations in our experiments, potentially caused by relaxations mechanisms
in the punctured tissue [188| 200], make modeling friction extremely challenging in deep
tissue insertions as the complete geometry and biomechanical property of all tissue layers
along the insertion trajectory are generally unknown. The findings therefore emphasize
the advantages of direct needle tip force estimation as also proposed in [191-193] for
feedback during difficult insertion tasks.

Being able to model needle insertion forces [188 |195-201, 351H355| is an important step
towards understanding needle-tissue interactions, but direct measurements currently
provide feedback that indirect methods are unlikely to match. On the other hand, the
required sensor miniaturization and associated cost also prevents widespread clinical
adaptation, especially if sensor technology drastically increases the complexity of an
otherwise quick and simple percutaneous procedure. In comparison to other sensor
technologies for tip force sensing, e.g. strain gauges [202], FBG [191, [192] or FPT |203-
207], OCT requires highly complex optical systems and therefore even greater investments.
However, the proposed needle probes themselves (Fig. only require inexpensive SMF
glass fibers that are attached to the expensive imaging system that is kept externally. The
additional hardware requirements could consequently be significantly reduced in operating
rooms where OCT systems might already be present due to other clinical applications,
e.g. retinal OCT or IVOCT. More importantly, alternative optical approaches like FBG
or FPI only provide feedback on interaction forces while OCT offers the unique potential
to provide structural and functional imaging of tissue at the needle tip. OCT therefore
enables far more versatile feedback on needle-tissue interactions, e.g. via morphological
tissue characterization or previously discussed depth sensing, with OCT-based force
sensing as a additional benefit.

Our experiments in [142] and [143| highlight the importance of real-time processing and
an appropriate mechanism to display the OCT-based sensing to the operator. Performing
retrospective analysis of needle-based OCT sensors is a vital first step to to demonstrate
the feasibility of the respective sensor, e.g. previous retrospective studies considering
lumbar [97-100] or brain |102-105] insertions. But our work indicates that if we want to
harness the full potential of OCT, it is similarly essential to display the OCT data in a
way such that the feedback is easy to interpret and use. The robotic system we consider
provides one way to render the sensor information to the operator and we observe
similar benefits to other RANI systems with added haptic feedback on needle-tissue
interactions [190-194].

Our robotic system provides a versatile approach for needle insertions across the entire
body [148]| and our user studies demonstrate that novice operators are able to intuitively
control the system, resulting in high detection rates for proximity and force feedback
(Fig and . However, it is also a complex setup that could be simplified with a
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smaller robot with fewer degrees of freedom, e.g. for epidural anesthesia or Veress needle
insertion. Alternatively needle integrated motion control could also provide feedback
during insertion, e.g. considered for handheld retinal injection [94]. Also, our approach
currently considers CT for trajectory guidance but the extension to other imaging modal-
ities would further improve versatility. Especially US-imaging offers great potential
enabling real-time trajectory guidance for many target regions, e.g. as in [171-176]. For
the application of our OCT in MRI-guided insertions, an alternative robotic system and
modified needle-probes would be required that offer MRI compatibility [183-187, {192,
205].

In contrast to the collaborative robotic system for real-time force and proximity sensing,
we investigate the feasibility of needle-based OCE [144] in a different experimental
setup for simulating deep tissue insertions. Combining forward-facing OCT [142] with
tip force sensing [143] enables the quantitative assessment of elastic properties during
deep tissue needle insertion [144]. Our findings suggest that needle-based OCE could
provide valuable information to distinguish different tissue types through combined tip
force sensing and sample strain imaging. In comparison to previous approaches for
needle-based compression OCE with flat tip distal ends [118] [1211123], we demonstrate
our bevelled needle for the insertion into deep tissue structures. We therefore could
not follow the previously applied approach to spatially multiplexed stress and strain
imaging [121-123] via GRIN lenses. We instead achieve separate tip force and strain
imaging by adapting to a dual-fiber probe for the beveled needle (see Fig. . However,
this affects elasticity reconstruction as measured elasticity is strongly dependent on
indenter geometry [356]. For previous flat tip geometries [121-123], the distribution of
the applied strain was assumed to be uniform across the circular GRIN surface and
these approaches consequently reported equivalent Young’s moduli instead of the pseudo-
elasticity we report (Sec. [4.1.3)). Still, it is unclear if such an assumption is valid even
for flat tips and values for reconstructed Young’s modulus greatly vary between different
samples and sensor technologies in general [18,357H361]. Our overall goal is to provide a
sensor technology that provides a reproducible and reliable measurement to distinguish
samples with different elastic properties. We therefore do not focus on modeling bevel
tipped needle-tissue interactions with respect to the Young’s modulus. We instead
report the tip force per strain as a pseudo-elasticity reconstruction that still enables
quantitative measurements, similar to the approach in [275] that considered pseudo-
elasticity for corneal stiffness measurements. We demonstrate that this can achieve the
desired biomechanical characterization independent of systematic perturbations that
affect external measurements. Our study shows robust discrimination of the samples
with quantitative OCE despite friction forces and bulk tissue displacement (see Fig. .
OCE shows better agreement between surface and deep tissue measurements, once again
highlighting the benefit of measurements obtained at the needle tip. In comparison to
approaches relating applied load to indentation depth [209, 210], needle-based OCE
offers a powerful tool to measure elasticity through quantitative strain imaging. Besides
the compression-based OCE we consider, wave-based endoscopic OCE provides an
alternative that has shown promising results for quantitative elasticity reconstruction.
Needle-based wave excitation is not as straightforward as the needle-based indentations
we consider, but novel miniaturized approaches proposed in recent years could be adapted
for percutaneous insertions [127, 128, 131, [132].

Being able to reliably differentiate between cancerous and healthy tissue could greatly
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improve needle guidance during biopsy of suspected lesions. Currently, there is generally
no intraoperative feedback that enables the physician to assess whether the correct tissue
was sampled during biopsy. But incorrect placement can cause false-negative results
during histopathological examination. Clinical approaches currently aim to prevent
incorrect sampling through different aids such as intraoperative imaging and systematic
or repeated sampling to improve likelihood of placing the needle in the desired region.
However, intraoperative image guidance can be challenging, e.g. endobronchial US
guidance in pulmonary lymph node biopsy. Increasing the biopsy core count through
systematic sampling increases risk of surgical complications, e.g. pain and erectile
dysfunction for prostate biopsy [362, |363]. Added feedback obtained directly from
the needle tip could provide valuable intraoperative information on the sampled tissue
without the delay of histopathological examination, potentially reducing the need for
repeated core sampling or preventing faulty sampling in cases where image guidance is
challenging. As elastic properties can serve as a biomarker to differentiate the often stiff
lesions from there soft surroundings, the demonstrated measurements on quantitative
elastic properties could fill this role. Our OCE measurements are however only a first
step towards this goal and are still limited to gelatin phantoms. While the two phantoms
have similar elasticity to healthy and cancerous tissue [15, 209], extensive evaluation on
biological soft tissue will be required to validate the feasibility for clinical application.
Our previously discussed experiments also highlight the importance of appropriate
feedback with novel sensor technologies. Consequently, mapping measured elasticity
to intuitive forms of feedback need to be investigated, and the kinesthetic display we
consider in [142, 143] will be ill-suited for this task.

5.2 Deep Learning for OCT-based Estimation of
Tool-Tissue Interactions

In addition to our works investigating needle-tissue interactions, we consider deep-learning
coupled with high-speed OCT for sensing tool-tissue interactions in RAMIS. Our findings
highlight that tailoring learning-based approaches to the spatio-temporal nature of OCT
can greatly improve accurate force estimation [145] and elasticity reconstruction [147].
The advancements we propose include a Siamese architecture conditioned with OCE
elasticity estimates for feedback on interaction forces and the direct processing of A-scan
sequences in a transformer architecture to more effectively learn Young’s modulus recon-
struction in wave-based OCE. While mathematical models offer theoretical frameworks
to represent tissue mechanics and system behavior, they often fall short in capturing
real-world complexities due to the need for extensive parameter tuning and idealized
assumptions. In contrast, learning-based approaches enable capturing of system- and
tissue-specific patterns that are otherwise difficult or impossible to model explicitly.
The considered end-to-end calibration of complex optical sensors via deep learning can
thus provide more accurate and robust sensing. Our results show that appropriate
selection of architecture and data processing greatly affects model performance and we
provide new methods that particularly focus on the spatio-temporal nature of OCT data.
Providing physicians with such estimates of interaction forces and tissue properties could
significantly improve intraoperative guidance and safety. Similarly to the discussion for
OCT-needle sensors, rendering sensory outputs such as the measured elasticity to the
physician will additionally require appropriate feedback mechanisms.
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5 Discussion

Considering the feedback on interaction forces during robotic or laparoscopic manipu-
lation, we expand on previous works [155H157] that have investigated the feasibility of
optical force estimation based on 3D and 4D OCT as an alternative to RGB or RGB-D.
Our experiments focus on the importance of sample elasticity that must be considered
during indirect image-based force measurements [145]. Similar to our findings in [144]
where both the applied load and tissue deformation are required to derive elasticity, our
experiments demonstrate that it is essential to measure both deformation and tissue
properties to accurately derive the applied force. We therefore specifically consider this
when designing our model architecture. The elasticity conditioned Siamese architecture
(Fig. enables the models to learn the relation between deformation and applied load
due to the added information on tissue properties, as seen in improved model performance
for phantom and tissue samples (see Fig. and Fig. . This enables more versatile
force estimation in comparison to models for single organs, e.g. brain [219], or multiple
manually selectable organs, e.g. as proposed in [228]|. Furthermore, potential changes
to elasticity due to pathological tissue drastically change the observed magnitude of
deformation per applied force. Neglecting such changes would cause large errors during
indirect force estimation, as illustrated in our examples with phantoms simulating stiff
lesions and soft healthy tissue (Fig . Our experiments show that models trained on
more diverse data sets are able to partially generalize to varying elastic properties. But
directly fusing wave velocity into the model greatly reduces force estimation errors for
previously unseen elasticities. This holds true for both surface deformation maps and
volumetric deformation data fused with OCE estimates. Our improved generalization
capabilities does also not come at the cost of good performance for individual samples,
e.g. in comparison to heart model phantoms investigated in [227} 228|. Considering the
generalization to unseen samples, our RMSE of below 100 mN for fusion models were
highly competitive with previous works investigated RGB-based force estimation, e.g.
1865 mN [237] and 1100 mN [236] for stereoscopic images. However, these approaches
additionally considered pulling forces making the task more challenging than the exclusive
pushing task we investigate.

Following our work, mixing of multiple data sets, generalizing input representations,
and combining vision transformers for encoding RGB images and a recurrent model to
integrate robot states was shown to reduce the relative errors during generalization [231].
Our elasticity conditioned model offers the opportunity to reduce generalization errors
during domain shifts without additional data sets, but increasing training set size and
variability could also reduce the problem of models limited to specific elastic properties.
OCT-based optical force estimation has recently been considered with a hybrid CNN
and RNN model for retinal surgery [333] but comparisons to our approach are difficult
as the authors only provided qualitative results. However, the publicly available data set
could provide an interesting comparison for feature work.

In contrast to our research, most approaches considering optical force estimation have
focused on RGB images and additionally considered actuator torque or kinematic data
in hybrid CNN and RNN models [226-229, [231], 233H238]. These robot state vectors can
provide an alternative to elasticity estimates when deriving forces from the observed
deformation. The effort required during manipulation should in theory reflect changes
in biomechanical properties indirectly. However, the proposed approaches have generally
considered laboratory setups and therefore the state data would be less affected than
in the surgical cavity, e.g. nonlinear cable mechanics, bending, friction, or tissue dis-
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5.2 Deep Learning for OCT-based Estimation of Tool-Tissue Interactions

placement could compromise robot state accuracy. It has also been considered to derive
tissue elasticity from indirect force estimates [233] but our findings show that robust
optical force estimation requires modeling of local elasticity and vice-versa. It is also
unclear how RGB-based methods of elasticity estimation such as [364} [365] could be
adapted for intraoperative use and OCT holds significant advantages in this regard. Our
approach enables direct assessment of elasticity but requires additionally hardware to
excite the surface waves for OCE. The observed benefits of OCE fusion slightly vary
dependent on the accuracy of phase velocity estimates, as we observe greater relative
improvements for more robust OCE measurements of softer samples. Consequently, our
force estimation approach could further benefit from improved learning-based elasticity
reconstruction, e.g. previously considered CNN and convRNN approaches [155-157]
or our transformer-based approach [147]. Our modified tool for wave excitation [146]
reduces the need for a separate excitation tool used in our setup (Fig. but this only
marks an intermediate solution as our goal is to entirely prevent modifications to the
robotic manipulator for image-based force estimation.

Finally, our work [147] considers the reconstruction of tissue properties via transformers
to improve learning-based feedback on tool-tissue interactions. Our experiments show
that the self-attention mechanism coupled with appropriate position encoding enables
improved Young’s modulus reconstruction directly from the purely sequential data
representation obtained in OCT (Sec. . We thereby aim to address two challenges
of wave-based OCE. Firstly, the robust detection of wave propagation from the OCT
phase data and secondly, the accurate modeling of wave mechanics to derive accurate
Young’s modulus values. Our results underline these challenges as the detection of wave
propagation with a conventional Fourier estimator fails in multiple measurements for both
phantom and tissue samples (Tab. and Fig. . Additionally, we alleviate the need
for explicit selection of wave propagation models that significantly affect accuracy [358,
359]. This also includes assumptions on material properties that may vary besides sample
elastic, e.g. density or Poisson’s ratio. Instead, the model implicitly learns to relate the
wave propagation to elastic properties obtained in gold-standard compression test in an
end-to-end fashion. Our approach outperforms conventional processing and state of the
art CNNs [146] [151H154] in our experiments (Sec. . We achieve better generalization
to phantoms simulated stiff lesions (Fig. with respect to elasticity errors and the
ability to detect the inclusions, as indicated by higher AUROC and AUPRC scores. For
soft tissue samples, ground truth values for elasticity were not available and our results
are limited to demonstrating better agreement between our approach and a surrogate
elasticity defined as the maximum palpation force during robotic palpation with the
surgical tool. Increasing errors when transitioning from homogeneous training data
to more complex heterogeneous samples also highlights that further validation with a
multitude of soft tissue samples and intraoperatively acquired data will be required going
forward.

In comparison to our approach, previous learning-based approaches have generally
considered OCT data as multidimensional images and mostly focused on CNNs to
derive tool-tissue interactions from OCT [138H141} 149-159]. But we observe improved
performance when considering the purely sequential nature of OCT A-scans via self-
attention and entirely learn spatial dependencies without inducing this bias in the model.
However, the experiments show that appropriate position encoding is essential for this
approach and we obtain the best performance for RoPE that feeds positional information
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in each attention layer. We also observe better scalability with respect to computational
load and model capacity in comparison to previous learning-based approaches [151-154].
Our work does not represent the first time transformer architectures are considered for
processing OCT data. These include VIT approaches or hybrid CNN and transformer
models (Sec. . However, similar to previous CNN-based models, these approaches
again considered the reconstructed B-scans as multidimensional images instead of the
raw sequence of A-scans.

One exception is [345], where each pixel was considered an input token for retinal layer
segmentation. In contrast, we regard each A-scan as one input token to derive sample
elasticity from the phase differences between A-scans. Our experiments suggests that it
is advantageous to follow this sequential nature of OCT data for accurate and robust
elasticity reconstruction. The model is therefore able to implicitly learn system sampling
and wave propagation dependencies with reduced bias. However, further validation with
additional tissue samples is required as our experiments are mostly limited to phantom
setups. Adaptation of our learning objective to a classification task or the intermediate
prediction of wave velocity [153] could simplify the acquisition of additional labeled data.

5.3 Limitations and Outlook

Our contributions highlight the potential of intraoperative OCT. The successful demon-
strations merit further exploration but must also address significant challenges that
still remain. Regarding our proposed needle-integrated OCT sensors [142H144], an
important next step will be the direct comparison to alternative methods of needle
guidance, e.g. manual insertion under US imaging and alternative methods for feedback
on needle-tissue interactions such as loss-of-resistance [366], mechanical mechanisms [367]
or alternative sensor technologies discussed in Sec. Additionally, we consider tip
force, depth sensing and tissue elasticity estimates in separate experiments to highlight
their respective value. But an approach such as our needle in |144] could also provide
comprehensive feedback on these properties in a single sensor. Furthermore, future
research could combine such versatile sensing with the morphological imaging OCT
provides. Promising extensions therefore include classification of tissue through struc-
tural imaging but also additional contrast such as polarization-sensitive OCT [99] or
attenuation imaging [64]. However, the temporal sequence of A-scans obtained with our
sensors superimposes spatial and temporal data and is particularly difficult for physicians
to interpret, e.g. as also indicated above (see Sec. . Adequate sensory output
will therefore require appropriate data processing and feedback to display the relevant
information to the physicians. Our experiments demonstrate the great potential of
learning-based approaches for processing spatio-temporal OCT data [143, |145-147] and
could address the challenging interpretation of OCT data. Consequently, learning-based
tissue classification from morphological imaging has already been demonstrated during
needle insertion [98| (136, 138-140]. Given accurate estimates of needle-tissue interactions,
further investigations into appropriate forms of rendering sensor outputs should also
consider combined methods, e.g. kinesthetic [142]|143], visual |[142], and vibrotactile [190]
feedback.

Considering the tool-issue interactions during robotic manipulation in RAMIS, our
works [145-147] explore OCT as it offers visualization of depth-resolved tissue deforma-
tions for versatile sensing. However, OCT is not readily available during RAMIS and
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would require appropriate scanning for use in the surgical cavity, e.g. through endoscopic
OCT probes [154]. In contrast, stereoscopic RGB is commonly available and offers a
greater FOV in comparison to OCT. Future work should consequently explore how our
findings might also benefit RGB-based estimation of tool-tissue interactions, e.g. through
the fusion of elasticity estimates with depth maps for improved optical force estimation.
In addition, while our works demonstrate the feasibility of indirect force estimation and
optical palpation, further design improvements are needed to completely remove the
need for hardware modifications currently employed for wave excitation [146| 147], e.g.
through contactless wave excitation [284-287]. More complex tool-tissue interactions
must be also considered, including destructive tissue manipulation, bulk displacement,
or partially occluded regions of interest.

Lastly, our experiments mostly focus on tissue-mimicking phantoms and laboratory
environments to evaluate the feasibility of our approaches [142-145, [147]. While these
experiments are important first steps in evaluating the potential of our methods in a
controlled setting, they do not accurately reflect the complex intraoperative applica-
tions. Particularly tissue mechanics are highly non-linear in reality, generally violating
assumptions such as heterogeneity and isotropy. The linear elasticity considered in [144]
does not address these mechanics adequately and appropriate extensions will be re-
quired for tissue-specific applications. Still, our compression-based OCE needle enables
measurement of load-strain-curves and could be extended to non-linear models that
also provide additional contrast [121}, 272, |273]. Similarly, our fused OCE velocity for
optical force estimation [145] represent a limited simplification of the nonlinear mechanics
observed for heterogeneous, anisotropic soft tissue samples. Nevertheless, we show that
our approach is able to leverage the additional information when generalizing to unseen
samples. Further adaptation of our model architecture could include end-to-end elasticity
processing similar to [147].

Our proposed learning-based approaches offer a valuable tool to address the challenge
of modeling tissue-mechanics. These methods can facilitate the complex calibration of
system- and sample-specific parameters. For example, in wave-based elastography, accu-
rate reconstruction is otherwise only possible through extensive structural, histological,
and rheological studies, as well as numerical simulations [52]. Still, further validation
of our approaches and the inclusion of additional tissue samples representing the large
variety of intraoperative conditions will be necessary. Only then can we fully utilize the
benefits of end-to-end estimation of tool-tissue interactions. We have also observed how
the considered model architecture and data representations greatly affect accuracy and
robustness. Further investigations should build on these findings, considering additional
inputs such as robot state data in hybrid models for force estimation [226229| 231,
233238], evaluating the approaches on additional data sets [231} 333] and exploring new
applications where intraoperative OCT can provide unique opportunities.

Addressing the outlined objectives and improving accuracy, robustness and versatility
for OCT-based sensors will be essential. There remains the need for appropriate sensor
technologies offering estimates of interaction forces and tissue properties in surgical
procedures. This will be especially important to increase autonomy for robotic systems |6}
20, 21]. OCT is a promising candidate that can address many requirements with respect
to miniaturization and versatility, particularly for RANIL. Further investigations will
show if OCT might become a crucial part not just in ophthalmology, but in building
intelligent surgical robots.
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6 Conclusion

In this work, we considered OCT as an optical sensor technology for tool-tissue interac-
tions during robot-assisted interventions. Particularly, robotic systems are often limited
by the absence of appropriate sensors to assess interaction forces and tissue properties
during tool manipulation. In this context, we investigated how we can use fiber-based
OCT to capture tool-tissue interactions at the needle tip and how end-to-end deep
learning can facilitate the effective processing of spatio-temporal OCT when observing
tissue manipulations. First, we developed and experimentally validated fiber-based OCT
sensors directly integrated into the needle tip. Our results show that such integration
enables localized measurements of key properties during needle-tissue interaction. Needle-
integrated OCT enables estimation of needle tip forces, depth sensing and tissue elasticity
during percutaneous insertion. We have also shown how such sensors can be combined
with robotic platforms to provide real-time feedback to the operator and improve needle
placement. The combination of morphological and functional imaging of fiber-based
OCT probes represents a unique advantage over other sensing technologies as it improves
needle placement but can also enable tissue characterization. However, the experiments
indicate that intuitive forms of feedback are essential to realize the full potential of
OCT in surgical guidance. Second, we have developed learning-based approaches for
processing OCT data in robotic tissue manipulation tasks. We have shown that deep
learning architectures tailored to the spatio-temporal nature of OCT signals enable
accurate estimation of tool-tissue interaction forces and tissue elasticity. Our findings
confirm that the choice of model architecture and the handling of temporal features are
crucial for maximizing the information encoded in OCT data. The combination of deep
learning with OCT provides a valuable tool for sensing tool-tissue interactions, as the
models capture non-linear, context-dependent patterns in the data that are otherwise
difficult to represent with analytical or physically-derived models.

