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Abstract— Percutaneous needle insertions are commonly per-
formed for diagnostic and therapeutic purposes as an effective
alternative to more invasive surgical procedures. However,
the outcome of needle-based approaches relies heavily on the
accuracy of needle placement, which remains a challenge even
with robot assistance and medical imaging guidance due to
needle deflection caused by contact with soft tissues. In this
paper, we present a novel mechanics-based 2D bevel-tip needle
model that can account for the effect of nonlinear strain-
dependent behavior of biological soft tissues under compression.
Real-time finite element simulation allows multiple control
inputs along the length of the needle with full three-degree-of-
freedom (DOF) planar needle motions. Cross-validation studies
using custom-designed multi-layer tissue phantoms as well as
heterogeneous chicken breast tissues result in less than 1mm
in-plane errors for insertions reaching depths of up to 61 mm,
demonstrating the validity and generalizability of the proposed
method.

I. INTRODUCTION

Percutaneous needle interventions play a fundamental role
in both the diagnosis and treatment of many diseases, in
particular prostate cancer and breast cancer. According to
the American Cancer Society’s update on cancer statistics,
prostate cancer incidence has increased by 3% annually from
2014 through 2019, and breast cancer incidence rates have
risen in most of the past four decades [1]-[3]. To improve
surgical outcomes, bevel-tip needle insertions have been
heavily researched over the past two decades due to their
extensive use in minimally invasive percutaneous procedures
such as biopsies [4]-[6], brachytherapy [7]-[9], as well as
spinal injections [10]-[13].

Bevel-tip needle insertions are often modeled using kine-
matic descriptions originating from the field of vehicle
dynamics, where needle motions are formulated from a series
of nonholonomic constraints [14]-[16]. Although kinematic
models can simplify needle path planning and shape predic-
tion, their application is limited to cases where the needle
is highly flexible relative to the surrounding soft tissues,
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and the interaction between needle shaft and soft tissues is
negligible. Additionally, needle steering is typically restricted
to insertion and axial rotation, while avoiding any lateral
needle motion that can cause the flexible needle to bend
due to soft tissue interactions, further limiting the overall
generalizability of such approach.

One way to account for the interaction between the nee-
dle’s shaft and soft tissue is through force modeling [17]—
[24]. In planar cases, the lateral interaction between a
flexible needle and soft tissue is typically represented by
a linear elastic beam for the needle shaft, and distributed
linear springs along the needle shaft for the tissue [17]—
[21]. For example, DiMaio and Salcudean [17], [18] present
a mechanics-based model based on linear needle bending
model coupled with a linear tissue material, and they use
needle base control to guide a symmetric-tip needle to a
desired location. Glozman and Shoham [20] use a distributed
linear spring model to represent tissue reaction force, and
their method relies on X-ray feedback to close the control
loop. Roesthuis et al. extend the formulation to bevel tip
needles by considering a transverse tip force generated by
soft tissues during needle insertion [22], and Abayazid et
al. further enrich the formulation by considering the double-
bend shape of a bevel-tip needle [21].

Notably, work done on symmetric-tip needles is primarily
focused on lateral base motion to achieve needle steering; on
the other hand, bevel-tip needle steering is typically achieved
only by changing the bevel orientation via axial rotation,
while largely ignoring lateral motion of the needle. However,
in reality, both lateral base motion and needle tip bevel can
be used for steering, albeit with different working principles.
Furthermore, a common feature of previous works is the use
of largely simplified linear tissue behavior model. Biological
soft tissues exhibit highly nonlinear stress-stretch behavior,
which cannot be captured by such models [25], [26]. The
lack of a realistic tissue model also makes the choice of
tissue linearity measure rather arbitrary. Adagolodjo et al.
address tissue nonlinearity in symmetric needle insertions
using the SOFA framework [23], an open-source interactive
finite element physics simulator designed to provide real-
time computational capabilities [27], [28]. However, no
model validation is provided in [23]; instead, the overall
control system is evaluated, with model errors compensated
for using high-frequency non-rigid tissue registration enabled
by six Flex13 cameras, which is an unrealistic requirement
in clinical settings.