In conclusion, our investigations have explored OCT-based sensor technology that could
enable versatile measurement of tool-tissue interactions during robotic manipulation.
Enabling such feedback in minimally invasive procedures would be of great benefit to
both physicians and patients. Physicians could once again use their sense of touch
for intraoperative guidance, especially to localize important anatomical structures and
pathological tissue. A display of applied forces would also increase safety and enable
more effective tissue manipulation, especially for physicians who are less experienced
with robotic surgical systems. In addition, understanding and recognizing tool-tissue
interactions is essential for greater autonomy in RAS. While physicians may be able
to manually associate the observed tissue deformation with a particular load or tissue
property, robotic systems require appropriate sensing to achieve similar feedback loops.
However, our contributions are mostly limited to phantom experiments and only represent
first steps towards clinical application. Further research will show whether OCT can
prevail over other sensor technologies. This work has discussed possible next steps so
that OCT-based feedback on tool-tissue interactions can hopefully contribute to the
widespread availability of intelligent robotic systems in the near future.
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Abstract. Collaborative robotic needle insertions have the potential to
improve placement accuracy and safety, e.g., during epidural anesthe-
sia. Epidural anesthesia provides effective regional pain management but
can lead to serious complications, such as nerve injury or cerebrospinal
fluid leakage. Robotic assistance might prevent inadvertent puncture by
providing haptic feedback to the physician. Haptic feedback can be real-
ized on the basis of force measurements at the needle. However, contact
should be avoided for delicate structures. We propose a proximity-based
method to provide feedback prior to contact. We measure the distance
to boundary layers, visualize the proximity for the operator and further
feedback it as a haptic resistance. We compare our approach to haptic
feedback based on needle forces and visual feedback without haptics.
Participants are asked to realize needle insertions with each of the three
feedback modes. We use phantoms that mimic the structures punctured
during epidural anesthesia. We show that visual feedback improves needle
placement, but only proximity-based haptic feedback reduces accidental
puncture. The puncture rate is 62% for force-based haptic feedback, 60%
for visual feedback and 6% for proximity-based haptic feedback. Final
needle placement inside the epidural space is achieved in 38%, 70% and
96% for force-based haptic, visual and proximity-based haptic feedback,
respectively. Our results suggest that proximity-based haptic feedback
could improve needle placement safety in the context of epidural anes-
thesia.
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Fig. 1. Robotic system with proximity-based haptic feedback for collaborative needle
insertions into tissue mimicking phantoms.

1 Introduction

Epidural anesthesia plays an important role for perioperative pain management,
e.g. during orthopedic, urologic and general surgery. The procedure requires
placing a needle that guides a catheter into the epidural space (ES). The ES
is located directly behind the ligamentum flavum (LF) and surrounds the dura
that protects the spinal cord and the cerebrospinal fluid. Major complications
during epidural anesthesia are not common but potentially serious, including
hematoma, post-operative neurologic deficits, infections and even death [1].
Nerve injury and long-term headache result from accidental dural perfora-
tion [2,3]. Placement within the ES without dura injury can be challenging
given the small size of only 2 mm to 6 mm [4].

The most common technique for identifying the correct needle placement
is loss-of-resistance (LOR). It is based on the different tissue densities in LF
and ES. The entry into ES is visually or haptically perceived by the performing
surgeon [5]. However, LOR requires frequent training, false-positives are possible
and dura punctures still occur [5,6].

We consider robot-assisted needle insertions in the context of epidural anes-
thesia. CT-guided robotic needle insertions have shown promising results for
soft tissue biopsy sampling [7]. In epidural anesthesia, external image guid-
ance is challenging and tissue deformation as well as patient movement make a
fully automated needle placement difficult. We consider a collaborative approach
where the trajectory is guided by a robot but additional feedback is required to
enable the correct axial placement by the operator. Besides LOR, experienced
physicians rely on the haptic impression at the needle shaft to navigate. Con-
sequently, haptic feedback based on force measurements has been intuitively
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considered for robotic needle insertions. Multiple force sensors [8] or force mod-
eling [9] can provide enhanced feedback on needle tip forces that are otherwise
superimposed with friction forces. However, force measurements always require
physical contact first, potentially damaging delicate structures.

Instead, we propose a method that can detect structures before physical
contact occurs. We have recently shown that an optical coherence tomogra-
phy (OCT) fiber embedded into an epidural needle can enable the detection
of rupture events during needle insertions [10]. We now employ high resolution
OCT needles to measure the distance to structures. During collaborative needle
insertions, the distance is converted to a resistive force and employed as hap-
tic feedback. We perform experiments on tissue mimicking phantoms simulating
the epidural cavity. We compare haptic feedback based on force measurements
as well as the visual representation of the proximity with and without additional
haptic feedback. We evaluate our methods in a user study with ten participants
that each conduct needle insertions with the three different feedback modes.

2 Methods

Our system setup contains an optical needle probe, a 7-degree-of-freedom (DOF)
medical robot with a custom handle for collaborative robot manipulation and a
tissue mimicking phantom (see Fig. 1).

2.1 Sensor and Phantom Setup

The proximity sensor is based on OCT imaging. An optical fiber is fitted into a
standard Tuohy needle with a diameter of 1.4 mm for forward-facing, common-
path OCT imaging. Axial depth scans (A-scans) are acquired with a spectral
domain OCT system (Telesto I, Thorlabs) with a axial resolution of 6.5 pm in
air. The maximum imaging depth in tissue is approximately 1.77 mm, assuming
a constant refractive index of 1.45 for tissue. Our proximity sensor output is the
distance d to structures, which are positioned along the insertion trajectory in
front of the needle tip. It is obtained from detecting the closest intensity peak
within the processed A-scan (see Fig. 2, top right).

To evaluate our system, we employ phantoms from tissue mimicking gelatin
gels. We replicate the ES within the gelatin gels with two successive layers of
cellulose (see Fig. 2, bottom right). The layers are spaced 3 mm apart and rep-
resent the LF and the dura respectively. The synthetic dura is supported by
polyethylene foam that represents the area of the subdural space.

2.2 Robotic System

The robotic system consists of a 7-DOF light-weight robot (LBRMed 14, KUKA)
and a specially manufactured handle for the collaborative control by the surgeon.
The handle (see Fig. 2, left) includes a 6-DOF force-torque sensor (M3703, Sun-
rise Instruments) that measures the forces and torques applied to the handle
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Fig. 2. The custom handle for collaborative needle insertions is shown on the left. A
6-DOF force-torque sensor (FTS) detects the users input and the 1-DOF force sensor
(FS) registers forces acting on the needle. A close-up of the needle tip within the ES
mimicking phantom and the visualization of approaching structures via the A-scan are
shown on the right.

by the surgeon. Additionally, a 1-DOF force sensor (KD24s, ME-measurement
systems GmbH) measures the forces acting on the needle shaft.

The outer control loop is designed with an admittance controller. Prior to
insertion, the 6-DOF force-torque sensor allows the operator to freely position
the needle axis along a desired trajectory. During collaborative insertion, the task
space is restricted to the needle axis. The operator controls the 1-D movements
by the forces exerted on the handle. Haptic feedback is implemented by an
opposing resistive force. We employ a feedback control loop as illustrated in
Fig. 3. The input value of the control loop is the control error e. It is defined as
the difference between the feedback force Fgy, and the handle force applied in the
insertion axis Fyandle- Negative values of e are not considered in order to prevent
stability problems caused by oscillations. The control error is converted to the
desired movement z; 4 by the PID controller. Execution by the robot results in
the new insertion depth z of the needle tip. For Fyanqie < 0 the handle force
is directly mapped to the corresponding motion without any feedback to allow
retraction.

The handle enables three different feedback modes. Switching between the
three modes changes the source of the applied feedback force Fgp. In mode 1,
haptic feedback consists of the measured needle force. In mode 2, the user is
provided no haptic feedback, but a visual representation of the OCT signal (see
Fig. 2, top right). In mode 3, this visual feedback is supplemented by the haptic
feedback of the computed distance. During mode 1, we measure the force acting
on the needle, which is then used as direct feedback Fgp, = FNeedie- As mode 2
contains only visual feedback, the feedback loop is not closed with Fry, = 0 at
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Fig. 3. Control Scheme during Insertion. Three modes are considered for the feedback
loop. In mode 1, the needle shaft force is used as feedback. In mode 2, no feedback is
used and in mode 3, a force is generated based on the proximity according to Eq. 1.

all times. For the proximity-based haptic feedback (mode 3), the sensor output
d computed from the OCT signal is mapped to a corresponding resistive force
FFb = FProxa for which

Fprox(d) = tanh(2 % (1 — ))s dMax = 1.77 mm (1)

Max

is used. Robot communication and control is realized with the Robot Operating
System (ROS). The controller runs with a frequency of 1 kHz, both force sensors
update with 200 Hz and the computed distance is updated with a frequency of
100 Hz. The latency of the system is 30 ms.

2.3 Experiments

Ten participants with limited experience in needle insertions are asked to position
the needle tip within the ES. We conduct five insertions per participant per
feedback mode. Pullback is permitted and the insertion is stopped once the
participant releases the handle. The participants are granted one test run in
each mode to familiarize with the system behaviour. The order in which the
three modes are employed is randomized for each participant.

For evaluation, we determine the position of our mimicked dura relative to our
robot coordinate system. Based on the end-effector robot poses, we consider the
distance to the target height in mm. We report mean and standard deviation at
maximum extension dyi.x and for the final position dg,q. Insertions with correct
needle placement refer to all insertions where 0 mm < dg,q < 3 mm. Insertions
with dyrax < 0 mm correspond to dura puncture. The insertion is aborted if the
operator inserts the needle more than 15 mm beyond the dura.

3 Results

In total, we conduct 150 insertions. A single insertion is aborted as the partici-
pant fails to identify the ES in mode 2. Figure4 shows the dura puncture rate
and the successful needle placement separated by the three feedback modes. For
force-based haptic feedback (mode 1), placement within the ES is successful in
38% of cases. 62% of insertions result in dura puncture and no insertions are
stopped before the LF. For purely visual feedback (mode 2), one insertion is
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Fig. 4. Combined results for the dura puncture rate (including overshoot) and the
placement success rate based on the maximum and final insertion position respectively.

Table 1. Needle placement accuracy for each feedback mode in comparison of the first
and last insertion.

Feedback mode |1 2 3

dmax [mm] | First | —0.354+1.86 | —1.96 +4.37 | 0.62 £0.38
Last | —0.75£+2.07 | -0.15£1.25|0.67 £ 0.53
dEnga [mm] | First | —0.08 £1.66 | —1.37 +4.63 | 0.76 £ 04.08
Last | —0.67+2.06| 0.39+1.38|0.80+£0.66

stopped prematurely and 38% of insertions are correctly stopped in front of the
dura. Dura puncture occurs in 60% of cases, but is detected and corrected by a
subsequent pullback in 32% of all insertions. The proximity-based haptic feed-
back (mode 3) increases the correctly placed insertions without dura puncture
to 94%. The dura is punctured during three insertions (6%), one position is
successfully corrected.

We further report the distance to the dura for the three feedback modes
(see Fig.5). Considering dyax (red boxes), needle insertions with both mode
1 and 2 are extended below the dura, with a mean of (-0.33£2.01) mm and
(-0.65 £+ 2.37) mm, respectively. On average, insertions with proximity-based
haptic feedback (mode 3) are sto pped (0.58 +0.68)mm before the dura. Mean
distances to the dura at the final needle position dgnq are (-0.19+1.98) mm,
(<0.194+1.98) mm and (0.21 +0.62) mm for mode 1 to 3, respectively.

In order to evaluate the learning effect of the participants, the positions from
the first and the last attempt of each mode are displayed in Fig.5. The mean
accuracy and standard deviation (SD) is also given in Table 1.

4 Discussion and Outlook

The results from our phantom study show that the needle shaft forces (mode
1) provide insufficient haptic feedback for the operator to accurately place an
epidural needle within the ES. The large variation in final needle placements
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Fig. 5. Distance to the dura for the maximum and final extension for each of the three
feedback modes. Additionally, the first and the last attempt from each participant is
displayed. Outliers are marked in red, the aborted insertion is not shown.

implies that the participants have difficulty distinguishing the two boundary
layers. Multiple insertions are stopped after only partially rupturing the mim-
icked LF signified by points directly under the 3 mm line in Fig. 5. With visual
feedback (mode 2), the puncture rate is nearly identical to mode 1. The higher
transparency compared to mode 1 and 3 also results in the only aborted attempt
posing a significant safety issue. However, the participants are able to detect and
correct the overshoot in half of the cases. This implies that they are able to detect
the dura but fail to react in time. Higher damping for finer movements and a
more intuitive visual representation could help mitigate the overshoot. In mode
3, the number of needle placements where no puncture occurs and the needle is
stopped inside the ES increases to 94% from 38% in mode 1 and 2. This indi-
cates that users have less difficulty distinguishing the two boundary layers and
can more intuitively insert the needle within the ES.

Regarding the learning effect, the comparison between the first and last
attempt for each mode results in relatively small differences compared to their
standard deviations. This makes definitive conclusions difficult, considering the
small sample size. Nevertheless, it indicates that the lack of adequate feedback
in mode 1 and 2 is not intuitively compensated within five attempts.

Previously, proximity-based haptic feedback has been proposed for ultra-
sound imaging [11] and endovascular catheterization [12]. However, these
approaches provide an insufficient resolution, are not designed to work in-vivo
or rely on external imaging that is not typically available in epidural anesthe-
sia. Our proximity sensor with pm resolution can resolve small scale structures
like the ES and can be easily integrated into medical needles. Our system does
not decouple the needle tip from shaft forces which has been shown to improve
needle placement in [8]. However, this requires a more complex needle tip sensor.
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In conclusion, we show that our collaborative approach has the potential to
improve placement accuracy and highlight the importance of haptic feedback.
The haptic response is decoupled from the puncture resistance of the dura and
no physical contact is required. Proximity-based haptic feedback is therefore
suited to avoid delicate structures and drastically reduces accidental puncture
in our phantom study. Further evaluation will address the operation by medical
experts and the applicability within real tissue samples.
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Abstract— The diagnostic value of biopsies is highly depen-
dent on the placement of needles. Robotic trajectory guidance
has been shown to improve needle positioning, but feedback
for real-time navigation is limited. Haptic display of needle
tip forces can provide rich feedback for needle navigation by
enabling localization of tissue structures along the insertion
path. We present a collaborative robotic biopsy system that
combines trajectory guidance with kinesthetic feedback to assist
the physician in needle placement. The robot aligns the needle
while the insertion is performed in collaboration with a medical
expert who controls the needle position on site. We present a
needle design that senses forces at the needle tip based on
optical coherence tomography and machine learning for real-
time data processing. Our robotic setup allows operators to
sense deep tissue interfaces independent of frictional forces to
improve needle placement relative to a desired target structure.
We first evaluate needle tip force sensing in ex-vivo tissue in a
phantom study. We characterize the tip forces during insertions
with constant velocity and demonstrate the ability to detect
tissue interfaces in a collaborative user study. Participants are
able to detect 91 percent of ex-vivo tissue interfaces based on
needle tip force feedback alone. Finally, we demonstrate that
even smaller, deep target structures can be accurately sampled
by performing post-mortem in situ biopsies of the pancreas.

I. INTRODUCTION

Needles are a valuable tool for reaching soft tissue lesions
to extract tissue biopsies for diagnosis or to perform therapy,
e.g. radiofrequency ablation or brachytherapy. In clinical
practice, needles are placed manually under image guidance,
with accuracy depending heavily on the operator [1], [2],
[3], [4]. Still, tissue sampling relies on precise positioning
of the biopsy needle inside the target tissue [5]. Robotic
systems have proven to be beneficial for this task with respect
to accuracy, standardization and the number of insertions
required [6]. Robots for needle insertions have been proposed
with CT-guidance [7], [8], [9] or MRI-guidance [10], [11],
[12].

Fully automated insertions have been considered for post-
mortem biopsy [8], [9] but are still not practical in a clinical
environment due to safety concerns. Alternatively, robots
align the needle trajectory in the clinic, while needle insertion
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Fig. 1.  Collaborative Robotic Biopsy: The robot guides the needle
trajectory while the physician inserts the needle. Needle tip forces are
sensed by the physician through haptic feedback allowing him to feel tissue
interfaces during the needle insertion.

is performed manually by the physician [13], [14], [15],
[16]. Thereby, the physician relies on anatomical knowledge
and his or her sense of touch when forwarding the needle
into tissue. Similarly, teleoperative systems [17], [18], [19],
[20], [21], [22], [23] provide haptic feedback to the surgeon
when inserting a needle. Forces at the needle tip can be
estimated and displayed to the physician [18], [20], [24],
[25] to further enhance the navigation during percutaneous
insertions. Tip forces can be provided by subtracting modeled
friction forces from externally measured forces [18], [25].
Similarly, miniaturized force sensors can be embedded in
needles composed of fiber Bragg gratings [20], [24], Fabry
Pérot imaging sensors [26], [27], [28], or imaging optics [29],
[30]. Needle tip forces have been shown to be superior to
forces measured at the shaft for membrane detection [20],
[25] but research is limited to phantom studies with synthetic
materials and non-commercial robots with small operational
spaces and limited degrees of freedom.

In this study, we propose a collaborative robotic system
with haptic feedback from the needle tip for minimally
invasive tissue biopsies. The physician plans the needle
insertion using CT imaging while a lightweight robot aligns
the needle according to the planned trajectory. We estimate
the ideal trajectory based on the CT-Hounsfield units [31],
[32].

Subsequently, needle insertion is performed collabora-
tively under haptic feedback with both robot and physician

979-8-3503-2365-8/23/$31.00 ©2023 |IEEE 6893
Authorized licensed use limited to: TU Hamburg-Harburg. Downloaded on September 13,2024 at 12:24:59 UTC from IEEE Xplore. Restrictions apply.
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Fig. 2.
of the robot (A), the needle mount (B) with integrated force sensors and
tracking markers, the smart needle (C), the CT system (D), the robot cart
(E) with the built-in OCT system and the optical tracking system (F).

Collaborative Robotic System: The experimental setup consists

on site as shown in Fig. 1. Needle path planning and robot
motion are executed in a custom software framework [9]. We
present a smart needle with an embedded optical fiber for
sensing forces acting on the needle tip. We estimate forces
based on optical coherence tomography (OCT) imaging and
perform real-time data processing with deep learning [29],
[33], [34].

The advantages of our system are: (1) safety; the physician
can feel critical events and is in control of the robot motion
at all times, (2) compensation for displacements and defor-
mations of soft tissue structures during needle insertion [9],
[35], [36], [37], [38] and (3) flexible puncture of different
soft tissue targets with a 7 degree of freedom (DOF) robot.

We evaluate the robotic system in three stages. Firstly,
we perform fully robotic insertions with a constant velocity
to demonstrate how unpredictable friction forces are in
heterogeneous phantoms, and we show that the forces at the
needle tip can help identify the location of tissue interfaces.
Secondly, we show that operators can determine the topology
of the tissue phantoms while purely relying on needle tip
force feedback. Lastly, we extract in situ pancreas tissue from
corpses which is a challenging target to reach in the clinic
requiring CT [39] or endoscopic ultrasound [40] due to the
long insertion path and anatomical localization.

II. METHODS
A. Collaborative Robotic System

The robotic system is depicted in Fig. 2 and combines
trajectory guidance with haptic needle tip force feedback.
The collaborative procedure is performed with a 7-DOF
light-weight medical robot (LBR Med 14, KUKA AG,
Augsburg, Germany) designed for human-robot interaction.
CT images are acquired with the Philips Incisive system
and the biopsy target is annotated by medical experts. A
custom planning system is used to estimate an entry point
prior to the insertion, considering insertion depth, insertion
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Fig. 3. Control Loop: Admittance control loop employed to display the
forces between needle tip and tissue to the operator. In the outer control
loop, the desired robot pose x4 is controlled with a PI controller based
on the operator’s handle force Fg and the amplified tip force Fr. The
inner control loop is governed by the position controller of the fast research
interface [41]. er denotes the outer loop force error, x the actual robot
pose, ez the inner loop pose error, 7p the controller torque and 7 the
externally applied torque.

angle and collision avoidance for bone structures. Registra-
tion between CT and robot is performed with an optical
tracking camera (fusionTrack 500, Atracsys LLC, Puidoux,
Switzerland) as described in [9] and the robot aligns the
needle along the chosen trajectory. Forces acting on the
tip of our smart needle are estimated and fed back to the
physician as a resistive force. A 3D printed handle allows
the surgeon to easily move the smart needle along its axis
while the robot guides the motion. Two force-torque sensors
(M3703, Sunrise Instruments) enable the measurement of
needle shaft forces and operator inputs, respectively. Note,
that shaft forces are only measured for comparison. During
the insertion, the movement is restricted to the axial needle
direction. To include haptic feedback into the position control
we employ the control loop depicted in Fig. 3. The inner
control loop is governed by the position controller of the
fast research interface [41]. In the outer control loop an
implicit force trajectory-tracking controller similar to [42]
is implemented. The robot position

t
zq(t) = k‘l/ ef(t) dt+kp€f(t) (1)
0

is choosen such that the error e = Fy — oFt between the
handle force Fy and the amplified measured tip force Fr is
minimized. The magnitude e is limited between 0 and Fy
to prevent involuntary movement. The gain « can be chosen
by the operator. The control loop and robot communication
is implemented with the Robot Operating System (ROS).
Force measurements and haptic control run at a frequency
of 200 Hz.

B. Smart Needle

We build custom needle probes with an integrated optical
force sensor which we refer to as smart needle. Our smart
needle is integrated into an introducer needle of a clinical
biopsy system and allows sensing of forces at the needle tip.
The smart needle components are depicted in Fig. 4, left. A
symmetrical needle tip is guided by the needle sheath with
an outer diameter of 2.05mm. An inner tube centers the
optical fibre within the needle sheath. The fiber is cleaved
for common-path imaging and placed within 0.5 mm of the
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Fig. 4. Smart Needle: Optical needle probe (left) for the estimation of needle tip forces during the insertion. Forces applied at the needle tip cause the
compression layer to deform. The resulting change in air cavity length is resolved in the OCT signal. A symmetric needle tip reduces lateral bending of
the needle during insertion. We consider a cGRU-CNN model (right) for real-time processing of the OCT data stream (H x T = 512 x 50) and compare
the performance to a 2D ResNet baseline. The output of the cGRU layer is processed in the regression head containing a ResNet based 1D CNN and fully

connected layers.

proximal end of the needle tip’s guide. The compression
layer between needle tip and sheath causes the OCT signal
to change under load. OCT data is recorded with a spectral
domain OCT system (Telesto Telesto I, Thorlabs GmbH,
GER). The system records one-dimensional depth scans (A-
scans) with a maximum imaging depth of approximately
2.6 mm in air resolved over 512 pixels.

For real-time data processing, we consider convolutional
gated recurrent units (cGRU) with a subsequent 1D CNN
designed for spatio-temporal input data (Fig. 4, right).Similar
to Gessert et al. [29], we replace the dot products in the GRU
cells with 1D convolutions such that

2 =0(Whex by + W x 2 + b)),

r¢ = 0(Whp * hi—1 4+ Wap x 24 4 by),

hy tanh(Wp, x (rs ©® hy—1) + Wy * x4 + b) and
hy = (1_Zt)®ht—1+zt®ilt

defines the update gate z;, the reset gate r;, the candidate
activation vector h; and the hidden state hy, respectively.
By updating the trainable filers W, spatial information is
processed for each A-scan and temporal information is
extracted in the recurrent unit. The tip force is estimated
based on the resulting feature vector h,, in the regression
head (Fig. 4). We compare our cGRU-CNN model with a
basic 2D residual neural network (ResNet) [43].

To calibrate our smart sensor prior to insertion, we
manually apply cyclic axial loads on a rigid surface. We
record 6x10* synchronized OCT A-scans and force labels
for tuning our model, with forces between ON-5N. We
train our models on input sequences of 50 A-scans over
50 epochs with a learning rate of 5x10™* and a batch
size (B) of 128, using the mean squared error (MSE) as
our loss function. We use Adam optimization with default
parameters [44]. We test the model employment over 1x10*
A-scans implementing a cyclic buffer to maintain the input
dimensions for the ResNet model. We compare the two
architectures with regard to accuracy and check for real
time applicability. We report mean absolute errors (MAE)
and Pearson correlation coefficient (pCC). To evaluate real

time application, we report timings for forward and backward
pass and the inference time for individual samples processed
on the GPU (RTX 3070, NVIDIA Corporation, USA). The
model with the lowest MAE during calibration is used for
phantom and in-situ insertions.

C. Phantom Experiments

We perform a phantom study to evaluate if the needle
tip forces are beneficial in the detection of tissue interfaces.
For this purpose, we embed ex-vivo chicken muscle tissue
into gelatin gels that fixate the tissue and prevent bulk
displacement (Fig. 5). A skin layer at the top of the phantom
consists of polyethylene foam and silicone rubber to simulate
the superposition of friction forces in percutaneous inser-
tions. We manufacture in total four phantoms and acquire
CT scan to determine the location of interfaces based on
the measured Hounsfield units. Firstly, we perform 25 fully
robotic insertions with a constant velocity of Smms™ to
evaluate needle forces independent of operator inputs. We
compare absolute forces at the needle tip with the location
of tissue interfaces marked in the pre-insertion CT scan. To
underline the importance of local tip force measurements,
we additionally analyze friction forces by subtracting the tip
force from the total axial force. We report changes in friction
force per material — skin layer, gelatin and ex-vivo tissue
— by calculating the slope of a linear regression through the
friction forces of each segment separated by tissue interfaces.

Secondly, we conduct a user study in which five par-
ticipants are tasked to sense interfaces during collaborative
needle insertions. We provide kinesthetic feedback on tip
forces and the participants are tasked to enable a trigger if a
tissue interface is perceived. We report the distance between
the estimated needle tip position triggered by the user and the
position of the tissue interface in the CT reference frame. We
evaluate the number of correctly detected and missed tissue
interfaces. We distinguish between entry and exit events
for each of the two tissue layers, resulting in up to four
marked locations per insertion. Participants perform three test
insertions to choose the gain o with which the tip forces are
scaled.
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Fig. 5. Phantom Experiments: The smart needle and the haptic system
with regard to tissue interface detection are evaluated in a phantom study.
The system (left) allows for both fully robotic and collaborative insertions.
(Right) CT scan of a phantom containing ex-vivo tissue embedded in gelatin
to prevent bulk displacement. A skin layer with silicone and polyethylene
foam emulates friction forces from the skin.

D. In Situ Pancreas Biopsy

We demonstrate the collaborative system in a forensic
setup by performing post-mortem pancreatic biopsy in two
different cases. The target area is marked by an expert in the
pre-insertion CT and a path through the center of the pancre-
atic tail is planned for robotic trajectory guidance (Fig. 6).
The needle is pre-aligned by the robot and the insertion is
switched to collaborative control. An incision is made into
the skin in order to reduce forces upon dermal entry and
the pathologist controls the placement of the needle. The
pathologist performs collaborative needle insertion and stops
the motion once he felt the tissue transition of the target
structure. With the needle sheath held in place, the smart
needle is retracted and a sample is taken with the biopsy
gun at the chosen position. A post-insertion CT is acquired
to visualize final needle placement.

III. RESULTS

In the following, we report the accuracy of our needle tip
force calibration. We then present our ex-vivo tissue study
and finally demonstrate the application of our system for
post-mortem pancreas biopsy.

A. Smart Needle Calibration

Needle tip force estimations for both models are reported
in Tab. I. While the total time per sample for the forward and
backward pass is longer for the recurrent model, samples can
be processed independently during use and both models can
be integrated into the control loop running at 200 Hz. The
spatio temporal cGRU-CNN model outperforms the ResNet
architecture with a MAE of 0.11 N and the more accurate
model is consequently chosen during phantom and post-
mortem insertions. An example of the calibrated tip force

Stomalch

.

Fig. 6. Pancreas Biopsy: Biopsy of the tail of the pancreas is performed in
a collaborative approach. Image guidance is used to globally align the needle
along the planned trajectory (white dashed line) based on the selection of
the surgeon. Local needle placement is performed by the surgeon controlling
axial motion along the trajectory (blue arrow).

MM@@U@

fissue

ResNet =mrererees cGRU-CNN Label
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Fig. 7. Smart Needle Calibration: Example plot of the needle tip
force calibration with estimations for both model architectures and the
ground truth measurements (black). The absolute errors for both models
are displayed as dotted lines.

estimation during loads exclusively applied at the tip can be
seen in Fig. 7.

B. Phantom Experiments

Two examples of the robotic insertions into ex-vivo tissue
with constant velocity can be seen in Fig. 8. During 25
automatic insertions, an increase in tip force Fr > 1N
can be noted 2.08+1.08 mm below the entry into ex-vivo
tissue marked in the pre-insertion CT scan. Similarly, the
return to tip forces Fr < 1N corresponding to the re-entry
into homogeneous gelatin occurs 5.13+1.88 mm below the
locations marked prior to the insertion. We further report
the friction force per unit length in Tab. II separated by
skin layer (S), gelatin (G) and ex-vivo tissue (T). Large
variations over different segments of the same material can
be seen. Especially for segments where the needle tip is
cutting through homogeneous gelatin, friction forces vary
between 0.05 N/mm and —0.56 N/mm. Examples of this can
be seen in Fig. 8, indicated by decreasing (e.g. Gi, top) and
increasing slopes (e.g. Gi, bottom) in gelatin for different
insertions.

The results of the user study can be seen in Tab. III
where participants are tasked to feel for the topology of
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TABLE 1
ERROR METRICS AND TIMINGS FOR THE NETWORK ARCHITECTURES.
THE INFERENCE TIME (IT) AND THE TOTAL TIME (TT) FOR FORWARD
AND BACKWARD PASS ARE GIVEN FOR INDIVIDUAL EXAMPLES.

Model MAE [N] pCC IT [ms] TT [ms]
ResNet 0.15 0.99 0.30 15.13
c¢GRU-CNN 0.11 0.99 1.03 52.96
50
401
Z 30
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Total Force =mzzzzzoe: Friction Force
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Insertion Depth [mm]

Fig. 8. Phantom Needle Insertions: Two examples (top and bottom) for
insertions with constant velocity through ex-vivo tissue with pre-insertion
imaging and trajectory (dleft) and corresponding force plots (right). Location
of tissue interfaces (dashed), tip forces (blue), total forces measured at the
shaft (red), friction forces (dotted) and linear regression of friction forces
(black) are plotted over the insertion depth. Insertions are segmented into
the topmost skin segment (S), gelatin segments (G) and tissue segments (T).

the phantoms. The mean distance between tissue interfaces
estimated from CT and user inputs ranges from 5.77 mm to
11.74 mm for all participants. For the interfaces from gelatin
to tissue layers the mean distance for all performed exper-
iments is smaller (5.45+3.31 mm) compared to interfaces
between tissue and gelatin (9.85+4.89 mm). The distance
to interfaces from gelatin to tissue are 4.85+2.44 mm and
6.05+4.02mm for the two tissue layers, respectively. For

Force [N]

[S]

—_
(-]

50 90 130 180
Insertion Depth [mm]

Fig. 9. Example Needle Insertion with Haptic Feedback: Depicted are
the needle tip forces (blue) and trigger (green) enabled manually by the
user when a tissue transition is sensed. The position of the gelatin layers
(G) and tissue layers (T) are indicated on top.

TABLE 11
MEAN, STANDARD DEVIATION AND RANGE FOR FRICTION PER UNIT
LENGTH [N/mm] FOR EACH MATERIAL.

Material ~ Skin Layer Tissue Gelatin
Mean 0.38+0.04  0.36+0.08 —0.15+0.19
Min 0.25 0.13 -0.56
Max 0.45 0.54 0.05

C. In Situ Pancreas Biopsy

A visualization of a collaboratively performed pancreatic
biopsies can be seen in Fig. 10. With the needle aligned along
the planned trajectory, the pathologist advances the needle
through the initial resistance of skin and muscle tissue and
passes into the stomach (2). As the needle exits the partially
gas-filled stomach the pathologist detects the force peak and
subsequent rupture (3) and is able to place the needle in the
tail of the pancreas. The samples taken are subjected to a
histopathological examination, which confirms the successful
insertion (Fig. 11).

IV. DI1SCUSSION AND CONCLUSION

In this work, we present a concept for a collaborative
robotic biopsy system that combines trajectory guidance with
real-time feedback of needle tip forces. Haptic feedback is
provided by the robot on site, enabling the physician to locate
tissue interfaces during insertion.

We perform ex-vivo tissue experiments for validation and
systematic analysis of estimated forces acting on the needle

TABLE 111
DETECTION RATE (DR) AND DISTANCES [mm] BETWEEN
PRE-INSERTION POSITION AND POSITIONS DETECTED BY THE USER FOR
THE FIVE PARTICIPANTS.

DR Gy to Ty Ty to Go Go to T2 Ta to G Mean

the interfaces from tissue to gelatin we report increased 550 ol 5010030449 5952210 10.9443.90 7315445
distances of 9.14+4.23 mm and 10.88+5.75mm for the two 809 7214147 14.30+2.57 11.86+7.14 14.90+5.80 11.74%4.97
tissue layers, respectively. In total, users do not recognize 9 95% 4.20£336 6.46+4.09 3.35£1.74  12.8048.66 6.38+5.70
: : P . 9% 4.85+1.67 7.89+2.88 4.14+2.87 6.47+3.83 5.77£2.95
tissue .1nterfaces resulting in a total detectlop rate of 91 %. Of 05% 5126000 6814178 7274263 8634347 6771253
the missed cases, 80 % correspond to the interface between
. . Mean 4.85+2.44 9.14+4.23  6.05+4.02 10.88+5.75
tissue and gelatin.
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Fig. 10. Haptic Guided Pancreas Biopsy: Needle tip forces (blue), axial
handle force (green) and the difference aoF'r — Fy (magenta) displayed
over the insertion depth (top, left) and insertion time (bottom, left). Corre-
sponding CT scan after the insertion (right) with marked events denoting
percutaneous entry (1), entry (2) and exit (3) of the stomach and final needle
position (4). Inward deformation of the stomach wall (dashed blue line)
causes the rupture (2) to occur at a greater depth than can be seen on the
pre- or post-insertion CT scan.

(b) (c)

Pancreatic Tissue Biopsy: Extracted sample (a) corresponding to
the insertion shown in Fig. 10) and histopathological imaging (b) confirming
the success of the pancreatic biopsies in both cases (although tissue is
already affected by putrefaction).

Fig. 11.

tip and the corresponding kinesthetic feedback. Insertions
with a constant velocity show that friction forces per unit
length vary within the same material even in a phantom
setup with ex-vivo tissue embedded in gelatin. In Fig. 8
the friction forces show either falling (top) or rising slopes
(bottom) within the homogeneous gelatin and the incon-
sistent behavior is most likely due to the mechanics of
relaxation in tissue [45], [46]. Consequently, the friction
forces are not only strongly dependent on the insertion
velocity, tissue properties and needle geometry, but also on
the combination of already punctured tissue. Our findings
underline the benefit of directly obtaining absolute tip force
values as demonstrated in [20], [25], [47] and highlight the
limitations of friction model based approaches [18]. We have
observed that the sharp tip of our smart needle results in
nearly constant tip forces between tissue interfaces cutting
through each layer and limiting tissue compression.

The user study shows that the provided kinesthetic feed-
back was interpreted more reliably by the participants for

increasing forces, corresponding to needle punctures into
tissue (T). Tissue to gelatin interfaces were detected with
less accuracy. This can be partially explained by the design of
the needle as approximately 5 mm of the needle tip protrudes
beyond the needle sheath (Fig. 4) and a fraction of the load
remains until the tip is fully extended beyond the tissue
interface. In addition, gelatin prevents bulk displacement, but
limited tissue deformation can still occur especially during
the transition from one layer to the next. Adjustments to
the needle design e.g. a shorter tip could further enhance
detection as resistance decreases. The current system is
limited to kinesthetic feedback that the users must first
learn to interpret. Additional sensations, e.g. vibrotactile
feedback could help improve detection rates and reduce
user dependence [18]. Variability between naive users shows
that the haptic feedback is not equally intuitive to every
participant with detection rates ranging from 80 % to 95 %.
In comparison, the detection of membrane puncture events
in a phantom setup were reported with a 75 % success rate
in [20] and 98.9 % in [47]. In [25], success rates ranged
from 50.0 % to 83.3 %. However, comparisons to previous
works are challenging as they are highly dependent on tissue
and experimental setup, e.g. the perception of membrane
puncture with uni-axial motion stages [47].

Lastly, we demonstrate collaborative robotic biopsy in a
real-word scenario. The pancreas represents a challenging
target for biopsies within the retroperitoneal space as ultra-
sound image guidance is hampered for imaging deep tis-
sues [48]. Manual insertions with robotic trajectory guidance
can assist in needle placement [13], [15]. Here we provide
haptic feedback on tissue interfaces to the physician, poten-
tially increasing needle placement accuracy. The pathologist
was able to perceive the interface between stomach and
pancreas, as indicated in Fig.10, and successfully position
the needle relative to this target structure. The biopsy of
the pancreas demonstrates the feasibility of the approach for
anatomically difficult located tissue. But this approach would
also be suitable for other soft tissue biopsy targets, e.g. lung
or prostate. The in-situ application demonstrates the needle
tip sensor under realistic load but sensitivity under strong
lateral forces needs to be further evaluated. Our initial results
with a small sample size and a single operator are promising,
but further evaluations regarding applicability and clinical
workflow integration need to be explored in the future.

In conclusion, our results suggest that haptic feedback
is a valuable alternative to fully automated robotic needle
placement. Our results demonstrate that it is possible to
sense tissue interfaces with a collaborative robot for versatile
needle insertions in a large operating space. With our system
the physician is at all times in control of the needle insertion
which is crucial in a clinical environment. Further studies
will show how collaborative robotic biopsy compares to
exclusive trajectory guidance and manual placement, and
how much training is required for the adaptation processes.
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Abstract. Compression-based optical coherence elastography (OCE)
enables characterization of soft tissue by estimating elastic properties.
However, previous probe designs have been limited to surface applica-
tions. We propose a bevel tip OCE needle probe for percutaneous inser-
tions, where biomechanical characterization of deep tissue could enable
precise needle placement, e.g., in prostate biopsy. We consider a dual-
fiber OCE needle probe that provides estimates of local strain and load at
the tip. Using a novel setup, we simulate deep tissue indentations where
frictional forces and bulk sample displacement can affect biomechanical
characterization. Performing surface and deep tissue indentation experi-
ments, we compare our approach with external force and needle position
measurements at the needle shaft. We consider two tissue mimicking
materials simulating healthy and cancerous tissue and demonstrate that
our probe can be inserted into deep tissue layers. Compared to surface
indentations, external force-position measurements are strongly affected
by frictional forces and bulk displacement and show a relative error of
49.2% and 42.4% for soft and stiff phantoms, respectively. In contrast,
quantitative OCE measurements show a reduced relative error of 26.4%
and 4.9% for deep indentations of soft and stiff phantoms, respectively.
Finally, we demonstrate that the OCE measurements can be used to
effectively discriminate the tissue mimicking phantoms.

Keywords: Optical Coherence Tomography - Tissue Elasticity -
Prostate Biopsy

1 Introduction
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Healthy and cancerous soft tissue display different elastic properties, e.g. for
breast [19], colorectal [7] and prostate cancer [4]. Different imaging modalities
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can be used to detect the biomechanical response to an external load for the
characterization of cancerous tissue, e.g., ultrasound, magnetic resonance and
optical coherence elastography (OCE). The latter is based on optical coherence
tomography (OCT), which provides excellent visualization of microstructures
and superior spatial and temporal resolution in comparison to ultrasound or
magnetic resonance elastography [8]. One common approach for quantitative
OCE is to determine the elastic properties from the deformation of the sample
and the magnitude of a quasi-static, compressive load [10]. However, due to the
attenuation and scattering of the near-infrared light, imaging depth is generally
limited to approximately 1 mm in soft tissue. Therefore, OCE is well suited for
sampling surface tissue and commonly involves bench-top imaging systems [26],
e.g. in ophthalmology [21,22] or as an alternative to histopathological slice exam-
ination [1,16]. Handheld OCE systems for intraoperative assessment [2,23] have
also been proposed. While conventional OCE probes have been demonstrated at
the surface, regions of interest often lie deep within the soft tissue, e.g., cancerous
tissue in percutaneous biopsy.

Taking prostate cancer as an example, biomechanical characterization could
guide needle placement for improved cancer detection rates while reducing com-
plications associated with increased core counts, e.g. pain and erectile dysfunc-
tion [14,18]. However, the measurement of both the applied load and the local
sample compression is challenging. Friction forces superimpose with tip forces as
the needle passes through tissue, e.g., the perineum. Furthermore, the prostate
is known to display large bulk displacement caused by patient movement and
needle insertions [20,24] in addition to actual sample compression (Fig. 1, left).
Tip force sensing for estimating elastic properties has been proposed [5] but bulk
tissue displacement of deep tissue was not considered. In principle, compression
and tip force could be estimated by OCT. Yet, conventional OCE probes typi-
cally feature flat tip geometry [13,17].

To perform OCE in deep tissue structures, we propose a novel bevel tip OCE
needle design for the biomechanical characterization during needle insertions.
We consider a dual-fiber setup with temporal multiplexing for the combined
load and compression sensing at the needle tip. We design an experimental setup
that can simulate friction forces and bulk displacement occurring during needle
biopsy (Fig. 1). We consider tissue-mimicking phantoms for surface and deep tis-
sue indentation experiments and compare our results with force-position curves
externally measured at the needle shaft. Finally, we consider how the obtained
elasticity estimates can be used for the classification of both materials.

2 Methods

In the following, we first present our OCE needle probe and outline data process-
ing for elasticity estimates. We then present an experimental setup for simulating
friction and bulk displacement and describe the conducted surface and deep tis-
sue indentation experiments.
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2.1 OCE Needle for Deep Tissue Indentation

Our OCE needle approach is illustrated in Fig. 2. It consists of an OCT imag-
ing system, a time-division multiplexer and our OCE needle probe. The needle
features two single-mode glass fibers (SMF-28, Thorlabs GmbH, GER) embed-
ded into a bevel tip needle. The forward viewing fiber (Fiber 1) images sample
compression while the load sensing fiber (Fiber 2) visualizes the displacement of
a reference epoxy layer that is deformed under load. We cleave the distal ends
of both fibers to enable common path interference imaging. The outer diam-
eter of the OCE needle prototype is 2.0 mm. We use a spectral domain OCT
imaging system (Telesto I, Thorlabs GmbH, GER) with a center wavelength Ag
of 1325nm to acquire axial scans (A-scans) at a sampling rate of 91.3kHz. A
solid state optical switch (NSSW 1x2 NanoSpeed ™ Agiltron, USA), a 100 kHz
switch driver (SWDR DC-100KHz NS Driver, Agiltron, USA) and a microcon-
troller (Arduino™ Mega 2560, Arduino, USA) alternate between the two fibers
every second A-scan. Compared to spatial multiplexing [17], our temporal multi-
plexing maximizes the field-of-view and signal strength while effectively halving
the acquisition frequency.