We present 1) a mechanics-based needle-tissue interac-
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Fig. 1: Bevel tip needle insertion simulation with four layers of Ogden-type soft medium. Needle base controls horizontal
(H7") and vertical displacements and slope (V™). A horizontally-fixed needle template (green circle) controls vertical
displacement and prescribes zero slope (V5™). Contact points (blue cross) are placed dynamically, and simulate a bevel

effect at the needle tip. Input steps m € {1,2,3}.

tion model for bevel-tip needle insertion that accounts for
nonlinear soft tissue behaviors and multi-layer scenarios,
and 2) an interactive finite element simulation that allows
full three-DOF planar control inputs to be placed anywhere
along the needle, enabling the simulation of various clinical
scenarios. We showcase the versatility of the model and
simulation with soft tissue phantoms consisting of up to
four different layers, as well as non-homogeneous chicken
breast tissues. The rest of the paper is structured as follows:
Sec. II presents bevel-tip needle insertion modeling and
simulation. Sec. III introduces tissue phantoms, hardware and
methods used in the experiments. Sec. IV introduces methods
used for parameter tuning and model validation, followed
by Sec. V, where experiment results are analyzed. Lastly,
Sec. VI presents a summary of key contributions, research
outcomes, and future work prospects.

II. MODELING AND SIMULATION

Our goal is to create a prototypical mechanics-based bevel
tip needle insertion simulation that accounts for 1) nonlinear
strain-dependent behavior of biological soft tissues under
compression, 2) needle interaction with multiple soft tissue
layers of varied mechanical properties, 3) multiple control
inputs along the length of the needle, and 4) full three-
degree-of-freedom planar needle motions such as insertion,
retraction, as well as bending and in-plane rotation.

The current simulation extends previous theoretical foun-
dation [24] with the introduction of bevel effect during needle
insertion as well as incorporation of multiple control inputs
along the length of the needle. A brief summary of previous
findings is first offered.

The development of this work assumes that 1) the needle
length remains unchanged during insertion, 2) the instan-
taneous needle deformation is small, 3) soft tissues can
be characterized by homogenized macroscopic nonlinear
behavior since they are composites consisting of elements
such as elastic, collagen, and water.

The needle is modeled as an inextensile Euler-Bernoulli
beam that deforms only due to bending. Static equilibrium
of the beam leads to the governing equation

Elugpe.(x) = F(2), (1)

with E being the elastic modulus of the needle material, I
the area moment of inertia of the needle cross-section, u(x)
the deformed shape of the needle, and F'(z) the distributed
load on the needle shaft. The subscript = is used to denote
spatial derivatives.

In [24], the authors show that an incompressible, one-
term Ogden hyperelastic tissue model paired with unconfined
uniaxial compression can be reliably used for predicting the
force F' generated by the needle bending and rotation through

Flz)=) filz) z€Q, )

fi(x) = kij(x)u(x) {1 — ; sin? [tarfl (uT(x))] } N E))
reQ; st.ViQ; CO.

Subscript i relates quantities to the ™ tissue layer, and 2
and (; denote the spatial domain of all tissue layers and the
i" tissue layer, respectively. The quantity in curly brackets
accounts for the friction forces between the needle shaft
and surrounding tissues, and +y is the friction coefficient. In
water-rich biological soft tissues, v < 1, thus (3) can be
approximated as

where (4) can be interpreted as Hooke’s law whose propor-
tionality measure k; becomes a nonlinear function dependent
on the i™ layer position, as well as the current needle
deflection u(z) measured from a reference configuration.