Needle
Insertion

Tissue
- * Bulk “ . | | Deep Tissue
Friction  [l.« «"Displacement Sz Interface

Sample
Compression

Tip

Force Sample in deformable

Environment

Deep Tissue
Interface

Fig. 1. Left: Schematic of deep tissue indentation during needle insertion. Friction
forces (red) and tip forces (grey) are superimposed and the forward motion of the needle
(black) only partially results in sample compression (green) due to bulk displacement
(blue). Middle: Experimental setup used for indentation experiments, with a linear
actuator (A), an axial force sensor (B), the OCE needle probe (C) and the sample
layers (D). Right: Simulated deep tissue indentation before and after needle motion.
Friction can be added by puncturing multiple layers and bulk displacement is simulated
by placing the sample on springs. (Color figure online)
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2.2 OCE Measurement

In unconfined compression, the elasticity of the sample can be determined by
the relation between stress o and bulk strain € denoted by the Young’s modulus

___________________________

A-scan Fiber 1

Fig. 2. [lustration of our OCE needle probe for deep tissue indentation. Axial scans
(blue) are alternately recorded from fiber 1 and 2 with the OCT and multiplexer
(MUX) setup. We use optical fiber 1 to measure sample compression and fiber 2 for
the displacement of a reference epoxy layer (green) that is deformed under tip forces.
(Color figure online)

o F/A
- = ) (1)
€ AL/LO
with the force I, the area A, initial sample length Ly and assuming incompress-
ibility, quasi-static loading and neglecting viscoelasticity. However, the inden-
tation with our bevel tipped needle will not result in uniform stress and we
hypothesize instead that the elasticity is only relative to the applied tip force
Fr and the resulting local strain ¢;. To obtain a single parameter for comparing
two measurements, we assume a linear relation
Fr
Eocr(Fr,e) ~ — (2)

€

E =

in the context of this work. To detect strain (Fiber 1) and applied force (Fiber
2), we consider the phase ¢ of the complex OCT signals for fiber ¢ at time ¢
and depth z. The phase shift between two A-scans is proportional to the depth
dependent displacement du;(z,t)

50 (2, 1) = —2 Ol ) iz(z ), (3)

assuming a refractive index n of 1.45 and 1.5 for tissue (Fiber 1) and epoxy
(Fiber 2), respectively. We obtain the deformation u;(z,t) from the unwrapped
phase and perform spatial averaging to reduce noise. For fiber 1, we employ a
moving average with a window size of 0.1 mm. We estimate local strain based on
the finite difference along the spatial dimension over an axial depth Az of 1 mm.

at) = uy(zo + Az,At; — uy(20,1) )
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For fiber 2, we calculate the mean %5 () over the entire depth of the epoxy. We
assume a linear coefficient ar to model the relation between the applied tip force
Fpr and the mean deformation us of the reference epoxy layer.

FT(t) =arp * ﬂg(t). (5)

2.3 Experimental Setup

We build an experimental setup for surface and deep tissue indentations with
simulated force and bulk displacement (Fig. 1). For deep tissue indentations, dif-
ferent tissue phantoms are stacked on a sample holder with springs in between.
For surface measurements, we position the tissue phantoms separately without
additional springs or tissue around the needle shaft. We use a motorized linear
stage (ZFS25B, Thorlabs GmbH, GER) to drive the needle while simultaneously
logging motor positions. An external force sensor (KD24s 20N, ME-Mefsysteme
GmbH, GER) measures combined axial forces. We consider two gelatin gels as
tissue mimicking materials for healthy and cancerous tissue. The two materi-
als (Mat. A and Mat. B) display a Young’s modulus of 53.4kPa and 112.3kPa,
respectively. Reference elasticity is determined by unconfined compression exper-
iments of three cylindrical samples for each material according to Eq. 1, using
force and position sensor data (See supplementary material). The Young’s modu-
lus is obtained by linear regression for the combined measurements of each mate-
rial. We calibrate tip force estimation (Fiber 2) by indentation of silicone samples
with higher tear resistance to ensure that no partial rupture has taken place. We

= Tip Force (Fiber 2) A B C

g 10 Axial Force 1
5

L 00

= = = Deformation u(z,t) (Fiber 1)

]
n
-
-
-
-
-
[ ]
(]
b

Imaging Depth z [mm]

1 3 5
Time [s] / Motor Position [mm]

Fig. 3. Demonstration of the dual-fiber needle in insertion with puncture event (B)
and post-rupture cutting phase (C). The needle is inserted with a velocity of 1 mm s~ L
Visualization of the magnitude of the complex OCT signal from fiber 1 (bottom) dis-
played over needle motion/time. Estimated tip forces from fiber 2 and axial forces are
displayed at the top. Acquisition window during pre-deformation phase (A) considered
for OCE measurements is indicated by dashed white line. Local strain is calculated

based on the tracked deformation from the OCT phase difference as visualized in red.
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then determine a linear fit according to Eq.5 and obtain arp = 174.4mN mm ™!

from external force sensor and motor position measurements (See supplementary
material).

2.4 Indentation Experiments

In total, we conduct ten OCE indentation measurements for each material. Three
surface measurements with fixed samples and seven deep tissue indentations with
simulated friction and bulk displacement. For each indentation, we place the nee-
dle in front of the surface or deep tissue interface and acquire OCT data while
driving the needle for 3mm (Fig.1). As the beginning of the needle movement
might not directly correspond to the beginning of sample indentation, we eval-
uate OCE measurements only if the estimated tip force is larger than 50 mN.
To further ensure that measurements occur within the pre-rupture deformation
phase [6,15], only samples below 20 % local strain are considered. A visualization
of the OCE acquisition window from an example insertion with surface rupture
and post-rupture cutting phase [6,15] is shown in Fig.3. We evaluate external
needle shaft measurements of relative axial force and relative motor position
with the same endpoint obtained from local strain estimates. We perform lin-
ear regression to determine the slopes Eocrp[mN % 1] and Egxr[mNmm%!]
from tip-force-strain and axial-force-position curves, respectively. As we can con-
sider surface measurements as equivalents to the known elasticity, we regard
the relative error (RE) of the mean value obtained for deep indentations, with
respect to the average estimate during surface indentations. We report the RE

350 : , : '
Mat. A Surf. 1
300 r Mat. A Deep 20 + |
~N Mat. B Surf. |
o) 250  |—= — —Mat. B Deep
Q
L 200 | 15t
£ g
E 150 o ;
g L
S 100 | 10 t
S 100
e
= 50 F
0 . . . 571
0 5 10 15 20 . .
Local Strain [%)] (Fiber 1) Mat. A Mat. B

(a) Indentation Curves (b) Elasticity Estimates

Fig. 4. (a) OCE needle measurements for surface and deep tissue indentations based on
the estimated tip force (fiber 2) and the detected local strain (fiber 1). (b) Resulting

OCE elasticity estimates show good separation between the two materials, enabling
quantitative biomechanical characterization during deep tissue indentations.
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(a) Indentation Curves (b) Elasticity Estimates
Fig. 5. (a) Axial force-position-curves for surface and deep tissue indentations from
external force sensor and motor encoder. Friction increases the measured axial force,
while bulk displacement decreases the observed slope. Bulk displacement can occur
suddenly due to stick-slip, as seen in two cases of material B. (b) Resulting elasticity
estimates show overlap between the two materials, hampering quantitative biomechan-
ical characterization.

for both OCE and external measurements and material A and B, respectively.
Finally, we consider the measured elasticities for the biomechanical classification
of the material. We report the area under the receiver operating characteristic
(AUROC) and area under the precision recall curve (AUPRC) for both external
and OCE sensing.

3 Results

The OCE measurements for surface and deep tissue indentations are displayed
in Fig.4a. In comparison, external force-position curves are shown in Fig. 5a.
The resulting estimates Focp and Egpxr are shown in Fig.4b and Fig.5b,
respectively. It can be seen that OCE measurements result in separation of both
materials while an overlap is visible for external sensors. The sample elasticities
and relative error are also accumulated in Table 1. Biomechanical characteriza-
tion based on the OCE estimates allows complete separation between materials,
with AUROC and AUPRC scores of 1.00 (See supplementary material). Exter-
nal measurements do not enable robust discrimination of materials and yielded
AUROC and AUPRC scores of only 0.85 and 0.861, respectively.

4 Discussion and Conclusion

We demonstrate our approach on two tissue mimicking materials that have sim-
ilar elastic properties as healthy and cancerous prostate tissue [5,11]. The con-
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Table 1. Measured elasticity Focr and external sensors Erxr for both materials
with sample size n. We also report the relative error (RE) between the mean values
obtained from surface and deep tissue indentations.

Eocr [mN %] Epxr [mNmm™ '] n
Mean Min | Max | Mean Min Max
Mat. A | Surf |4.874+0.72 |4.04 |5.42 |232.74+14.6 |217.97|247.08 3
Deep 6.184+0.87 |5.05 |7.80 |118.26+3.01 |89.99 |179.75|7
RE [264% 49.2%
Mat. B | Surf | 14.92+3.28  12.10 18.53|361.02+6.94 |353.37 366.92|3
Deep | 15.39 £4.48 | 10.02 | 21.75 | 201.31 +89.04 | 136.56 | 354.60 | 7
RE [4.9% 42.4 %

ducted indentation experiments demonstrate the feasibility of OCE elasticity
estimates for deep tissue needle insertions. OCE estimates show better agree-
ment between surface and deep tissue indentations compared to external mea-
surements, as displayed by reduced relative errors of 26.4% and 4.9% for both
phantoms, respectively. Bulk displacement causes considerate underestimation
of elasticity estimates when only needle position and axial forces are considered,
shown by relative errors of 49.2% and 42.4% for material A and B, respec-
tively. Additionally, quantitative OCE estimates allow the robust discrimination
between the two materials as shown by Fig.4b and the AUROC and AUPRC
scores of 1. Note that the high errors for external measurements at the needle
shaft are systematic, as friction and bulk displacement are unknown. In contrast,
our probe does not suffer from these systematic errors. Moreover, considering the
standard deviation for OCE estimates, improved calibration of our dual-fiber
needle probe is expected to further improve performance. Deep learning-based
approaches for tip force estimation could provide increased accuracy and sen-
sitivity compared to the assumed linear model [3]. Weighted strain estimation
based on OCT signal intensity [26] could address the underestimation of local
strain during segments of low signal-to-noise-ratio (See supplementary material).
We are also currently only considering the loading cycle and linear elastic models
for our approach. However, soft-tissue displays strong non-linearity in contrast
to the mostly linear behavior of gelatin gels. Compression OCE theoretically
enables the analysis of non-linear elastic behavior [26] and future experiments
will consider non-linear models and unloading cycles better befitting needle-
tissue-interaction [15,25].

Interestingly, our needle works with a beveled tip geometry that allows
insertion into deep tissue structures. During insertion, tip force estimation can
be used to detect interfaces and select the pre-rupture deformation phase for
OCE estimates (Fig.3). This was previously not possible with flat tip needle
probes [9,13,17]. While the cylindrical tip is advantageous for calculating the
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Young’s modulus, it has been shown that the calculation of an equivalent Young’s
modulus is rarely comparable across different techniques and samples [4,12].
Instead, it is important to provide high contrast and high reproducibility to
reliably distinguish samples with different elastic properties. We show that our
dual-fiber OCE needle probe enables biomechanical characterization by deriv-
ing quantitative biomechanical parameters as demonstrated on tissue mimicking
phantoms. Further experiments need to include biological soft tissue to validate
the approach for clinical application, as our evaluation is currently limited to
homogeneous gelatin. This needle probe could also be very useful when con-
sidering robotic needle insertions, e.g., to implement feedback control based on
elasticity estimates.
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Robotic assistance in minimally invasive surgery offers numerous advantages for both patient and
surgeon. However, the lack of force feedback in robotic surgery is a major limitation, and accurately
estimating tool-tissue interaction forces remains a challenge. Image-based force estimation offers a
promising solution without the need to integrate sensors into surgical tools. In this indirect approach,
interaction forces are derived from the observed deformation, with learning-based methods
improving accuracy and real-time capability. However, the relationship between deformation and
force is determined by the stiffness of the tissue. Consequently, both deformation and local tissue
properties must be observed for an approach applicable to heterogeneous tissue. In this work, we use
optical coherence tomography, which can combine the detection of tissue deformation with shear
wave elastography in a single modality. We present a multi-input deep learning network for processing
of local elasticity estimates and volumetric image data. Our results demonstrate that accounting for
elastic properties is critical for accurate image-based force estimation across different tissue types and
properties. Joint processing of local elasticity information yields the best performance throughout

our phantom study. Furthermore, we test our approach on soft tissue samples that were not present
during training and show that generalization to other tissue properties is possible.

Robotic-assisted surgery (RAS) systems such as DaVinci or Senhance are becoming more available in surgical
practice’ and even less complex medical procedures are performed by RAS, e.g., cholecystectomy and hernia
repair®. RAS offers a better outcome for the patient by reducing trauma through a minimally invasive approach
and results in shorter recovery time®. For the surgeon ergonomics are improved during an intervention*. How-
ever, these benefits come at the expense of the natural haptic perception that surgeons rely on when palpating
tissue in open surgery. In RAS, force feedback is associated with shorter operating times, fewer errors during
surgery and a reduced mental workload®. Force feedback is particularly important for complex procedures and
can increase the learning curve for trainees when it is available®’. Force estimates can also be used to implement
safety features that limit forces and prevent soft tissue damage®. The lack of real-time force feedback remains
a challenge and limits clinical systems in practice’!%. Feedback on tool-tissue interaction forces will also be
essential for greater autonomy and intraoperative tissue assessment in robotic surgery'?.

Intuitively, the integration of force sensors into surgical tools, e.g., Bragg sensors, strain gauges and piezo-
electric sensors, has been considered and is commonly referred to as the direct approach'* '°. Direct approaches
offer high accuracy but also have major drawbacks—most notably cost and sensor sterilizability. These limita-
tions have kept direct approaches from widespread clinical application, although research has been ongoing for
over 20 years'®. Alternatively, indirect approaches aim to separate force sensing from the surgical tool, e.g., by
considering force models and actuator inputs'” 8. Recently, indirect methods for image-based force estimation
have attracted more attention'®, especially machine learning-based approaches. Image-based force estimation
aims to derive the tool-tissue interaction forces based on the observed deformation of the soft tissue. However,
the relationship between load and deformation is tissue dependent and exclusively observing tissue deforma-
tion is generally not sufficient (see Fig. 1a). Previous approaches assumed a predefined material model for each
organ but soft tissue properties are highly dependent on the patient and mechanical properties change locally
due to pathological conditions'” 2, limiting these approaches in practice. Therefore, the question arises of how
to adequately account for tissue elasticity in image-based force estimation.

Initial approaches for image-based force estimation used an explicitly defined biomechanical model. Miller
et al. proposed a hyper-viscoelastic constitutive model to estimate soft tissue properties for brain tissue®!. The

Hnstitute of Medical Technology and Intelligent Systems, Hamburg University of Technology, Am
Schwarzenberg-Campus 3, Hamburg 21073, Germany. These authors contributed equally: Maximilian Neidhardt
and Robin Mieling. ®email: Robin.Mieling@tuhh.de

Scientific Reports | (2023) 13:506 | https://doi.org/10.1038/s41598-022-27036-7 nature portfolio



www.nature.com/scientificreports/

I Instrument

Camera

Tissue

(a) Tissue Dependent Interaction Forces (b) Image-based Force Estimation

Figure 1. Image-based Force Estimation: (a) Abstract illustration of the fundamental problem underlying
force estimation without integrated sensors. The springs indicate elastic properties and the camera observes
tissue deformations. (I) During tool-tissue interaction, the applied force F; will deform the tissue and the
opposing reaction force F, will be equal in magnitude. However, the same deformation can be related to greater
forces for stiffer tissue (II) or the same force may result in larger deformations for softer tissue (III). Therefore,
observing only the deformation will generally not allow estimating the interaction forces if the tissue elasticity
is unknown. (b) Previous approaches have not considered changes in elastic properties and relied on predefined
biomechanical models (1.) or pretrained neural networks (2.) to derive interaction forces from the observed
deformation. We instead propose an image-based force estimation model that additionally considers local tissue
properties via elastography (3.) and that does not require the material to be known in advance.

model was tuned by performing in-vivo indentation experiments. Subsequently, forces on similar brain tissue
could be estimated by tracking the position of a tool relative to the tissue. This approach was further adapted
by using optical cameras to track the surface of the tissue and then mapping depth values to force estimations.
Typically, deformable template matching methods were used to match the measured surface profile to an assumed
biomechanical model*> > Instead of a biomechanical model, the relationship between load and deformation is
implicitly learned for deep learning approaches and the trained model is highly dependent on the provided train-
ing data. Deep learning approaches with RGB-D images as input have been demonstrated for individual materials
with recurrent neural networks®*?* and convolutional neural networks (CNN)?. However, the generalization of
deep learning models to other material properties has not been investigated extensively. Without the ability to
generalize to new samples, training data for all relevant tissue types and pathological stages need to be acquired.
Moreover, even with accurate models for different tissues, local changes in material properties demand a more
versatile solution that doesn’t depend on the manual selection of models?’.

We therefore propose to employ optical coherence tomography (OCT) and shear wave optical coherence
elastography (OCE) to directly consider tissue properties for image-based force estimation (see Fig. 1b). OCT
offers volumetric imaging with high spatial and temporal resolution, enabling elastography and visualization of
tissue deformations in a single modality. OCT has been considered for accurate image-based force estimation
with single volumes®® and 4D temporal sequences as input®. Promising results with OCT based force estimation
were also demonstrated on xenograft mouse models with vascularized prostate tumors®. Additionally, OCE is
ideal for local elasticity estimates due to the small field of view (FOV) and its high spatial and temporal resolution.
Multiple methods for quantitative OCE with different loading mechanisms have been proposed. Miniaturized
compression based OCE can provide estimates at a high spatial resolution but requires complex and sensitive
sensors at the tool tip®"*% Instead, we implement shear wave elastography imaging (SWEI), where a shear wave
is excited on the tissue surface, e.g., by a piezoelectric element™ or an air-pulse*, and the high frequency imag-
ing can be used to track the propagating wave. The elasticity of the tissue is directly related to the velocity of the
shear wave which can be estimated by detecting the dominant local wavenumber in the frequency domain®-’.
We combine OCT and OCE, jointly perform data processing with a multi-input deep learning network and
estimate tool-tissue interaction forces. We additionally derive surface deformation data from our OCT volumes
to demonstrate the advantage of our approach in a case where only surface deformation data is available. Note
that our system does not rely on knowing the biomechanical properties of the soft tissue in advance, as suggested
in the literature?' >,

The main contributions of this work are: (1) Demonstrating the impact of tissue elasticity on image-based
force estimation by evaluating deep learning models on elasticities that are not considered during training. (2)
Showing that neural networks are able to generalize to unknown materials and demonstrating the advantage
of our system that incorporates local elasticity estimates. (3) Combining the findings into a single setup that
provides force estimation even when the application is shifted from phantoms to ex-vivo soft tissue samples.

Methods
In the following, we present our experimental setup with a robot for data acquisition on phantoms with varying
elasticity as well as ex-vivo soft tissue and define our deep learning approach.
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Figure 2. Data Representation: Visualization of the two data representations considered during our learning
tasks. (a) The volumetric OCT scan V; contains the surface data (red arrow) and the depth information (blue
arrow). (b) We detect the sample surface data in the OCT volume. (c) We project the surface data onto our 2D
deformation map D;. During training, the influence of depth information is analyzed by comparing volumetric
data (left) and surface projection data (right).

Problem definition and data representations. We consider image-based force estimation for tool-
tissue interactions with regard to tissue elasticity. We estimate the axial force F; € R at a time step t based on
spatio-temporal OCT volume data V; € R"™**@ V, visualizes the deformations caused by tool-tissue interaction
in comparison to a reference volume V. For the observed location L on a given sample S, the relatlon between
the applied force and the resulting deformation depends on the sample elast1c1ty Es; € R prior to the
force application, we acquire a sequence of OCT cross-section images I; € R at time step  with s1multaneous
shear wave excitation. We approximate the elasticity at location L via the shear wave phase velocity vs; € R. We
further consider an alternative input representation by a projection P : R*"*d _ R¥xd yhich maps the sample’s
surface in V; to a deformation map D;. A visualization of the data representations are given in Fig. 2. Our multi-
input learning problems are Vi, Vier, vs 1 — Fr and Dy, Dyef, vs,1 — Fy, respectively. We initially regard tissue
mimicking gelatin phantoms with seven different elasticities G;. Afterwards, we evaluate our methods on chicken
heart soft tissue unseen during training.

Experimental setup. For data acquisition we present an experimental setup depicted in Fig. 3a. We employ
a high-speed swept-source OCT system (OMES, Optores, Germany) with an axial scan rate of 1.5 MHz, a central
wavelength of 1315 nm and an axial resolution of 15 ym in air. A scan head deflects the OCT beam to acquire
2D + T SWEI data (h x w x t) with a spatial resolution of 476x32 pixels (3.5x3 mm) along the depth h and
lateral axis w and a temporal resolution of 14.2 kHz. The same scan head is also used for high-speed volumetric
data acquisition (h x w x d) with a spatial resolution of 476x32x32 pixels (3.5x3x3 mm) and a temporal reso-
lution of 833 Hz. An optical lens system with a focal length of 300 mm is positioned between scan head and
tissue. A hexapod robot (H-820.D1, Physik Instrumente, Germany) positions the sample for data acquisition at
multiple locations. The robot allows us to move the tissue relative to the FOV of the OCT volumes. Please note,
that the FOV relative to the palpation position is fixed. Before data acquisition we drive the robot along the lat-
eral axes w and d of the volume to the desired location L. Next, we drive along the axis & of the volume until the
surface of the tissue is positioned inside the OCT volume at a depth of approximately 0.5 mm. Surface detection
is performed by maximum intensity detection along the depth axis. In our experimental setup design the direc-
tion of the robot’s axes correspond to the volume axes. We acquire ground truth for our force data using a high
resolution force sensor (Nano 43, ATI, USA) with a temporal resolution of 500 Hz.

Experimental data acquisition. We prepare seven different gelatin gels G; with a weight ratio of gelatin
to water of 5 %, 7.5 %, 10 %, 12.5 %, 15 %, 17.5 % and 20.0 %. For in-house gelatin preparation we carefully
follow a recipe. Titanium dioxide is added to the heated mixture to increase OCT contrast. The phantoms as
seen in Fig. 3a have a diameter of 100 mm and a cylindrical height of 10 mm. We manufacture six phantoms for
each gelatin gel G; and acquire data at 9 locations on each phantom. In addition, we record data from 10 ex-vivo
chicken hearts at 2 locations. At each location we first estimate the local tissue elasticity (SWEI Data) and subse-
quently palpate the tissue for the acquisition of force estimation data.

SWEI data. Shear waves are excited at the surface of the tissue during high-frequency 2D OCT imaging. A
piezoelectric element is driven continuously by a sinusoidal signal with a frequency of 1000 Hz for 0.8 s and a
peak-to-peak voltage of 210 V. The tip of the piezo is fitted with an epoxy dome to facilitate shear wave excitation
inside the tissue, as seen in Fig. 3b, top.

Force estimation data. We acquire OCT volumes for image-based force estimation with the piezo element as
the palpating tool tip (see Fig. 3b, bottom). First, the tool tip is positioned on the surface of the phantom by care-
fully driving towards the sample until a force threshold of 0.01 N is exceeded. Second, training data is acquired
while driving a sinusoidal profile. The stepper motor is actuated over three cycles with an insertion distance of
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Figure 3. Experimental setup and data acquisition: (a) The experimental setup includes a high frequency scan
head (A), a lense system (B), a stepper motor (C) which drives the palpation tool fitted with a piezoelectric
element (D) along its central axis, a high resolution force sensor (E) for ground truth data annotation and

a hexapod robot (F) for positioning the sample. Depicted is the setup with a gelatin phantom. (b) For data
acquisition, we excite shear waves through vibration of the piezoelectric element (as indicated in red and blue)
and OCE data is recorded. During tool-tissue interaction, we acquire volumetric image data as seen on the
chicken heart.

2.5 mm and velocities ranging between 0.5mm s~'-3mm s~'. Additionally, we record OCT data while driving
to 20 positions randomly chosen within an insertion distance of 0.5 mm-2.5 mm and a palpation velocity of
2mm s~'-7mm s~!. The motion represents a pushing task that is commonly performed in minimally invasive
surgery*®. The random palpation data set is used for evaluating the robustness of our methods and is excluded
from training.

Pre-processing. We crop OCT volumes along the depth axis / to a length of 200 px and downsample the
volumetric data V; € R4 t0 a size of 32 x 32 x 32 pixels for efficient data processing. We assign a force value
to each volume by matching timestamps and interpolating the force sensor data. For the 2D deformation map
representation Dy, we employ a maximum intensity projection along axis h for ¥(w, d) € R™. To ensure surface
detection only maximum intensity values above 50% of the mean intensity of the whole volume are utilized,
holes in the deformation map are closed by 2D interpolation.

Shear wave phase velocity estimation. We crop each 2D image to a length of 32 px beneath the surface
along axis h resulting in an images size I, € R of 32 x 32 pixels. We ensure shear wave propagation along the
lateral image axis w. To estimate the shear wave velocity we unwrap the phase of the complex OCT data at each
spatial position along the temporal axis. Next, we take the mean along the depth axis resulting in a 2D space-time
representation as shown in Fig. 4, top right. Shear wave phase velocity estimation is performed in the frequency
domain similar to***. First, we define 30 randomly sampled subsets with a length of 800 time steps. For each
subset we evaluate the phase velocity and report the mean of all estimates. We transform the 2D space-time
phase data into the k-space by using the 2D discrete FFT. We apply a high-pass filter and an angular sector filter
to remove amplitude signals around 0 Hz. To further reduce background noise we apply a threshold filter which
removes signals with < 10% of the overall maximum amplitude in the k-space. We determine the index i, j of
the maximum amplitude in k-space and estimate the shear wave phase velocity vs; = f;/k; with the temporal
frequency fand the wavenumber k.

Deep learning architectures. We follow the approach of densely connected convolutional networks
(DenseNet)*. 3D and 2D operations are used for volumetric inputs and surface inputs, respectively. We consider
a Siamese architecture where the model is provided with a reference input in addition to each input at time step
t as depicted in Fig. 4. The reference is acquired prior to sample-instrument interactions for each location and
sample with F = 0 N. Both input and reference volume are processed within the initial Siamese stage consisting
of three convolutional layers. Model parameters are shared for both inputs and the obtained feature maps are
concatenated. DenseNet blocks with transition layers follow after concatenation. For 3D kernels, we employ
three DenseNet-blocks of 3 layers each and a growth rate of 6. For 2D inputs, we adjust model width and depth
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Figure 4. Data Processing: Siamese DenseNet architecture with fusion of SWEI phase velocity. The input and

a reference sample are initially processed separately and the obtained feature maps are aggregated. SWEI fusion
can optionally be conducted by appending the phase velocity vs 1 after the GAP. Convolutional layers employ 3D
convolutions for V; (depicted above) and 2D convolutions for Dy. Input sizesh x w x t are 32 x 32 x 32and

1 x 32 x 32 for V; and Dy, respectively.

to achieve a similar size regarding model parameters. We therefore add an additional DenseNet-Block with a
growth rate of 8. Global average pooling layer (GAP) is followed by two successive fully connected layers with
one scalar output. We employ the rectified linear activation function*’. Batch normalization is implemented to
provide regularization and to speed up training*'. The additional SWEI information can optionally be fused into
the architecture by appending the phase velocity vs 1, to the feature vector after GAP. In the following, our multi-
input models combining OCT data with the phase velocity will be denoted 2D+SWEI and 3D+SWEI for surface
and volumetric inputs, respectively. Models without the fusion of SWEI information will simply be denoted 2D
and 3D with respect to the selected data representation. GPU (RTX 3090, NVIDIA Corporation, USA) infer-
ence times are 3.34 &= 30 ms and 3.30 & 37 ms for architectures with surface and volumetric inputs, respectively.

Training. Our phantom data set consists of 3.7x 10° labeled volumes recorded during sinusoidal palpation
and 4.5x 10° samples acquired during random palpation, equally distributed across all elasticities. For soft tis-
sue, we collect 4.1x 10* and 4.3x 10* samples for sinusoidal and random palpation, respectively. In general, we
train our models with sinusoidal force trajectories and evaluate with random movement exclusively. We train
all models using the mean squared error (MSE) as our loss function for 150 epochs with a batch size of 128.
Following the one cycle learning rate policy*, learning rates between 1x10~* and 1x 1073 are used. We use the
Adam algorithm with default parameters®. Model weights of all convolutional layers are initialized using He
initialization*.

Experiments. We perform three experiments: (1) We train our network for force estimation exclusively on
a single gelatin gel G; and illustrate the impact of elasticity by applying the model to other gelatin gels G; with
i,j € 1,2,..7. (2) We investigate if the models can generalize to elastic properties not included in the training
data (G; VG € A\{G;}) when training data includes multiple tissue elasticities and evaluate the impact on perfor-
mance when including local elasticity estimates. (3) Finally, we evaluate our models performance on unknown
soft tissue palpation data when trained on gelatin phantom data with multiple elasticities. Our data splits are
chosen accordingly. First, we consider the impact of elasticity by training separate models for each gelatin gel.
Therefore, we split our data into 6 subsets separated by the different phantoms for each gel. We then consider
generalization to new material properties by dividing our data into 7 subsets based on the different gelatin gels.
In both cases, we follow a cross-validation scheme where one subset is split into a validation and a test set and
the remaining subsets are used for training. Finally, we evaluate our previously trained models on the adapta-
tion from phantom to tissue data. To increase the robustness of the final models, we consider a cross-validation
ensemble using the mean as our voting method. Model performance is reported based on the test sets with mean
and standard deviation. We evaluate the root mean square error (rMSE) and Pearson correlation coeflicient
(pCC). As the range of applied forces increases with elasticity, we additionally report the normalized mean
absolute error (nMAE), defined as the mean absolute error (MAE) divided by the observed range of forces Fg;
for each gelatin gel i.

Force estimation for individual materials. For visualizing the impact of elasticity, models are initially
trained separately for each material Fig. 5a. The shown models do not consider elastic properties via SWEI fusion
and are only trained on data from a single gelatin gel. By way of example, results are only displayed for models
trained with volumetric inputs. The rMSE ranges from 0.19 to 235 mN for the application on samples from the
same material (diagonal of Fig. 5a). Considering the surface deformation, the maximum range of movement and
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Figure 5. Force estimation: (a) Heatmap of the rMSE [mN] of all force estimates for individually trained
models with 3D inputs V;. The x-axis denotes the gelatin gel on which the model is trained and the y-axis the
gelatin gel used for evaluation. Better performance is given if the applied gelatin gel is similar to the training
data. (b) Examples that display the impact of elasticity on force estimates when elasticity is not considered. A
model trained on “stift” samples (G17.594) applied on a “soft” material (G7.59) overestimates the applied forces
due to the large deformations (top). Vice versa, forces are underestimated when transferring a model to stiffer
materials (bottom). Line color is based on the rMSE and the colormap in (a).

G [%] 5 7.5 10 12.5 15 17.5 20
Deformation Range [px] 5.3140.64 534+1.00 |494£072 |508£1.02 |567£170 |4.66+1.38 |6.01+1.74
Relative Deformation [px N7] 25.80 = 4.51 |12.06+2.28 |831+1.66 |633+143 |578+1.75 |3.56+1.40 |3.84+1.24

Table 1. Experimental Data: Range of minimal and maximum mean surface deformation in px during
palpation experiments and deformation relative to the ground truth force given for all experiments performed
for each gelatin concentration.

the displacements relative to the applied forces are given in Table 1 for each material. The range of the surface
movements is similar for all experiments performed on gelatin phantoms with a mean of 5.28(0.45) px. The sur-
face deformation relative to the applied force decrease for stiffer phantoms correlating with the increase in force
estimation errors (pCC= —0.76). Transferring the application to other materials with different elastic properties
visualizes the impact of elasticity, resulting in increased errors for the force estimation. Under- and overestima-
tion of the forces is visible for more and less elastic samples, respectively (see e.g. in Fig. 5b). The largest differ-
ences in elasticity also correspond to the largest average errors.

Generalization of force estimation models. We report the results for models tasked to generalize to
elastic properties not present in the training data. We compare the models with only 2D and 3D deformation
inputs to our fusion models which additionally consider elasticity via the phase velocity information (2D+SWEI
and 3D+SWEI). The velocity estimates from all locations across all samples are displayed in Fig. 6a. Overall,
the method displays good differentiation between the different sample types. Within-group variation increases
with increasing sample stiffness and phase velocity, especially for 15 % and 17.5 % gels. Regarding model per-
formance, all evaluation metrics for each fold representing a new elasticity, as well as the mean across all folds
in Table 2. The absolute errors for the force estimation models are also displayed in Fig. 6b. Considering models
without SWEI fusion, 3D inputs clearly outperform the 2D surface data with an average rMSE of 143.7 mN
and 216.7 mN, respectively. Normalized errors are also lower with 0.26 for the former and 0.20 for the latter.
Introducing our SWEI fusion models results in performance increases for both 3D and 2D, reducing the cross-
validation rMSE to 91.0 mN and 97.2 mN, respectively. When generalizing to unknown elastic properties we
can further differentiate between inter- and extrapolation problems. Evaluating the pCC shown in Table 2, mod-
els trained with volumetric data but without SWEI information offer improved ability to interpolate between
different elasticities compared to their 2D counterpart. Out-of-distribution generalization leads to considered
increases in MAE, specifically for surface data inputs. Moreover, the extrapolation to Gsy is especially challeng-
ing, leading to the highest absolute and normalized errors for 2D and 3D models (see Table 2 and Fig. 6b). Phase
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Figure 6. (a) Estimated phase velocities in gelatin phantoms and chicken heart (CH) soft tissue. (b) Absolute
error of the force estimation models generalizing to each sample elasticity. Model performance is compared
between 2D and 3D inputs as well as with and without SWEI fusion. Outliers are omitted and colors follow
scientifically derived recommendations.*

G G

12.5% 15% 17.5% Gl20%

G; [%]

5 7.5 10 12.5 15 17.5 20 Mean

Without SWEI

2D

rMSE

233.5%353 157.1 & 68.1 138.0 +23.9 186.9 = 8.1 193.8 =814 263.5+79.6 295.8 £119.2 216.7 £ 60.3

nMAE

0.8540.14 0.22 4 0.09 0.15 4 0.02 0.1540.01 0.1540.07 0.14 4 0.06 0.14 4 0.06 0.26 +0.26

pCC

0.87 +0.04 0.81 4 0.06 0.70 + 0.07 0.85 4 0.08 0.84+0.12 0.80 = 0.06 0.85 £ 0.06 0.78 £ 0.07

3D

rMSE

227.1+48.4 82.1+11.7 69.1 £31.2 114.7 £ 17.5 110.5 + 36.5 181.9 £ 109.0 180.5 + 54.0 143.7 £62.3

nMAE

0.84 +£0.18 0.13 +£0.03 0.08 +0.04 0.10 £0.01 0.08 +0.02 0.10 £ 0.07 0.08 +0.02 0.20 +£0.28

pCC

0.92 +£0.01 0.83 +£0.08 0.94 £ 0.01 0.93 +£0.02 0.94 +0.03 0.94 +0.03 0.90 +0.03 0.89 +0.03

With SWEIL

2D

rMSE

455+7.4 52.6 £20.9 61.2+£9.3 92.0 £ 16.1 104.3 £23.5 152.9 + 39.0 160.5 + 31.0 97.2+47.3

nMAE

0.15 £ 0.02 0.08 +0.02 0.07 £0.01 0.08 £ 0.02 0.08 +0.02 0.08 +0.02 0.07 £0.01 0.09 +£0.03

pCC

0.90 +0.01 0.92 +0.08 0.94 £ 0.02 0.95+0.01 0.94 £0.01 0.92 +0.04 0.94 +£0.03 0.90 +0.01

3D

rMSE

100.7 £ 15.7 44.7 +25.6 50.8 +17.7 67.7 +17.1 101.7 + 8.7 133.2 +26.2 127.3 +11.0 91.0 + 34.7

nMAE

0.36 + 0.06 0.07 £ 0.03 0.06 £ 0.02 0.06 £ 0.01 0.08 £0.01 0.07 £0.01 0.05 £ 0.01 0.11+0.11

pCC

0.96 +0.01 0.90 +£0.11 0.97 £0.01 0.97 £0.02 0.95+0.01 0.93 +£0.03 0.97 £0.01 0.93 +£0.02

Table 2. Force estimation for models tasked to generalize to unknown elastic properties: Results are compared
for 2D and 3D inputs as well as our proposed method with SWEI fusion (2D+SWEI and 3D+SWEI).

Mean and standard deviation are given over the 7-fold cross validation where each subset represents the
generalization to one unseen elasticity. Results averaged over all folds are also shown and the lowest rMSE
[mN] scores are marked in bold.

velocity fusion provides improved generalization to the softer material and results in an error reduction of 81 %
and 56 % for 2D+SWEI and 3D+SWEI, respectively.

Force estimation on soft tissue. We ensemble the previously trained models and report the generaliza-
tion from phantom to ex-vivo tissue data. The evaluation metrics for all test samples are displayed in Table 3.
Absolute errors for individual estimations are also shown in the boxplot in Fig. 7a. The mean phase velocity
of chicken tissue is 3.59 + 091 m s~!. Overall, our proposed SWEI fusion models clearly outperform 2D and
3D models without additional phase velocity input. Estimations performed on ex-vivo chicken heart tissue are
feasible with an rMSE of 51.2 mN. Without SWEI, rMSE increases up to 283.15 mN with a normalized MAE as
high as 0.6. An example of the resulting force estimations for all models can be seen in Fig. 7b. Models without
SWEI overestimate the applied force while 2D+SWEI and 3D+SWEI models are more appropriately scaled by
the phase velocity measurement.

Discussion

Real-time haptic feedback during minimally invasive RAS is critical to avoid soft tissue damage and to regain
the surgeons natural sense of touch*®*”. We show that the elastic properties of soft tissue have a strong influence
in image-based force estimation. To include the biomechanical properties of soft tissue we propose a system
which first, identifies the local elasticity of soft tissue with OCE and second, acquires high resolution volumetric
images with OCT. We demonstrate a multi-input deep learning network which jointly processes elasticity and
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Figure 7. Ex-vivo Soft Tissue: (a) Absolute errors across all soft tissue samples plotted for each model.

Accounting for sample elasticity results in superior generalization from gelatin to soft tissue. (b) Example force

estimates for the palpation of a tissue sample for all trained models.

Model 2D 3D 2D+SWEI 3D+SWEI
rMSE [mN] 129.5 + 82.6 283.5+212.9 51.2+24.8 76.6 + 35.6
nMAE 0.26 £0.17 0.60 +0.48 0.10 £ 0.04 0.16 = 0.09
pCC 0.93 +£0.03 0.94 £ 0.04 0.91 £ 0.06 0.94 £ 0.03

Table 3. Evaluation metrics for all models trained on phantom data and tested on ex-vivo soft tissue. Results
are averaged for all tissue samples and best results are marked bold.

image information. In the following we discuss our results concerning (1) the models performance with respect
to the elasticity represented in the training and evaluation data, (2) the models ability to interpolate to elasticities
which are not represented in the training data as well as the impact of including elasticity sensing, and (3) the
feasibility of force estimation on completely unknown soft tissue images.

Our results for models exclusively trained on a distinct gelatin gel show that force estimation on new samples
is only feasibly if the elasticity is in a similar range as the training data. This is an expected results and congru-
ent to reports in the literature that the elasticity needs to be known for accurate force estimation*. Although
in general training and evaluation on a single bio-mechanical tissue model is feasible?! it is strongly limited in
clinical applications. In practice, soft tissue elasticity ranges for individual tissue types, e.g., the elastic modulus
for normal heart muscle is 18 + 2 kPa and for cardiac fibrosis tissue 55 + 15 kPa®. This case is represented in
our data by the gelatin with a weight ratio of 5% (17.42 kPa) and 15% (56.04 kPa)*°. Consequently, our results
show that if the network is trained on healthy heart tissue and evaluated on pathological tissue the MAE could
increase 20-fold (see Fig. 5a).

To alleviate this problem, we propose deep learning models that can generalize to changes in material proper-
ties. Results in Table 2 show that the fusion of SWEI provides superior performance when generalizing to new
elastic properties in our phantom study. Our multi-input fusion models outperform the approaches with only
image data as inputs, especially when only surface data is available. Consistent with the results shown in Fig. 6a,
the largest reductions in absolute errors are achieved for the softer materials (Gsy-G19%) where phase velocity
measurements display low variance. For stiffer materials, the variance increases as it is more difficult to accurately
detect the faster propagating waves. However, SWEI fusion is beneficial even where phase velocity estimates
overlap and errors generally increase for stiffer materials due to the smaller deformations relative to the applied
force. Over all elasticities unseen during training, we report a cross-validation average rMSE below 100 mN for
our multi-input fusion models. In comparison, the generalization to a second synthetic material by Chua et. al.
yielded an rMSE of 1865 mN for vision input data from stereographic cameras and an rMSE of 485 mN while
data processing included the robot state and joint torques'®. However, not only palpation was considered as in our
case, but also pulling of the sample, making the learning task more challenging. Similarly in*', both interactions
were regarded simultaneously and the forces along the instrument axis during the palpation task were estimated
with an rMSE of 1100 mN and a pCC of 0.55. Our fusion models are also competitive with approaches that have
focused on a single material only, especially for soft gelatin samples. A learning-based approach on a single heart
model phantom resulted in an rMSE of 60 mN>2. An extension of the approach was tested on two different sam-
ples from the same material and the authors reported a combined rMSE of 20 mN? for the training and test set.