For an incompressible one-term Ogden hyperelastic mate-
rial undergoing unconfined uniaxial compression, its tangent
modulus can be evaluated from

00 com, 1. _ o
k() = T DR - 5
(A) o\ I 5 ;0
where  is the material shear modulus, « a nonlinearity mea-
sure [29], and ooy the stress component in the direction
of tissue compression. The stretch variable A is defined as
ti — |u()|
=—, (6)
e
where ¢ is the tissue’s initial thickness prior to compression.
An absolute value of u(z) is used in (6) to enforce tissue
deformation in the direction of compression, ie. A < 1.

x € Q;, “)

A
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Equations (1) to (3), (5) and (6) are solved using the
finite element method (FEM) by considering two-node beam
elements with cubic Hermite interpolating functions [30].

Needle insertion and retraction are simulated using a
purely geometric approach since the needle is assumed to be
inextensible. Contact points are added or removed depending
on the depth of insertion. Each needle element inserted into
the tissue is assigned its closest contact point, and tissue
stretch )\ is resolved with respect to its assigned contact point
location.

To simulate the needle’s bevel effect during insertion, an
offset b is applied to new contact points created at the needle
tip (see Fig. 1). This offset can correlate to the tip bevel
geometry, and effectively creates a “pre-stretched spring”
whose reaction force is tissue-dependent. By resolving the
needle bending formulation in the next simulation step, the
resultant tip force generated by the offset is computationally
incorporated into the model, allowing the needle tip to
bend in the corresponding direction. By controlling the sign
and magnitude of this offset, different bevel effects can be
simulated, as shown in Fig. 1. Active needles whose tip
orientation is adjustable can also be simulated by changing
the offset parameter online, although such use cases are not
considered in the current study [31]-[33].

Known coordinates of the needle points can be used as
control points along the needle, and are treated as essential
boundary conditions for their corresponding node. For ex-
ample, the needle base can have a known configuration that
is robotically controlled, and the needle shaft can be con-
strained to move through a template. To create an interactive
simulation, we distinguish two types of user inputs: “vertical”
V-input and “horizontal” H-input. V-input is a condition
that directly affects the needle’s shape, such as nodal lateral
displacement or slope of a particular point on the needle,
and is treated similarly to essential boundary conditions of
the finite element solver. H-input pertains only to needle
insertion and retraction, and this kinematic problem is solved
independently from the beam-bending problem.

Algorithm 1 Interactive bevel needle simulation

Ensure: ENV set > tissue boundaries and needle properties
I: initialization, WN,W(C = &
2: while true do
3: (v, Hjm] < GET_INPUTS
4 it WC =2 and x4, € Q; then
5 Wcl ~ [xtipa Ytip, etip]—r
6: [TS,, TW1 € SE(2) < GET_TFVC))
7
8
9

> See Fig. 1

[°N, €C] < appLY_TFCVN,W(C, TS,)
while itr < itr,,,, do
¢N < FEM(°N, ENV, VF)

10: if converged then

11: break

12: wtr <= itr +1

13: [CN’,€C'] < INSERTION(° N, HF)

14: PYN,WC] < appLY_TE(CN', €C’, T¥)

As shown in Fig. 1, the simulation is displayed in a world-
fixed frame )V, while needle deformation is obtained in a
dynamically formulated constraint frame C. After initializing
the needle shape YN and soft tissue layers in W, the sim-
ulation reads user inputs to update the needle configuration.
When contact between the needle tip and tissue boundary is
detected, the first contact point WO = [24p, Yrip, Orip] | i
placed at the needle tip, and two rigid-body transformations
T‘C,V, T‘C/V are defined, which are used to transform needle
coordinates from frame W to C and vice versa. Within step
m, after including V;™, the finite element solution is obtained
in the C frame. The converged solution for the needle, N,
is then updated by HJ" to simulate needle insertion or
retraction. A new contact point can be added with an offset b
such that in the next simulation iteration, the needle tip will
experience a pulling force in the direction of the bevel, thus
creating a bevel insertion effect. Updated needle shape and
contact points are then transformed back to frame »V, where
the simulation is visually updated. Dynamic formulation
of contact points allows the needle to be inserted in any
initial position and orientation. The simulation is written in
MATLAB, and the workflow is shown in Algorithm 1.

III. EXPERIMENT METHODS AND HARDWARE
COMPONENTS

To demonstrate the model’s ability to match results from
physical needle insertion experiments, a set of custom-
created multi-layer tissue phantoms with different mechani-
cal properties and geometrical features are developed. These
phantoms, in addition to chicken breast tissues, are used
for bevel needle insertion experiments, as shown in Fig. 2.
Through a cone-beam computed tomography (CT) machine
(Loop-X, BrainLab, Germany), scans of the needle after each
insertion are obtained for needle shape reconstruction and
to tune the model’s parameters. Details of each step are
presented in the following subsections.

A. Tissue Phantoms

A total of three different multi-layer phantoms are created,
as shown in Fig. 3. All phantoms are made of plastisol with
varied amounts of hardener added to modify their stiffness.
Although other materials are shown to better mimic the
mechanical behavior of human soft tissues [34], they are

i
Z-Stage'r

QPhantonﬁ ’

Fig. 2: Experiment setup used for validating the simulation.
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Phantom 1 * Phantom 2 ~ Phantom 3
Fig. 3: Tissue phantoms used in our experiments, with

hardener-to-plastisol volume ratios labeled on each layer.

still homogeneous in nature, and do not offer substantial
advantages to plastisol in the context of this study.

We use two types of plastisol: PM242 Ultra Clear/Low
Odor Medium Plastisol (Bait Plastics, USA) and Regular
Plastic (M-F Manufacturing, USA), along with their corre-
sponding hardeners. In its original form, liquid plastisol is
white in color that turns translucent when heated to around
250°C. The mixture solidifies after cooling, and layering
effect is achieved by sequentially casting heated mixtures
atop a previously solidified layer. All phantoms are cast in
80 x 80 x 80 mm?® acrylic boxes to reduce boundary slippage.
Resin dye is added to visually distinguish each layer and
facilitate layer thickness measurements.

Phantom 1 consists of four layers of varied thicknesses
and mechanical properties and is developed for testing an
insertion scenario with simple 2D geometry. Phantoms 2
and 3 are designed with the clinical context of prostate
biopsies in consideration. Their first layer represents the
different fat and muscle tissues encountered by the needle at
the perineum entry point. Their second layer represents the
diaphragm, which is known to be responsible for substantial
needle deflection during biopsy. Their third layer represents
the remaining soft tissues separating the diaphragm from
the prostate, and their fourth “layer” is the prostate itself,
represented here as a cylinder. The relative stiffness of
aforementioned layers is chosen to qualitatively mimic the
relative stiffness of equivalent organs in human anatomy [35].

B. Hardware Setup

An 18 gauge, 15 cm long, notched biopsy needle (Cook
Medical, USA) is employed for all experiments. To ensure
a controlled needle insertion, a two-stage setup is used, as
shown in Fig. 2. The needle is rigidly affixed to an XY linear
stage (XY-6060, Danaher Precision Systems, USA), which
is used to advance the needle forward and laterally. A Z
linear stage (Model 12-1532, Dover Motion, USA) is used
for adjusting the phantoms’ vertical position to vary the type
of tissue layers the needle can traverse and their effective
thickness. The stages are secured on an acrylic plate, which
also allows the positioning of the Z-stage at different angles.

C. Image Processing and Needle Reconstruction

In order to avoid optical distortions caused by the simulant
material, CT scans with a voxel size of 0.46 x 0.46 x
0.46 mm? are used to extract the needle’s shape after each
insertion, as well as the effective insertion depth. Intensity
thresholding is applied to the acquired images to segment

the needle in 3D; radiopaque markers are used to transform
the reconstructed needle to the world-fixed frame W using
the Iterative Closest Point algorithm. Knowing the relative
position of the reconstructed needle with respect to the tissue
phantom and the thickness of each layer of the phantom,
the effective distance traversed by the needle on the bevel
bending plane is calculated and used to reconstruct the tissue
boundaries in our planar simulation.