Our results show that elasticity information is essential when performing image-based force estimation on
unknown soft tissue. It stands out, that we only train our models on gelatin phantoms and evaluate the per-
formance on chicken heart tissue. Even though the SWEI estimates represent a simplified relationship of the
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complex nonlinear mechanics present in heterogeneous, anisotropic soft tissue, we show that our models are
able to leverage the additional information for an improved force estimation. The networks including elasticity
estimates achieve superior performance with lower rMSE and nMAE (see Table 3). Our 2D+SWEI network even
outperforms our 3D+SWEI approach on soft tissue. One possible explanation is the complex structure of the soft
tissue, which is anisotropic and heterogeneous. Volumetric training data from samples with a similar mechanical
structure should improve performance for 3D+SWEIL. Additionally, the pre-processing of the surface data also
reduces the dependence on speckle properties. Regarding pCC, performance is similar for all networks, suggest-
ing that the networks without SWEI fusion detect deformations but overestimate or underestimate the applied
forces, as shown in Fig. 7a. These networks are unable to relate tissue properties and the observed deformation,
as demonstrated for gelatin phantom data. Overall performance is lower compared to our cross-validation
approach on gelatin phantoms, due to the uneven surface of the soft tissue and the changes in speckle proper-
ties. Our 2D+SWEI network even outperforms our 3D+SWEI approach on soft tissue which might be due to
the pre-processed surface information, making it independent of speckle variations and surface characteristics.
The deviation in chicken heart tissue elasticity estimates is larger than estimates from similar elasticity ranges,
e.g., Gsy and Gy 5%. This shows that the soft tissue elasticity is not consistent throughout the samples although
visually samples look identical. Further investigating our approach on in-vivo data will be essential to study
the influence of vascularization, soft tissue heterogeneity and boundary conditions regarding wave reflections.
Shear wave elasticity estimates are known to be frequency dependent, as dispersion effects create a nonlinear
relationship between the elasticity and frequency>*>*. To further refine elasticity estimates, stimulating shear
waves with multiple frequencies could be implemented.

It is known that the OCE measurements for soft tissue is directly related to tissue pathology®> *°. Hence, we
can adapt our multi-input deep learning approach to real-time classification tasks, e.g., liver fibrosis staging'?,
detecting optimal sample points for tissue biopsies or in classifying tumor tissue. One limitation of our system is
the piezoelectric element which currently limits the interaction to a pushing task. Therefore, non-contact shear
wave excitation via an air-pulse®* and the pulling task should be considered. Finally, it will be essential to trans-
late the estimated forces into haptic feedback for the physician®’, e.g. as kinesthetic®® or vibrotactile® feedback.

Conclusion

In this work, we propose image-based estimation of tool-tissue interaction forces combined with estimation of
local biomechanical properties in a single modality. We present an experimental setup that enables simple and
efficient data acquisition of OCE and OCT data needed for robust deep learning approaches. The conducted
phantom study highlights that the influence of local elasticity cannot be neglected when estimating interaction
forces. Furthermore, we show that our multi-input fusion model can generalize from phantom to soft tissue
samples. Thus, a single, versatile model for image-based force estimation is feasible, which could enable real-time
haptic feedback and increased autonomy in robotic-assisted interventions.

Data availability

The data analyzed in this study is available from the corresponding authors upon reasonable request.
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Abstract: Recognizing the properties of elastic tissue can facilitate surgical navigation, e.g.,
when localizing lesions by palpation. However, palpation is very subjective and often unavailable
in minimally invasive surgery. High-speed optical coherence elastography (OCE) adapted
for intraoperative use could enable elasticity estimation by measuring the propagation of
mechanically stimulated waves. However, robust estimation of wave velocity can be challenging,
and reconstruction of the elastic modulus is highly dependent on the correct modeling of wave
propagation. We therefore consider deep learning for the end-to-end estimation of elasticity
from OCE phase data. Since optical coherence tomography inherently produces a temporal
sequence of one-dimensional axial scans (A-scans), we consider transformer-based deep learning
models to directly process A-scan sequences. For homogeneous tissue phantoms with known
elastic properties, we obtain a mean error of 1.64 kPa, which significantly improves elasticity
reconstruction compared to conventional processing and the best CNN-based approach with
7.80 kPa and 5.55 kPa, respectively. Furthermore, we demonstrate generalization to heterogeneous
phantoms with inclusions and assess the elasticity of soft tissue samples, including heart, kidney,
and liver. The results show that transformer architectures are well suited for reconstructing
elasticity from A-scan sequences in OCE.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

The elasticity of the soft tissue is an important indicator for differentiating between healthy
and pathological conditions [1,2]. During palpation, local differences in elastic properties are
used to detect and localize lesions. However, palpation is very subjective and unavailable in
laparoscopic and robot-assisted surgery. Therefore, additional sensors are needed to obtain
quantitative feedback on elastic properties during minimally invasive surgery. One approach
is elastography. In addition to ultrasound and magnetic resonance imaging, optical coherence
tomography (OCT) has been considered for such biomechanical tissue characterization [3].
OCT is based on the principle of low-coherence interferometry and uses near-infrared light to
acquire one-dimensional, high-resolution depth scans, so-called A-scans. A-scans are recorded
sequentially while the beam is moved laterally across the sample. Multi-dimensional images,
e.g. B-scans (2D) or C-scans (3D), are generated by restructuring the A-scan sequence along the
lateral dimensions. Compared to ultrasound or magnetic resonance imaging, OCT offers superior
spatial and temporal resolution [3,4]. With phase-sensitive OCT, sub-micrometer displacements
can be detected at high temporal resolution, enabling quantitative assessment of elastic properties
in wave-based elastography [4,5]. Fiber-based OCT probes enable small form factors suitable for
in-vivo use, e.g. miniaturized imaging probes [6-9], intravascular OCT [10] or sensors integrated

#553849 https://doi.org/10.1364/BOE.553849
Journal © 2025 Received 2 Jan 2025; revised 4 Apr 2025; accepted 4 Apr 2025; published 16 Apr 2025



Research Article Vol. 16, No. 5/1 May 2025/ Biomedical Optics Express 1926 |

Biomedical Optics EXPRESS -~

into medical instruments [11,12] and needles [13,14]. OCT is therefore particularly interesting
when it comes to adapting elastography for minimally invasive surgery.

Optical coherence elastography (OCE) has been demonstrated mainly with tabletop systems in
numerous applications, e.g. for analysing cornea or breast tissue [4,15]. Obtaining quantitative
OCE intraoperatively is considerably more difficult, as the measurement of mechanical stress
and tissue deformation must both be performed locally at the tissue surface [14]. Therefore,
intraoperative, quantitative elastography is currently unavailable, especially for robot-assisted
surgery. As an alternative to wave-based OCE, handheld scanners for quantitative compression-
based OCE have been proposed [16—18] and were successfully demonstrated for intraoperative
breast cancer detection in the surgical cavity [18]. But for wave-based OCE, we require
appropriate in-vivo wave excitation in the intraoperative environment, besides laparoscopic
OCT previously considered in [6,19]. Acoustic radiation force excitation has been successfully
demonstrated in intravascular and intrabronchial applications by external ultrasound-based shear
wave excitation [20] or with integrated piezoelectric elements [21-23]. However, acoustic wave
excitation requires an acoustic medium to couple the transducer and tissue, e.g. water or gel.
Since surgical instruments are already in contact with tissue during normal tool-tissue interaction,
we consider displacement-based piezoelectric excitation for wave-based OCE instead, which
provides high bandwidth, load force and precise frequency tuning [4]. Piezoelectric excitation
has also recently been coupled with a fiber scanning endoscope for wave-based OCE [24].

We therefore consider a surgical instrument with integrated piezo actuators [25] and excite
the instrument itself for OCE imaging (Fig. 1). However, robust detection of wave propagation
for accurate elasticity estimates can be challenging due to the optical setup, e.g. imperfect
scanning, noise and phase wrapping, and the underlying tissue mechanics, e.g. non-linearity,
inhomogeneities and reverberations [4]. Consequently, several approaches for phase velocity
estimation similar to ultrasound elastography have been considered, e.g. time-of-flight (TOF)
[26,27] or Fourier estimator (FE) [28,29]. Furthermore, the reconstruction of the Young’s
modulus is highly dependent on the choice of the mechanical model [30], e.g. the shear wave
equation or the Rayleigh—Lamb frequency equation. It is often assumed that only surface waves
propagating through a thin layer on top of the sample are observed during OCE, and the Rayleigh
surface wave equation is therefore chosen for the reconstruction of the elastic modulus [31-33].
However, even in phantom experiments, the reconstructed elasticities based on OCE and the
Rayleigh—Lamb frequency equation differ from the values determined by gold standard uniaxial
compression testing [30]. So while the assumptions on wave propagation may be justified
depending on the experimental setup, a more versatile and accurate model is desirable.

We consequently consider deep learning to calibrate our OCE setup for end-to-end elasticity
reconstruction. Applications of deep learning in OCT have long focused on convolutional
neural networks (CNNs) [34,35] and similarly CNNs have been considered for wave-based OCE
[24,25,36-38]. Spatio-temporal 3D and 4D DenseNets were previously used for processing
temporal sequences of B- and C-scans to estimate the elasticity of gelatin phantoms [25,36,37].
Recently, VP-NET has been proposed as an end-to-end approach for estimating wave velocity from
a single B-scan [38]. VP-NET combines depth-wise separable convolutions that effectively reduce
the model size, e.g. as shown in MobileNets [39], with squeeze-and-excitation blocks presented
in [40]. However, these approaches consider the OCE data exclusively as multidimensional
images and not as purely temporal sequences. OCT scans are the sequential accumulation of
one-dimensional A-scans at different spatial or temporal positions. In the case of OCE, the
excited wave propagates through the tissue while the scanning mirror continuously deflects
the sample beam back and forth (Fig. 1). In conventional processing and CNNs, the A-scans
are rearranged into cross-sectional images (B-scan) over time (B-M-scan). But the obtained
measurement is still a sequence of A-scans containing spatio-temporal information about the
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Fig. 1. In wave-based OCE, a wave is excited at the sample surface, e.g. with a modified
surgical tool [25], and propagates through the tissue. Simultaneously, A-scans are acquired
at a constant rate while the scanning mirrors direct the sample beam back and forth at high
speed. The resulting data is therefore a temporal sequence of A-scans that includes both
the oscillating scanning motion and the wave propagation. In conventional processing, the
A-scans are rearranged according to their spatial position to represent two-dimensional
images over time (B-M-scan) and facilitate the analysis of wave propagation.

wave propagation. Therefore, we consider transformers that are characterised by processing
sequential data and directly consider the A-scan sequence as our input representation.

Transformers [41] have proven successful in processing long input sequences in natural
language processing. Vision transformers (VITs) [42] have transferred the approach to the image
domain by treating the input images as a sequence of patches. VITs have recently been considered
for OCT processing, either by directly using VIT [43] or by combining CNN and transformers
in hybrid models [44] when available data is limited. The applications of transformers in
morphological OCT imaging range from disease classification [45] or retinal layer segmentation
[46] to noise and artefact reduction [47]. However, earlier approaches of transformers in OCT
exclusively followed patch-based sequencing for the self-attention mechanism [43—47], although
the data obtained from OCT is already sequential in nature. Thus, the inherently temporal
sequence of A-scans is reconstructed into 2D images and then resampled into patches to obtain
sequence inputs.

In this work, we directly consider A-scan sequences for elasticity estimation. Compared to
B-scan sequences or image patches, this approach decouples temporal and spatial dependencies
while retaining the raw input representation typical for OCT. By leveraging transformers, which
excel at processing sequential data, we enable the model to learn spatial features of wave
propagation and accurately reconstruct sample elasticity. We consider an experimental setup
with high-speed OCT imaging and a modified surgical tool (Fig. 2) that enables data acquisition
for training transformer encoders without transfer learning. We use tissue-mimicking phantoms
with known properties determined by mechanical testing to calibrate our setup for end-to-end
Young’s modulus reconstruction. We consider transformers for processing the spatio-temporal
OCE data and optimize data sequencing and model architecture. We compare our method
with conventional wave velocity estimation and subsequent elasticity reconstruction similar to
[31,33] and the previously considered learning-based approaches DenseNets [25,36,37] and
VP-NET [38]. We train our models on homogeneous phantoms and validate our approach on
heterogeneous phantoms with stiff inclusions simulating lesions and ex-vivo tissues.
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Fig. 2. Experimental setup for OCE with a modified surgical tool and a robotic setup for
data acquisition. (a-b) We excite waves in the sample via a modified surgical instrument with
integrated piezoelectric elements at the proximal end of the tool. High voltage components
are therefore located outside the patient and the waves excited at the proximal end propagate
along the instrument into the tissue. (c) Data acquisition in a laparoscopic trainer is
demonstrated, illustrating wave excitation via the surgical instrument and simultaneous OCE
B-M-mode scanning.

2. Methods

In the following, we introduce our OCE setup and describe the data acquisition. We then present
model architectures and illustrate data processing.

2.1. OCE with modified surgical tool

Figure 2 illustrates the configuration used for the experiment. We employ a high-speed swept-
source system (SS-OCT, OMES, Optores, Germany) operating at a temporal scan rate of 1.5 MHz.
The central wavelength is 1315 nm. The system has an axial resolution of 15 pum in air and the
lateral resolution is specified as 50 pm at a focal length of 100 mm. Note, that in our setup the
working distance is 300 mm. We use B-M-mode scanning to capture the wave propagation both
spatially and temporally. We use oscillating resonant mirrors to record B-scans with a temporal
resolution of 11.4 kHz. We disregard A-scans during the pivot points and flip the lateral axis of
every other B-scan. The field of view (FOV) is 3.5 mm and each B-scan is resolved over 118
sequential A-scans. For each OCE measurement, we acquire 30x10% A-scans that correspond
to 208 cross-sectional images. For elasticity estimation, we then consider the phase between
A-scans at identical spatial location over time. B-M-mode scanning results in a spatio-temporal
3D representation of the propagating shear waves (Fig. 3). We crop each A-scan at a depth of
256 pixels to obtain a size of (208 x 118) x 256 pixels for the temporal and axial dimension,
respectively. Simultaneously with OCT data acquisition, we excite shear waves on the sample
surface with a modified surgical tool (Fig. 2), as described in [25]. The modified tool is mounted
on the end effector of a six-axis serial robot (IRB120, ABB, Switzerland) for automatic data
acquisition. We excite the piezoelectric actuators in our tool with 1000 Hz.
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Fig. 3. Overview of the data representations used for processing OCE data. An example
recorded with our experimental setup is shown as a raw sequence of A-scans containing
phase data (a). A-scans are rearranged according to their spatial position to represent
two-dimensional B-scans (b). The B-scans recorded over time (B-M-scan) are partially
visualized in 3D (c). VP-NET [38] was proposed for direct processing of individual B-scans,
while conventional processing and DenseNets [36] process spatio-temporal 3D OCE data.
In contrast, by directly processing the sequence of individual A-scans (€ R*") in our
attention-based approach (d), we retain the purely temporal input sequence and learn spatial
dependencies during training. The transformer encoder with N layers and a fully connected
regression head is trained for end-to-end elasticity reconstruction from A-scan sequences.

2.2. Transformers for sequential OCE data

Transformers were originally proposed in [41] and later transferred to the natural image domain
with VIT [42]. Compared to recurrent neural networks and CNNss, transformers allow capturing
long-term dependencies without an inductive bias that limits attention to local neighbourhoods.
This capability enables flexible feature representation and provides a global receptive field, even
in shallow layers. Moreover, given sufficient data, transformers can learn advantageous properties
similar to those of CNNss, such as local information aggregation in lower layers [48]. The basic
concept of transformers is the scaled-dot product attention

OK"
Attn(Q, K, V) = Softmax ez )V )
n(Q ) = Softmax ( dk)

with Q, K,V as the query, key and value matrices and d as the dimension of the keys. The
sequences O, K,V are obtained from the input sequence x via learnable weight matrices

Wo, Wk, Wy. OCT and thus OCE data is originally a sequence of A-scans ROXd with w and d
denoting lateral and axial dimension. We therefore consider the direct use of the sequence of
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A-scans (R™?) as input x (Fig. 3). This corresponds to a purely temporal sequence of inputs
and the spatial information must be learned by the model during training. For a comprehensive
investigation, we additionally consider transformers for OCE with patch-based sequencing similar
to VITs [42]. Here, the sequence x is sampled from flattened patches (size p X p X p) of the
reconstructed image € R"*¥. In both cases, the sequence passed through the multi-headed
self-attention layers undergoes average-pooling over the encoder output sequence before a fully
connected layer with a single output as our regression head.

2.2.1. Position encoding

For our transformer-based approach, position encoding (PE) is required to retain the information
of the sequence order during self-attention. However, in the case of OCE, we obtain input data
that is different from other imaging modalities due to its spatio-temporal nature. Here, we want
to reconstruct the elasticity from the observed waves propagating through the tissue and thus
through the sequence of A-scans. We therefore specifically consider the relative PE to provide
the model with relative distances between the A-scans in the sequence. Overall, we investigate
three different approaches for encoding the position of the spatio-temporal OCE data.

Relative PE enables effective training even for long token sequences and is well suited to capture
the spatio-temporal nature of the OCE data. We therefore consider rotary position embeddings
(RoPE) [49], that have recently been proposed as a powerful and efficient implementation of
relative PE. In contrast to the learned absolute embeddings used for VIT [42], relative embeddings
produce an increase in PE with increasing distance between tokens. Features of any query or key
are paired and considered as 2D coordinates. They are then rotated by an angle 6 specific to
that pair and depending on the position within the sequence, e.g. for two features x) and x2, at
position m

ROPE(C. 2. m) = x) cos m@ — x2, sinmé . &

2 1 g
X;;, cos mé + x,, sin mé

Applied to the dot-product for a pair of features at positions m and n,

(ROPE(x},, x2, m), RoPE(x}, x2, n)) = (RoPE(x},, x5, m — n), RoPE(xp, x2, 0)) 3)

RoPE therefore offers PE relative to the distance m —n. RoPE could provide better performance
than the simple relative PE investigated for VIT [42], that did not lead to performance improvements
over learned embeddings.

Sinusoidal PE were originally considered for the transformer architecture [41]. The positions
thus correspond to sinusoids that are added directly to the embedded features with increasing
frequency, according to

PE(m, 2i) = sin(m/10000%/den) 4)

PE(m, 2i + 1) = cos(m/10000%/%n) )

where m and i denote the position and the dimension of the token, respectively.

Learnable PE were used for VIT [42]. The embedding is a linear 1D mapping for each input
token that is learned during backpropagation. The PE is added to each token after the initial
embedding layer and the dimension of the trainable vector is given by the maximum sequence
length and the dimension of the embedded tokens.

2.3. Conventional OCE processing

In addition to the CNN baselines, we consider the conventional estimation of the wave velocity
and the subsequent reconstruction of the elasticity similar to [31,33]. To do this, we first
reconstruct the wave velocity using an FE [4,50]. We reconstruct space-time maps for each OCE
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measurement by averaging the B-M-Scan along the depth axis and applying the Fourier transform
to obtain a k-space representation. Compared to the learning-based approaches, this additionally
requires the evaluation of OCT intensity data for surface smoothing. Surface points are detected
based on thresholds and the depth is subsequently clipped to compensate for unevenness. Next,
we determine the phase velocity

w
Cph = 77— (6)
r kpeak(w)
where w is the angular frequency and kpeqi(w) is the wave number with the highest amplitude.
Assuming that the measured signal corresponds to the Rayleigh surface waves, the bulk shear
wave velocity can be calculated according to

_ Cph
"~ (0.862 + 1.14v) /(1 +v)

Ccs ~ 1.05 Cph (7)
for a homogeneous, isotropic, linear-elastic and nearly incompressible sample [4,31]. Once we
have obtained the bulk wave velocity, we can reconstruct Young’s modulus with

E=2p(1+ v)cé. ®)

The Poisson’s ratio for all gelatin gels and soft tissue samples is assumed to be v = 0.5. We
assume a density of p = 1020 kg m™ for all gelatin samples, similar to [51]. Estimated velocities
for cg below 1 m s~! and above 10 m s™! are disregarded as they do not correspond to the range of
typically observed velocities for soft tissue [52]. We adapt the processing to the data acquisition
protocol and reduce the image noise by the known excitation frequency with a bandpass filter.
We obtain an improved velocity reconstruction if we disregard the 10™ percentile of pixels with
the lowest amplitude.

2.4. Data sets

To generate sufficient training data with known elastic properties, we consider tissue-mimicking
phantoms. We prepare gelatin phantoms with a weight ratio of 5 %, 10 %, 15 % and 20 %
of gelatin to water. We obtain Young’s modulus as a ground truth for training by uniaxial
compression tests on cylindrical gelatin samples. We obtain 17 kPa, 56 kPa, 97 kPa and 139 kPa
for the four different gelatin concentrations, respectively. We prepare five phantoms per elasticity
and perform OCE measurements at 25 different positions on each phantom. We select one
independent phantom from each gelatin concentration as a test set and perform cross-validation
based on the remaining phantoms during training.

In addition to the main data set used in training, we obtain data for further validation of our
models on unseen samples (Fig. 4). First, we consider the generalization from homogeneous
to heterogeneous samples with three phantoms that simulate stiff lesions in soft surroundings.
The three phantoms are generated by embedding stiff cylindrical inclusions in 5 % gelatin or a
Young’s modulus of 17 kPa. We consider one inclusion with an elastic modulus of 56 kPa and a
diameter of 29 mm and two inclusions with 97 kPa and 18 mm for their Young’s modulus and
diameter, respectively. We systematically acquire measurements at different locations in a grid
and visualize elastography maps of the heterogeneous phantoms. Each location is spaced 4 mm
apart in both lateral directions, but we only partially image the larger inclusion. We therefore
obtain 54 data points over a range of 20 mm X 32 mm for the 29 mm inclusion phantom and 81
measurements over a range of 32 mm X 32 mm for the two 18 mm inclusions.