IV. PARAMETER TUNING AND MODEL VALIDATION

Due to the physical nature of the proposed model, param-
eters need to be tuned to align the simulation to the empirical
data. We consider tuning for constraint offset b, as well as
material shear modulus p and Ogden nonlinearity constant
a for each layer, although the latter can be obtained via
mechanical testing [26].

A. Model Parameters Tuning

Tuning experiments aim to examine the following aspects:

e Model validity across different numbers of layers tra-

versed by the needle.

e Model validity across different tissue phantoms, as well

as heterogeneous animal tissues.

For the first aspect, Phantom 2 is selected for conducting
multiple insertions at various depths involving variations in
insertion position and orientation. This approach effectively
yields needle insertions spanning distinct layer counts and
different layer thicknesses within the same phantom. For the
second aspect, all three phantoms are used for carrying out
additional insertions at various depths, as well as experiments
on 3 chicken breasts. One of the chicken breasts is punctured
at 2 different orientations, resulting in a total of 3 x 4 =
12 insertions. Model parameters are manually tuned for
each phantom. The media used, traversed layers, number of
insertions, and depth range are reported in Table 1.

Both needle tip and needle shape prediction accuracies
are taken into consideration during parameter tuning, and
the following metrics are used to evaluate the outcome:

o Tip Error (TE): needle tip location error compared to

the ground truth

TE = |Irgm — réoll2 Q)

o In-Plane Error (IPE): shape error at each point j of
the needle in the natural bending plane of the bevel tip

IPE; = || = rorll2 ®)

o Error-to-Deflection Percentage (EDP): the percentage

ratio of the tip error computed in equation (7) to the
needle’s tip deflection extracted from CT data

TE

YN =N

where » = PYNI VN LYNE WNETT with K being

the total number of discretized needle points from the CT

ground truth, and 7/ = "V NJ,"VN/]T. The EDP metric en-

hances the understanding of the model’s predictive accuracy

by contextualizing the results of equations (7) and (8) with
respect to different deflection magnitudes.

EDP x 100 9)
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TABLE I: Summary of needle insertion experiments.

Medium Layers | Insertions | Depth Range [mm]
Phantom 1 3 10 50.69 - 54.27
4 9 49.09 - 56.49
3 5 33.60 - 54.78
Phantom 2 5 I 7379
1 1 19.63
Phantom 3 4 9 37.68 - 55.32
Chicken 1 12 26.98 - 61.22

B. Model Validation

To examine the model’s generalizability, a series of cross-
validation studies are performed (see Table II). These studies
aim to resolve the impact of distinct experiment features on
the quality of the simulation results.

In Study 1, we use parameters tuned on Phantom 2
with insertions across four layers and examine insertion
accuracy within the same phantom but across a reduced
number of layers (see Sect. IV for list of parameters).
Although the constituents within the same phantom stay
the same, the thickness of the traversed layers varies with
different insertions. This validation study provides insight
into how effectively the model can capture the mechanical
properties of different layers, and its ability to transition
from complex scenarios to simpler ones. In Study 2, the
opposite is performed, i.e. we use parameters tuned for two-
layer insertions and extend the simulation to a more complex
scenario (three and four layers); this study attempts to explain
how well the model can transition from a simple scenario (2
layers) to a more complex one (3 and 4 layers) by introducing
additional layers with known mechanical properties from the
tuned model since the bottom 2 layers in Phantom 2 should
have the same mechanical properties as the top 2 ones, as
shown in Fig. 3.

Studies 3 and 4 examine the model’s capability to gen-
eralize to different phantoms. In Study 3, the model is
tuned on insertions across three layers in Phantom 2, but
validated on insertions across three layers in Phantom 1.
The two phantoms are known to have different mechanical
properties by design. As for Study 4, we use Phantoms 2 and
3 for tuning and validation, respectively, whereby the two
phantoms are designed to be similar in terms of geometrical
features as well as mechanical properties, with a total of four
traversed layers by the needle.

Study 5 is designed to test the model’s ability to adapt

to non-homogeneous animal tissues such as chicken breasts.
Data collected on the first chicken breast (3 insertions) is
selected for parameter tuning, and the tuned model is then
tested against the remaining insertion experiments on the two
other chicken breasts.

V. RESULTS AND DISCUSSION
A. Model Parameters Tuning

The results of the needle insertion experiments for the
parameters’ tuning are illustrated in Table III. The needle’s
Young’s Modulus F is set to be 80 GPa, and the simulation
runs steadily with Imm elements at about 80 Hz on an
Intel Core 17-9750H CPU. Tissue parameters are adjusted
proportionally to reflect the relative mechanical properties
of the phantom’s distinct layers. The numerical values for
the model’s parameters for all experiments are reported in
Table V. Registration error for the needle reconstruction
is found to be on average 0.19 mm. Voxel size combined
with said registration error could contribute to observed
discrepancies between real and simulated results.

1) Testing model against multiple layers: From Table III,
the median as well as average IPE errors across all four layers
in Phantom 2 are within 0.37 mm. The largest average IPE
error per insertion is 0.62 mm for the four-layer insertion,
and the largest average TE observed for the one-layer in-
sertion is 0.57 mm. The EDP values for deeper insertions
are smaller than those for shallower insertions, which is
expected since shallower insertions (such as the case for
a one-layer insertion) result in smaller needle deflection —
an error as small as 0.3 mm can translate to a relatively
large EDP if the needle deflection is below 0.5 mm. Keeping
in mind clinical applications for biopsy needle insertions, a
submillimeter accuracy would be acceptable nonetheless, in
particular for prostate biopsies with average insertion depths
of 80 mm [36]. The results demonstrate that the simulation
can successfully and consistently match physical experiments
across various number of layers.

2) Testing model against different media: To assess the
simulation performance across various phantoms, we tuned
the model parameters for each media to align the simulation
outcomes with experiment data. These findings are detailed
in Table III. Both median and average errors do not exceed
0.27 mm, with a maximum average IPE of 0.60 mm observed

TABLE III: Error statistics using the tuned models across
different experiments. Units in mm except for EDP.

TABLE II: Summary of experiments used for model tuning Tayers Nedian Err PE Aﬁ:filgl“esTE EDP
with corresponding validation studies. | 0.18 0235017 0.62 044 | 103
Model Tuning Model Vaidation 3 0.16 0.18+0.13 0.49 0.16 | 4.77
Study Media Layers | Insertions Media Layers | Insertions 2 0.18 0.20£0.14 0.53 0.53 58.1
3 5 1 0.36 0.3640.14 0.60 0.57 135
1 Phantom 2 4 9 Phantom 2 2 1
1 1 Media Median Err IPE Max IPE | TE | EDP
2 Phantom 2 2 1 Phantom 2 3 2 Phantom 1 0.21 0.2440.18 0.56 0.29 26.6
P T . T o Phantom 2 0.17 021X016 | 057 | 037 | 194
4 Phantom 2 4 [ Phantom 3 4 9 Phantom 3 0.22 0.26£0.19 0.60 0.18 16.5
5 Chicken 1 3 Chicken 1 9 Chicken 0.22 0.2740.18 0.54 0.35 76.9
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for Phantom 3. The average needle TE is also smaller than
0.36 mm, with small EDP percentages across all tested
phantoms. The model is able to match the data collected
from the heterogeneous chicken tissues without degradation
in performance. The large EDP value for the chicken ex-
periments is a result of the small observed needle deflection
from the CT scans due to shallower needle insertions. The
results show that the model is capable of simulating different
insertions into the same media, irrespective of the number of
layers and their corresponding thickness.

B. Model Validation

The results for the model validation studies are reported in
Table IV and Fig. 4, with corresponding model parameters
in Table V. In both Studies 1 and 2, the largest median
and average IPE errors are below 0.39 mm, with the largest
average maximum IPE per insertion being 0.77 mm, and
largest average tip error 0.59 mm. This shows that the model
can be tuned on both complex (> 2 layers) and simpler (2
layers in this case) models, without loss of generalizability
when transitioning to different insertions within the same
medium. It is important to highlight the clinical benefit of
such observations, whereby only a handful of insertions into
a patient could be used to reasonably predict the needle shape
and deflection for different insertions with the same patient.