Second, we consider fresh post-mortem heart, kidney and liver tissue. One sample of each organ
is obtained from two body donors as examples of solid organs and we acquire four measurements
per sample (Fig. 4). We are unable to obtain gold standard compression measurements for the
organs and instead observe the palpation force during indentation with the tool. We use the robot
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Fig. 4. In addition to the homogeneous training data, we test the generalization of our
models to heterogeneous phantoms with stiff inclusions (a). Finally, we evaluate our models
on ex-vivo human soft tissue. Samples from one body donor are shown for heart, kidney and
liver tissue (b-d). Data acquisition for inclusion phantoms and tissue samples is conducted
analogous to homogeneous phantoms (Fig. 2).

to drive the tool 4 mm into the sample and record force data with a high-resolution force sensor
(Nano 43, ATI, USA). We then qualitatively compare the maximum observed palpation force
with the reconstruction of the elastic modulus by OCE.

For both additional data sets, the OCE data acquisition follows the same methodology as for
the training data and the predictions on the additional test sets are based on the ensemble of
cross-validation models. Note that we only train on homogeneous gelatin data.

2.4.1. Surface data augmentation

The homogeneous training data show predominantly flat surfaces, which leads to a purely
horizontal wave propagation. To account for more complex surface topographies during testing
and to generalize better, e.g. for the heterogeneous phantoms and tissue samples, we therefore
employ data augmentation during training to simulate different tissue surfaces. We randomly
deform the homogeneous sample surface based on a logistic function

L
fx) = T30k +Lo )

with which we shift the depth of the A-scans over the lateral dimension x. L and L are randomly
chosen so that the maximum shift is between 0 and 50 pixels and the slope k is randomly
sampled between 0 and 4. Examples of the resulting surface augmentation can be found in Fig. 5.
Additionally, we employ spatial and temporal flipping and the addition of shot and speckle noise
during data augmentation. The same data pre-processing and augmentation steps are used for all
learning-based approaches.

2.5. Implementation details

We train all models for 100 epochs using the mean squared error (MSE) loss and the Adam
optimizer [53]. We tune hyperparameters based on the validation set. We train the 2D VP-NETs
with a batch size of 128. We train the DenseNets variants and our approach with a batch size of
16. We achieve the best performance with a learning rate of 2x10~* for DenseNets variants and
VP-NET. For both CNN-based approaches, we follow a continuous reduction of the learning rate
when the validation error reaches a plateau. For our transformer-based approach, we achieve
the best results with a learning rate of 1x107*, but with a linear warm-up of the learning rate
over 10 % of the training steps, followed by cosine annealing. We also adjust the beta values
to 0.9 and 0.95 for Adam and employ gradient clipping. We optimize embedding dimension,
depth and width of the encoder and obtain best results with a reasonable parameter size for an
embedding dimension of 768, 12 layers and 12 heads. For patch sequencing, we consider cubic
patches of size p = 8 X 8 X 8 and reduce the lateral dimension to the closest dimension divisible
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Fig. 5. Example OCE sequence corresponding to a single B-scan from the homogeneous
training data (a) and two random augmentations of the same measurement (b-c). The
intensity data is also shown on top for better visualization in addition to the phase data
(below) used for wave-based OCE. OCE data is standardized during pre-processing.

by p. The architecture of the VP-NET model is implemented according to [38]. But here,
VP-NET is also trained to predict the elastic modulus directly, analogous to all other approaches
considered here, instead of predicting only the intermediate phase velocity obtained by TOF
processing [38]. VP-NET was originally proposed for slightly larger resolution images (320 x 320
pixels) and we observed better performance for VP-NET without max-pooling layers designed
for decreasing image dimensions. 3D CNNs for spatio-temporal processing are implemented
according to [36]. Since the number of parameters in CNN and Transformer models is not
directly comparable, we additionally consider two larger DenseNet variants to show that the
CNN performance is not limited by the model size. We refer to the approach in [36] with 4
DenseNet blocks per layer, 32 initial features and a growth rate of 5 as Dense-S. For Dense-M
and Dense-L, the growth rate is increased to 6 and the blocks per layer to [3,6,9,4] and [4,8,12,6]
respectively. Dense-L also receives 48 features in the first layer. Similarly, we additionally
consider VP-NET-L as proposed in [38] to investigate the model performance with increased
model capacity. To keep the input sizes for the 3D data manageable, we do not process each
measurement corresponding to 208 consecutive B-scans as a single input. Instead, we divide the
inputs into shorter sequences with a sliding window corresponding to ¢ frames. We examine
values between ¢ = 1 and ¢ = 32, which corresponds to a sequence length of up to 3776 A-scans.
Based on these experiments, we choose a compromise between computational effort and model
performance. For the 3D DenseNet variants, we use the same optimized sliding window size,
while for 2D VP-NET ¢ = 1. For model tests, we take the median of the predictions obtained
over the sliding window for each measurement. To account for the long token sequences in
our approach, we use flash attention [54], that reduces the O(n?) complexity of self-attention
(Eq. (1)) by fast and memory-efficient approximation. All models are implemented in Pytorch
v2.2 and trained on an NVIDIA RTX 4090 graphics card. Our implementation is based on the
x-transformer library (available at https://github.com/lucidrains/x-transformers). To evaluate
model performance, we report the root mean square error (RMSE) and the mean absolute
error (MAE). In addition, we consider the mean absolute percentage error (MAPE) and the
R2 value. For each learning-based approach, we additionally report parameter count, required
computational effort and inference time per sample. We employ the MLXtend permutation
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test [55] with 10000 permutations and a significance level of @ = 0.05 to test for statistically
significant differences. When testing generalization to heterogeneous phantoms, we additionally
consider the detection of stiff inclusions as a classification task and look at model performance in
terms of the area under the receiver operating characteristic (AUROC) and the area under the
precision-recall curve (AUPRC).

3. Results

We first optimize and evaluate our approach using our main training data, which contains
homogeneous phantoms. Then, we additionally test the model generalization with heterogeneous
phantoms containing stiff inclusions and report the estimation of the elastic modulus for human
tissue samples.

3.1.  Homogeneous phantoms

The error metrics for the test set are shown in Table 1 for all baselines and our transformer-
based approach. The predictions per material are shown in Fig. 6 together with the reference
measurements. Dense-M, Dense-L and VP-NET-L are omitted and only a single variant of
each approach is shown to ensure good visibility. Our transformer-based approach drastically
outperforms the baselines in terms of all evaluation metrics and provides a more accurate and
robust elasticity reconstruction.
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Fig. 6. Results for test set of homogeneous gelatin data for all baselines and our proposed
approach. Predicted elasticity is plotted over the different phantoms with reference ground
truth measurements. For clarity, only one variant of DenseNet [36] and VP-NET [38]
are shown. Differences in predictions for different variants of each approach are also not
statistically significant.

Our approach is optimized with respect to A-scan sequence length and PE. Performance for
different temporal window sizes with increasing A-scan sequence length up to the equivalent
of t = 32 consecutive B-scans are shown in Fig. 7. We observe performance improvements
with increasing sequence length. However, the required computational load per sample also
increases with increasing sequence length, even if the more efficient flash attention is used.
We therefore choose a sequence length of 1880 A-scans as a reasonable compromise between
model performance and required floating point operations (FLOPs) for our approach. The
resulting configuration corresponds to a computational load of 162x10° FLOPs per sample. In
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Table 1. Error metrics with deviations over cross-validation folds for CNN and transformer
architectures. * Conventional FE processing fails in 15.4 % of measurements resulting in
unrealistically high values that are excluded here. Best results are marked in bold.

Model RMSE [kPa] MAE [kPa] MAPE R2 Weights
FE* 9.25 7.80 0.12 0.949

Dense-S [36] 13.85(168) 10.48(126) 0.22(4) 0.906(2) 109K
Dense-M 13.30(408) 9.36(267) 0.19(4) 0.907(5) 193K
Dense-L 13.08(245) 9.43(173) 0.20(3) 0.914(3) 254K
VP-NET [38] 15.76(615) 5.55(269) 0.12(5) 0.862(8) 8. M
VP-NET-L [38] 14.33(516) 6.03(274) 0.14(7) 0.888(6) 17.TM
Ours 2.49(137) 1.64(89) 0.03(2) 0.996(1) 85.8M

comparison the required computations per sample for DenseNet variants are between 32x10° and
47x10° FLOPs for Dense-S and Dense-L, respectively. VP-NET considers predictions based on
a single 2D B-scan and therefore only corresponds to 55x10° and 153x10° FLOPs for VP-NET
and VP-NET-L, respectively. Regarding the inference time per sample, we observe 6.71 ms
to 10.61 ms, 0.71 ms to 0.75 ms and 16.5 ms for DenseNet variants, VP-NET variants and our
approach, respectively.
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Fig. 7. RMSE and MAE plotted over A-scan sequence length where 118 A-scans are
equivalent to a single B-scan. Model performance increases with sequence length but
computational demand and memory requirements simultaneously increase.

Besides optimizing data processing, we also investigate our approach with different PE
schemes. The resulting high errors for sinusoidal or learnable embeddings (Table 2) show that
the attention-based approach is only able to effectively process the long A-scan sequences when
RoPE is used. Training our approach with RoPE but without the surface data augmentation leads
to an increased RMSE of 7.78(261) kPa and MAE of 2.48(130) kPa.

Finally, we also investigate patch sequencing, where 2D+t volumetric data are processed
similar to the 3D DenseNets, but the patches are flattened into embeddings, as originally proposed
for VIT [43]. Patch sequencing leads to errors of 3.34(20) kPa and 2.10(4) kPa for RMSE and
MAE, respectively. Our approach, which directly processes A-scan sequences, achieves the
overall lowest RMSE of 2.49(137) kPa and MAE of 1.64(89) kPa. The model predictions for our
approach based on direct sequencing of A-scans and for patch-based sequencing are statistically
different (p<<a). The predictions between smaller and larger variants were not statistically
significant for Dense-S, Dense-M and Dense-L (p>0.1) and also not between VP-NET and
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Table 2. Error metrics for alternatives we consider during optimization of transformer-based
approach. We report errors for training with learnable and sinusoidal encodings instead of RoPE,
with RoPE but without surface augmentation, and lastly with RoPE but for VIT-based patch
sequencing instead of directly sequencing A-scans.

Parameter RMSE [kPa] MAE [kPa] MAPE R2 Params
Ours 2.49(137) 1.64(89) 0.03(2) 0.996(1) 85.8M
w/ Sinusoidal Enc. 19.74(924) 15.85(829) 0.39(16) 0.771(21) 85.8M
w/ Learnable Enc. 28.46(1292) 23.90(1191) 0.66(40) 0.528(36) 87.2M
w/o surf. augm. 7.78(261) 2.48(130) 0.03(2) 0.968(2) 85.8M
w/ Patch Sequence 3.34(20) 2.10(4) 0.04(1) 0.995(1) 86M

VP-NET-L. For the remaining analyses, we therefore only report the model performance for
one variant. The differences between our approach and all baselines is statistically significant

(p<<a).

3.2. Inclusion phantoms

Next, we compare the generalization of our approach to all baselines with heterogeneous
phantoms containing stiff inclusions. The predictions of the different approaches — trained
on homogeneous phantom data except for FE — are shown in Fig. 8. The MAE for the
simulated lesions is 13.27(2016) kPa, 24.76(1159) kPa, 28.97(2046) kPa and 7.44(1443) kPa for
FE, Dense-S, VP-NET and our approach, respectively. FE leads to unrealistically high values for
two measurements. The visualized predictions show that the two CNN-based baselines have
difficulties to generalize to the heterogeneous samples and to highlight the simulated lesions.
VP-NET leads to an overestimation of the elastic modulus near the edges around the inclusions.
Overall, the CNN-based approaches lead to a poor contrast between soft surrounding and stiff
inclusions. In comparison, our approach handles the heterogeneous phantom data more reliably
and can effectively discriminate the simulated lesions. This becomes even clearer when we
consider the AUROC and AUPRC for inclusion detection (Fig. 9). Our approach outperforms all
baselines with the highest AUROC and AUPRC values of 0.997 and 0.991, respectively. While
FE and Dense-S lead to similar performance, VP-NET shows the worst performance with values
of 0.840 and 0.652 for AUROC and AUPRC, respectively.

3.3. Body donor tissue samples

Finally, we evaluate the performance of our approach on ex-vivo tissue from two body donors.
Elasticity estimations for heart, kidney and liver tissue samples are shown in Fig. 10, top. In
addition, we qualitatively compare the maximum force observed during tissue indentation over a
fixed distance and the Young’s modulus reconstruction of each approach. The comparison with
this surrogate reference shows the highest correlation for our proposed approach (Fig. 10, bottom).
Our method leads to elasticity estimates of 54.96(3645) kPa, 29.87(530) kPa and 38.67(792) kPa
for heart, kidney and liver tissue, respectively. The conventional FE-based reconstruction of
the elastic modulus is extremely unreliable and provides unrealistic values for 21 out of 24
measurements (87.5 %).

4. Discussion

In this work, we consider transformers for OCE in conjunction with a wave-inducing surgical tool
to enable robust and efficient quantitative palpation in a minimally invasive setting. We investigate
end-to-end reconstruction of Young’s modulus from OCE phase data to address two challenges
of conventional elasticity reconstruction. First, robust and reliable estimation of wave velocity
with conventional estimators can be difficult, e.g., due to imperfect scanning, noise, or phase
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Fig. 10. Young’s modulus predictions for the tissue samples for all approaches (a-d). As
we do not have the reference measurements of elasticity for the organs, we palpate the tissue
with the tool itself and measure the maximum contact force reached after indenting the
tissue 4 mm. This method does not give us a ground truth elasticity but we investigate the
correlation between predicted elasticity and indentation force (e-h).

wrapping. This is emphasized in our experiments as we observe unrealistic estimates of over
50ms~! for FE, particularly for noisy measurements of soft gelatin phantoms and tissue samples.
We therefore exclude 15.4 % of the measurements for homogeneous phantoms. For our soft
tissue samples only 3 out of 24 measurements result in realistic estimates. The second challenge
is to correctly model the observed surface wave in order to derive accurate biomechanical
properties from the estimated wave velocity. The reconstructed elasticity is highly dependent
on the appropriate model selection [30] and is also influenced by the assumption of material
properties that change along with elastic properties, e.g. density or Poisson’s ratio (Eq. (8)). Here,
we show that transformer architectures are better suited to handle the spatio-temporal A-scan
sequences than previously considered learning-based approaches based on CNNs [25,36-38].
Our transformer-based approach achieves the best overall performance in our experiments.
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Direct processing of A-scan sequences also outperforms patch-based sequencing (Table 2). In
contrast to patch inputs for static, morphological OCT imaging [43,44,46], patch sequencing in
functional OCE imaging combines spatial and temporal information, resulting in less accurate
elasticity reconstruction. Therefore, it seems advantageous to leverage the inherently sequential
OCT data and keep the relationship between the tokens purely temporal. The spatial dependency
is fully learned, which could be particularly advantageous considering the non-uniform lateral
sampling caused by the sinusoidal oscillation of the resonant mirrors [56].

In optimising our approach, we find that RoPE is essential for the effective processing of long
A-scan sequences. We therefore see significant performance differences in contrast to the PE
comparisons performed for VIT [42]. Transformers trained with sinusoidal or learned PE lead
to significantly larger errors even for homogeneous phantoms and are not able to outperform
the previous CNN-based approaches. In contrast, RoPE allows us to effectively learn spatial
dependencies during training. It is noteworthy that RoPE is applied in each attention layer which
therefore injects positional information beyond the initial input layer and enables faster and more
robust convergence [49]. In addition to PE, we also optimize our approach with respect to the
length of the A-scan sequence and observe performance improvements with longer sequences and
thus a longer temporal window. However, this also increase memory and computational cost and
we therefore select the analysed length of 1880 A-scans as a compromise between performance
and memory requirement. DenseNets contain more than an order of magnitude fewer parameters
but the required computational effort and time per sample is only slightly increased for our
approach, e.g. inference of 10.61 ms and 16.5 ms for Dense-L and ours, respectively. In contrast,
VP-NET was specifically tailored for efficiency and only considers individual B-scans. This
results in significantly lower inference times and required FLOPs. We observe better performance
for VP-NET without max-pooling layers and therefore obtain larger models than in [38]. However,
we find that only our attention-based approach can scale effectively in terms of computational
load and model capacity. This is particularly evident as the larger variants of 3D DenseNet
and 2D VP-NET do not significantly outperform their smaller counterparts. Furthermore, the
performance of the model improves significantly thanks to our surface augmentation scheme,
which allows the model to better learn the reconstruction of the elastic modulus regardless of the
surface structure and shape.

Even though the same data augmentation is used in training VP-NETs and DenseNets,
our approach shows superior performance in evaluating generalization from homogeneous to
heterogeneous phantoms. Our approach shows effective discrimination of the stiff inclusions from
the soft neighbourhood both qualitatively (Fig. 8) and quantitatively (Fig. 9). We also achieve
better delineation of the inclusion boundaries compared to other learning-based approaches,
where the B-scan may partially contain both the inclusion and the surrounding material, especially
with VP-NET [38]. It is worth noting that the inclusion data is limited to 216 measurements and
only 64 measurements (29.6 %) contain simulated lesions. As the inclusion data set is therefore
imbalanced, the differences between the approaches are particularly notable when considering
the AUPRC curve. The noisy estimates for DenseNet and VP-NET lead to high false-positive
rates even at low thresholds. As expected, the conventional processing using FE generalizes
relatively well to the heterogeneous environment as it does not depend on the distribution of
the training data. Similar to all baselines, performance for our approach also decreases when
transitioning from homogeneous to the more complex heterogeneous samples. Nevertheless, we
achieve lower absolute errors and higher AUPRC and AUROC values with our proposed method.

Finally, we qualitatively evaluate the model predictions using soft tissue samples. Since we do
not have gold standard reference measurements of elasticity for the organs, we palpate the tissue
with the tool itself and measure the maximum contact force as a surrogate for specifying elastic
properties. With this method, we do not obtain ground truth for elasticity and can only examine
the correlation between predicted elasticity and indentation force. Although our approach shows
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a higher correlation than the baselines, this comparison is limited because the indentation force
strongly depends on contact surface between tool and tissue as well as on the shape and stiffness
of the tissue sample. Additionally, we note that our linear correlation analysis can only provide
a rough approximation of the non-linear elasticity in tool-tissue interactions. Nevertheless, in
contrast to the baselines, the elastic modulus values reconstructed using our approach are within
the specified range of 8 kPa to 55 kPa [57], 25 kPa to 40 kPa [58] and 8 kPa to 48 kPa [59] for
heart, kidney and liver, respectively. Future comparisons could consider alternative elastography
approaches for samples with unknown elastic properties, e.g. compression-based OCE.

The conducted experiments highlight the potential of our approach. Our model accurately
learns both spatial and temporal components of the wave field to estimate sample elasticity.
In contrast, the FE approach shows less consistent predictions, particularly for stiffer samples
(Fig. 6), suggesting spatial wave distortion effects at higher wave velocities. Modifications to the
scanning setup could improve conventional processing, e.g. through rotating polygon mirrors that
enable faster switching and reduce pauses between successive B-scans. However, our data-driven
approach seems to inherently account for such effects present in the training data, including noisy
measurements, wave distortion, and asynchronous wave excitation and scanning. However, our
learning-based approach offers limited explainability in comparison to conventional methods.
Physics-based models typically facilitate a more transparent analysis of potential error sources
and systematic biases. Explicit models may offer insights into limitations and uncertainties
related to system and scanning requirements. It will be interesting to further study improving the
explainability of our approach to better address the trade-off between the improved accuracy we
observed for transformers and the better interpretability of conventional methods. The phantom
experiments allow a quantitative comparison in a laboratory setting, but are limited in terms of
complexity of wave propagation and have limited wave distortion compared to anisotropic and
heterogeneous soft tissue. The limited sample size and high standard deviation indicate that
further validation using soft tissue samples will be required. For the validation of intraoperative
applicability, e.g. for the assessment of tumour margins based on elasticity [60], extensive
evaluation and further fine-tuning with tissue data is required. In contrast to the method proposed
for VP-NET [38], where labels obtained by conventional TOF velocity estimation were used,
we reconstruct the elastic modulus directly from the OCE phase data. Therefore, we train our
model based on reference measurements for the elastic modulus rather than on the velocity label
obtained by conventional processing. This provides the ability to accurately reconstruct elasticity
independent of the limitations of the conventional Fourier or TOF estimator. However, this
also limits the acquisition of training data, as the ground truth reference measurements must be
performed together with the OCE. Further experiments should therefore attempt to combine the
uncertain but easily obtainable conventional velocity estimation and the accurate ground truth
reference measurement, e.g. via soft labels or curriculum learning. We currently also derive the
Young’s modulus from the OCE phase data, as this is the most commonly used elastic property
for comparing tissue stiffness. However, our learning-based procedure is not limited to this
linearization and further research should include the prediction of non-linear elastic properties.

5. Conclusion and outlook

To summarise, the experiments performed show how our transformer-based approach can exploit
the inherently sequential nature of OCE data by directly processing A-scan sequences. The
approach therefore allows us to decouple spatial and temporal information to better capture
the dynamics of wave propagation. We demonstrate the potential of our approach for robust
reconstruction of the elastic modulus in homogeneous and heterogeneous phantoms as well as
in soft tissue samples. In combination with a miniaturized endoscopic OCT probe [6,61], our
approach could be used for optical palpation in surgery or autopsy. Accurate intraoperative
OCE could then give physicians back the ability to feel for changes in elastic properties during
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minimally invasive procedures. In addition to localizing pathological tissue, knowledge of
biomechanical properties also enables better monitoring of tool-tissue interactions, e.g. in
vision-based force estimation [62]. Finally, any OCT system inherently captures temporal
sequences of A-scans. Further evaluation of our transformer-based approach should particularly
explore tasks where conventional alternatives are limited, e.g. segmentation. Additionally, our
methodology is not limited to a specific OCT system or scanning regime. However, high-speed
scanning is essential for visualizing wave propagation. It will be interesting to investigate if the
learning-based approach could also enable slower scanning speeds than the considered 1.5 MHz
system. However, changes to any system parameters would require additional training data and
fine-tuning of model weights. Our approach to directly process A-scan sequences can also be
applied to any sequence length or scan protocol, e.g. M-mode and C-Mode or different scan rates.
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Abstract— Robot-assisted surgery has advantages compared
to conventional laparoscopic procedures, e.g., precise movement
of the surgical instruments, improved dexterity, and high-
resolution visualization of the surgical field. However, mechan-
ical tissue properties may provide additional information, e.g.,
on the location of lesions or vessels. While elastographic imaging
has been proposed, it is not readily available as an online
modality during robot-assisted surgery. We propose modifying
a da Vinci surgical instrument to realize optical coherence
elastography (OCE) for quantitative elasticity estimation. The
modified da Vinci instrument is equipped with piezoelectric
elements for shear wave excitation and we employ fast optical
coherence tomography (OCT) imaging to track propagating
wave fields, which are directly related to biomechanical tissue
properties. All high-voltage components are mounted at the
proximal end outside the patient. We demonstrate that external
excitation at the instrument shaft can effectively stimulate
shear waves, even when considering damping. Comparing
conventional and deep learning-based signal processing results
in mean absolute errors of 19.27 kPa and 6.29 kPa for a range
of 17 kPa-139 kPa, respectively. These results illustrate that
precise quantitative elasticity estimates can be obtained. We
also demonstrate quantitative elasticity estimation on ex-vivo
tissue samples of heart, liver and stomach, and show that the
measurements can be used to distinguish soft and stiff tissue

types.
I. INTRODUCTION

Robot-assisted minimally invasive surgery has advantages
like improved precision, shortened recovery, and improved
ergonomics for the surgeon [1]. It has been widely adopted
and the da Vinci surgical system (Intuitive Surgical, Inc.,
USA) is the most frequently used platform for robot-assisted
surgery (RAS) [2]. Typically, RAS is based on endoscopic
vision, often using stereo cameras, which provide an ex-
cellent overview of the surgical field. However, the camera
images only show the tissue surface and do not measure
biomechanical tissue properties [3], [4], e.g., its elasticity,
which may provide additional information complementary
to the visual appearance. Conventionally, palpation is used
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Fig. 1. Minimal Invasive Elasticity Estimation: A mechanical stimulation
(1) excites shear waves (2) which propagates inside the tissue. Tissue
displacement due to the propagating waves is imaged with OCT. Wave field
characteristics are dependent on the tissue properties as indicated in color
(3). A machine learning network estimates quantitative elasticity values from
image data to map soft tissue properties (4). The elasticity estimates could
be further used for downstream tasks.

to identify tissues and lesions, e.g., in open surgery, and
several elastographic imaging modalities have been de-
veloped, including ultrasound elastography and magnetic
resonance elastography, which allow using tissue stiffness
during diagnosis. However, intra-operative real-time quan-
titative elastography is currently not available, particularly
during minimally invasive procedures. Yet, estimating tissue
elasticity is beneficial for navigation, e.g., to identify the
tissue type including lesions and vessels [5], to detect the
shape, e.g., of lesions, or even to generate force feedback
[6]. Note, that while surgeons can train to largely compensate
for the lack of haptics and force feedback, more autonomous
robot assistance may still benefit from elasticity estimates,
e.g., as an additional safety feature. In this context, we
consider a minimally invasive RAS scenario as illustrated in
Fig.1, where the instruments and the laparoscopic camera are
controlled via robotic arms and quantitative elasticity values
are predicted from optical measurements.

Optical coherence elastography (OCE) is particularly in-
teresting for imaging subsurface structures in the context
of RAS due to the high spatial and temporal resolution
compared to magnetic or ultrasound based imaging [7],
[8]. Due to its non-invasive nature, optical elastography is
safe and removes the need for direct contact between sensor
and sample. In OCE, the external load is most commonly
applied by excitation of shear waves on the surface of the
soft tissue. By tracking the wave propagation in 2D, 3D, or
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3D printed actuator mountings which hold three piezoelectric elements. The cables for instrument tip actuation are left unchanged and we preload the
piezoelectric elements using three M3 screws. (b) The instrument can be inserted and operated with the da Vinci robot as depicted.

even 4D images a precise quantification of tissue elasticity
is possible [9]. Note, that it is substantially more challenging
to obtain quantitative estimates when solely tracking the
robot position and the force between instrument and tip
during palpation [10]. Tabletop OCE setups or OCE systems
integrated into the clinical microscopes have already been
demonstrated for ex-vivo or in-vivo tissue analysis, e.g. in
ophthalmology [8]. But for application in RAS, both, the
image acquisition and the shear wave excitation must be per-
formed locally on the tissue surface. While optical coherence
tomography (OCT) imaging through a laparoscope has been
proposed [11], [12], shear wave excitation is complicated
by the laparoscopic setting. In principle, shear waves can
be excited using either piezoelectric elements, air-pulses,
or acoustic radiation force [8]. Piezoelectric elements are
most commonly used because they offer a high load force,
precise frequency tuning, and a wide bandwidth of excitation
frequencies. We propose placing the piezo elements outside
the patient, at the base of the surgical tool. Thereby, we
avoid high voltages inside the patient and modifications at the
instrument tip which would hinder the operation of the tool.
Hence, we investigate a novel approach using the da Vinci
instrument itself for shear wave excitation.

We propose a modified da Vinci instrument with integrated
piezo actuators for shear wave excitation. Although the
instrument is modified, we preserve all its surgical functions,
i.e., the dexterous control of the instrument tip via the robot.
All additional components are located at the proximal end of
the instrument, outside the patient’s body. In contrast to exci-
tation concepts where the piezoelectric elements are placed at
the tissue surface, we observe a more complex transmission
of vibrations to the instrument tip. Consequently, the wave
fields in the acquired OCT image data may be modulated. We
therefore consider deep learning to directly correlate wave
field patterns to the elasticity of soft tissue. In the following,
we will first present our modified da Vinci instrument for

shear wave excitation. We will then validate its functionality
on tissue-mimicking phantoms, ex-vivo tissue and inside a
laparoscopic trainer. Finally, we demonstrate the benefits
of deep learning for OCE in comparison to conventional
elasticity estimation approaches.

II. MATERIAL AND METHODS
A. Surgical da Vinci Instrument

In order to realize shear wave excitation directly via the
da Vinci instrument, we integrate piezoelectric actuators into
the instrument shaft. Thus, we can excite the instrument
itself, and thereby the tip of the instrument. The design and
the individual components of the modified da Vinci instru-
ment are depicted in Fig.2a. We integrate three piezoelectric
elements (PSt 150/7x7/20, Piezomechanik GmbH, Germany)
at the proximal end of the instrument. The proximal mount-
ing ensures that all additional components are outside of
the patient when operating the instrument with a robot, as
depicted in Fig.2b. Each piezo has a ceramic cross-sectional
area of 7mm x 7 mm, a length of 18 mm, a maximum stroke
of 28 ym and a maximum load force of 4000 N. We operate
the elements with a voltage ranging from —25V to 150V.
Our prototype is manufactured in-house by (1) removing a
10 mm section of the da Vinci tool’s carbon fiber tube, (2)
two mounting plates are fixed to the carbon fiber tube with
epoxy adhesive, (3) the piezoelectric elements are placed
between the mounting plates and tension is applied on the
piezo elements with screws. During operation, the tool is
mounted rigidly to the robot, the shaft is positioned inside a
trocar and the grasper is in contact with the soft tissue.

B. Experimental Setup

The experimental setup is depicted in Fig.3a. We use a
high-speed swept-source OCT system (SS-OCT, OMES, Op-
tores, Germany) to acquire one-dimensional depth-resolved
scans with a temporal scan rate of 1.5MHz, a central
wavelength of 1315nm and an axial resolution of 15um in
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Experimental Data Acquisition: (a) Experimental setup with a robot and the custom da Vinci surgical instrument mounted to the robot’s

end-effector. Piezoelectric elements integrated inside the shaft of the da Vinci instrument are excited to stimulate shear waves inside the tissue, as depicted
in the image on the right. We image the propagating wave-field with high-speed OCT. (b) Sketch demonstrating data acquisition. A scanner attached to
the OCT system acquires cross-sectional images with a temporal scan rate of 11.4kHz with simultaneous wave excitation.

air. We use a scan head to acquire two-dimensional images
with a temporal resolution of 11.4kHz by deflecting the
light beam with resonant oscillating mirrors. We measure the
field of view (FOV) with a calibration phantom (R3L3S3P,
Thorlabs, Germany) and report an effective spatial size of
approximately 3.5mm x 2mm for an image size of 118
x 400 pixels along the lateral and depth axis. We design
and print an adapter to mount the da Vinci instrument to
the robot’s end-effector (IRB120, ABB, Switzerland) for
streamlined data acquisition. The mounting includes screws
that apply tension to the instrument’s control gears to restrict
the movement of the instrument tip during data acquisition.

C. Data Acquisition and Data Pre-Processing

We use gelatin phantoms as tissue surrogates and pre-
pare batches of gelatin with a weight ratio of 5%, 10 %,
15 % and 20 % gelatin to water. For each concentration, we
manufacture 5 phantoms following the same recipe. During
data acquisition, we place the samples on a planar motion
stage as depicted in Fig.3a. The robot places the da Vinci
instrument on the gelatin sample. To ensure sufficient contact
between the instrument tip and soft tissue we apply a
maximum contact force of approximately 100 mN which is
sensed with a force sensor mounted underneath the motion
stage. Next, shear waves are excited iteratively at 200 Hz,
400Hz, 600Hz, 800Hz and 1000 Hz while the instrument
is kept stationary. At each frequency, a dataset is acquired
containing 208 cross-sectional images, creating a 3D spatio-
temporal representation of propagating shear waves. In total,
we acquire datasets at 25 distinct positions on each gelatin
phantom which results in a total of 500 acquired datasets per
excitation frequency. Each position on the phantom is sepa-
rated by 5mm to allow speckle augmentation. We perform
uniform indentation tests on cylindrical gelatin samples to
calculate the Young’s modulus as our ground truth labels for
training [13]. We obtain 17 kPa, 56 kPa, 97 kPa and 139 kPa
for the four different gelatin concentrations, respectively. We

pre-process each dataset by cropping 128 pixels beneath the
sample surface. To reduce imaging noise, we apply a median
filter with a kernel size of 3 x 3 x 3.

D. Laparoscopic Trainer and Soft Tissue

Additionally, we record data from within a laparoscopic
trainer (Kroton Box, Kroton Medical Technology, Poland)
to estimate the effect of damping on the instrument’s shaft.
We record 20 datasets with and without damping of the
laparoscopic trainer (Fig.5a-5c). In addition to the gelatin
phantom data, we also evaluate our methods on ex-vivo
chicken heart, liver, and stomach tissue (Fig.5d-5f). In total,
we record 15 datasets at various positions for each soft tissue

type.
E. Spatio-Temporal Deep Learning

The acquired 3D shear wave data consists of two spatial
and one temporal dimension for the processing. Spatio-
temporal Convolutional Neural Networks (CNNs) [14] with
3D convolutions have shown excellent results [9], [15] by
jointly learning spatial and temporal information. For effi-
cient data processing, we resize each frame resulting in 64 x
64 pixels along the lateral and depth axis, respectively. Our
model architecture (Fig.4) is based on a densely connected
CNN (DenseNet) [16]. After an initial convolutional layer,
we employ four DenseNet blocks and with two, four, six, and
three layers per block, respectively. We use average pooling
in the transition blocks and a growth factor of 6. A final fully
connected layer directly outputs elasticity estimates given the
3D input sequence. We train independent networks for each
excitation frequency using a mean squared error (MSE) loss.
We split our data based on the different phantoms and select
one independent phantom from each gelatin concentration as
our test set. To make our results more robust, we conduct a
nested cross-validation scheme such that every phantom is
part of the test set once. For each of these five outer folds,
we perform a four-fold cross-validation across the remaining
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Fig. 4. Data Processing: The OCT phase signal is cropped below the surface and each 3D spatio-temporal shear wave dataset R *"** is processed using
conventional phase velocity estimation and our learning based approach. Using spatio-temporal deep learning (upper right), sample elasticity is directly
estimated in an end-to-end fashion from a temporal window of ¢; = 16 frames. We also downsample the spatial dimension to w; = h; = 64 to reduce
computational effort. For conventional elasticity estimates (lower right), we create space-time maps for each dataset (w = 128, ¢ = 208) and estimate
shear wave velocity using Fourier domain analysis. We map wave velocity to the Young’s modulus using a linear material model.

Fig. 5. Laparoscopic Trainer and Soft Tissue Experiments: We
additionally validate wave excitation in a trainer that adds friction along
the instrument shaft (a-c). Furthermore, we test our approach on ex-vivo
(d) chicken liver, (e), chicken heart and (f) chicken stomach tissue.

samples. This results in a data split of 70:20:10 for training,
testing, and validation respectively. Thereby, we train 20
networks for each frequency leading to 100 networks trained
in total. During training, we randomly crop sequences of
16 successive frames along the temporal dimension. During
testing, we apply a moving window along the temporal
dimension and report the mean of all predictions from one
dataset. We apply early stopping to reduce training times.
While we train solely on gelatin but additionally evaluate
our approach on soft tissue data.

FE. Conventional Elasticity Estimation

For comparison to our deep-learning approach, we
additionally consider conventional phase velocity estimation
as depicted in Fig.4. We estimate the velocity of the
shear waves in the frequency domain similar to Beuve
et al. [17]. First, we derive Space-Time maps from a
given shear wave dataset by estimating the mean along
the depth axis h, resulting in an image of size of 118

x 208 pixels along the lateral w and temporal ¢ axis.
Second, we apply a 2D discrete FFT along the image
axis to estimate the k-space representation. To further
reduce background noise we remove pixels with < 10%
of the overall maximum amplitude in the k-space. Next,
we estimate the maximum amplitude in the k-space for
each temporal frequency f and compute the phase velocity
vppr = f/k with the wavenumber k. Estimates not
within 1ms™' < vppr > 10ms™! are considered failed
estimates, which represent the typical elasticity range of
soft tissue [18]. Finally, we apply a linear material model
to estimate the E-Modulus from the shear wave velocity
with the relation [19] Eror = q- p-2(1 +v) - v%pp with a
Possion’s ratio v = 0.5 and a density p = 1000 kgm~3. To
account for constant errors between our estimates and our
ground truth Young’s modulus labels we estimate a linear
scaling factor ¢ = 0.84 by minimizing the offset.

ITII. RESULTS

Example data of a shear wave excited using our modified
da Vinci instrument can be seen in Fig.4. Visual inspec-
tion of the acquired datasets confirmed wave propagation
for all datasets and samples, with varying imaging noise
dependent on material and excitation frequency. All 3D shear
wave datasets for each sample were processed using the
conventional approach and our spatio-temporal deep learning
based elasticity estimation. The mean absolute error (MAE)
and the root mean squared error (RMSE) averaged for each
excitation frequency can be seen in Table I for both meth-
ods. Conventional processing displays significant variation
in elasticity estimation and is outperformed by the deep
learning-based approach, which enables a more accurate
and more robust estimation of the elasticity independent of
the excitation frequency. The elasticity estimates for each
excitation frequency and sample stiffness are shown in Fig.6a
for both approaches. For the conventional approach, it can be
seen that the variance increases with elasticity and decreases
with frequency, resulting in an MAE of 19.27 + 23.50 kPa for
the ensemble from all frequencies. In contrast, model predic-
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TABLE I
MEAN ABSOLUTE ERROR OF PREDICTIONS IN KPA ON ALL GELATIN PHANTOMS WITH DIFFERENT EXCITATION FREQUENCIES.

Method Error Metric 200 Hz 400Hz 600 Hz 800 Hz 1000 Hz Ensemble
Conventional MAE 34.064+34.81 26.531+26.18 25.16+37.57 16.00+15.85 22.66+19.85 19.27+23.50
RMSE 48.67 37.26 45.18 22.51 30.11 30.37
Deep Learning MAE 6.42413.45 6.73£11.97 6.25412.61 7.58+13.63 6.66+12.63 6.29+4.99
RMSE 14.89 13.72 14.06 15.58 14.27 8.02
. . 140
tions for the learning-based approach show good agreement Chicken Chicken Chicken
with the acquired ground truth independent of excitation Liver Heart Stomach
frequency and we report a reduced MAE of 6.29 + 4.99 kPa. 120
We further investigate the effect of damping on the wave
excitation with the instrument in the laparoscopic trainer. X 100} é
We report the error when damping is added (Fig.6b). We é
observe only marginal differences in the elasticity estimates E 4| é E
for excitation with and without damping, with a maximum 3 é
mean deviation of 2.31kPa for the lowest excitation fre- ) E|
quency. We further compare the excitation frequency with the 60 = Q
measured dominant frequency component in the frequency ? B
40 T

domain (Fig.6c). The median deviation between excitation
and measured shear wave frequency is 0.28 + 1.53 Hz and
0.41 £ 1.64 Hz with and without damping, respectively. In
Fig.7, the elasticity estimates of ex-vivo soft tissue sam-
ples are depicted. In average we report an elasticity of
57.73 £5.95kPa, 96.39 + 13.37 kPa and 79.27 + 7.18 kPa for
chicken liver, heart and stomach, respectively.

IV. DISCUSSION

Our experiments demonstrate the successful excitation of
shear waves in phantom and ex-vivo tissue samples directly
via the modified da Vinci instrument. Further, we evaluate
the effect of damping on the instrument shaft, as presented
in a clinical minimal invasive intervention. We observe mean
deviations of less than 1 Hz between excitation frequency
and measured frequency inside the tissue, both with and
without additional damping in the laparoscopic trainer. Our

&&w&w@w&&w$@w&w&&@

S EIEEONPE PRI
I SESESRENN Q@@@@*@ SESEFOR &

Fig. 7. Ex-vivo Soft Tissues: Elasticity estimates for chicken liver, stomach
and heart tissue. We additionally consider the ensemble by taking the mean
over the models trained for each of the five frequencies.

modified instrument consequently enables a safe and reliable
approach for wave excitation from outside the patient. In
contrast, previously proposed probes for wave excitation in-
volve piezoelectric elements at the tip of dedicated tools [6],
[20] with high voltage cables running inside the patient. Air
pulse excitation is a promising non-contact alternative and
allows highly focused wave excitations [8]. However, current
designs have limited bandwidth and are impractical due to
their location inside the patient, close to the soft tissue.
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Our experiments confirm that our approach enables the
differentiation of materials based solely on the propa-
gating shear wave field (Fig.6). The proposed spatio-
temporal deep learning enables accurate elasticity estimates
and outperforms conventional processing with an MAE of
6.29 + 4.99 kPa compared to 19.27 + 23.50 kPa, respectively.
The conventional approach results in large deviations for
estimates with different excitation frequencies from the same
elasticity, especially for lower excitation frequencies and in-
creased sample elasticity. In contrast, the trained models are
more robust with respect to the excitation frequency and sam-
ple stiffness, especially when considering ensemble predic-
tions. We further investigate if damping of the instrument’s
shaft, as given in a minimally invasive intervention, effects
elasticity prediction. Considering Fig.6b, damping effects
are marginal on elasticity estimates with a maximum mean
estimation offset of 2.71 + 0.80 kPa for excitation frequencies
of 200Hz. Consequently, the excitation frequency can be
modulated to provide more accurate elasticity estimates.

We additionally evaluate our trained models on ex-vivo
soft tissue and demonstrate that different tissue types can
be differentiated based on their elasticity, with particularly
good contrast between softer liver and harder heart and
stomach muscle tissue. It stands out, that while training the
models was solely performed on gelatin phantoms the models
are able to generalize to soft tissue. The results therefore
show successful shear wave excitation in soft tissue and
indicate that the wave field has similar features as in gelatin
phantoms. Overall, chicken heart and stomach are in the
range of muscle tissue reported in the literature 98 + 10 kPa
[21]. However, a comparison to quantitative values in the
literature is limited due to the not applicable ground truth
elasticity of our samples as well as the varying age and
the general inhomogeneity of soft-tissue samples, as well
as different presumptions for elasticity estimates, e.g., the
material model. In this context, our model can also be applied
for respective downstream tasks, e.g., surgical navigation,
tissue classification, or tactile feedback.

A refined instrument design will be required for clini-
cal application, especially for medical autoclaving. Conse-
quently, 3D printed parts ideal for fast prototyping would
need to be replaced by metal alloys and electric wiring could
be directly integrated into the existing da Vinci electrical
adapter. In practice, the imaging of the tissue could be
performed similarly to existing OCT handheld probes [22].
Volumetric imaging could be used to detect wave propagation
along multiple spatial dimensions [9]. We note that the imag-
ing depth of OCE is limited, but its high resolution makes
it particularly useful for highly local elasticity estimation.

Currently, our study also only considers excitation with
a rigid instrument tip position. Future studies will consider
wave excitation with simultaneous actuation of the instru-
ment tip, e.g., push and grabbing tasks.

In conclusion, we have demonstrated shear wave excitation
directly via a modified da Vinci instrument and shown
subsequent differentiation of different phantoms and soft
tissue types based on their elastic properties and considering

friction at the instrument shaft. The availability of quantita-
tive elasticity estimates during minimal invasive RAS offers
multiple possibilities including the assistance of the surgeon
during navigation, classifying tissue types or enabling quan-
titative haptic feedback.
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