In Studies 3 and 4, the overall errors are larger compared
to Studies 1 and 2, with the largest average maximum IPE
reaching 2.86 mm in Study 3. The results do, however, align
with our expectations. Phantom 1 is inherently different from
Phantom 2 in terms of mechanical properties, so parameter
values identified for a model that fits Phantom 2 are unlikely
to immediately translate to a different phantom. Similarly,
although Phantom 3 is designed to replicate Phantom 2, it
is created by two different people at different times, which
implies that some differences between the two will still
be observed. In a real scenario, these differences represent
patient-to-patient variability, and underscore the futility of
seeking a “one-fits-all” solution that will seamlessly work
for all patients without modification.

The submillimeter errors reported in Study 5 highlight
the model’s potential to reasonably capture complex hetero-
geneous tissue-needle interactions. Fig. 4 demonstrates the
model’s capability to generalize within the same medium
and across heterogeneous tissues, but not so much across
different types of phantoms.

TABLE IV: Results of the different model validation studies.
Units in mm except for EDP.

w
T
1

I
n
T

Absolute Error [mm]
& - &0~
T T T
T -+
}_‘ F q{+
1 1 1

=}

Fig. 4: Boxplots for all conducted validation studies.

The large EDP values in Table IV (>100%) across all
studies are attributed to the smaller needle deflections (0.02-
1.5 mm) due to shallower insertions, as well as the smaller
amount of data available for analysis in certain cases, such
as in Study 1 for the two and one-layer insertions.

It is important to note the limitations of the study. First,
the parameters are manually tuned, which means that a
more robust optimization strategy will likely lead to even
better results. Second, some studies only had one needle
insertion experiment (Phantom 2 with two-layer and one-
layer insertions), which could skew some of the reported
results. Lastly, the realism of the phantoms compared to
human tissues needs to be further validated.

VI. CONCLUSION AND FUTURE WORK

In this paper, a mechanics-based bevel-tip needle model
is successfully developed, simulated, and validated against
experiments in phantoms and chicken breast tissues. The
model has demonstrated its capability to replicate the needle
behaviors in actual physical experiments. Additionally, the
proposed model has proven to be effective with submil-
limeter prediction accuracy both on needle tip position and
overall shape in scenarios where generalization is justifiable,
such as extending its utility across consistent media or
relatively similar heterogeneous tissues.

Experiment results show great potential for future work
development, namely extending the model to 3D appli-
cations, developing simulation-based controllers for trajec-
tory tracking, as well as integrating needle shape feedback
modalities such as intraoperative imaging, electromagnetic
tracking, and fiber optic sensing.

TABLE V: Model parameters tuned for each set of experi-
ments. Ph: Phantom, Ch: Chicken, T: Table, St: Study.

A Layer 1 Layer 2 Layer 3 Layer 4 Bevel
verage Values i o 7 o 1 o n o 3

Study Layers Median Err IPE Max IPE TE EDP Ph2 T4 2e5 1 33¢e7 1 2e5 1 33e7 1 0.085

3 0.17 0.19+0.13 0.54 0.14 | 5.56 Phl T5 2e5 1 3.3e7 -1 2e6 1 3.3e7 -1 0.03

1 2 0.20 0.22+0.15 0.59 0.59 | 64.8 Ph2 TS 2e5 1 3.3¢7 -1 2e5 1 3.3¢7 -1 0.085

1 0.39 0.39+0.15 0.64 0.64 151 Ph3 T5 2e5 1 3.3e7 -1 2e5 1 3.3¢7 -1 0.03

4 0.24 0.28+£022 0.77 0.50 11.7 Ch T5 1e3 1 n/a n/a n/a n/a n/a n/a 0.085

2 3 0.19 0245019 0.62 043 1120 Ph2 T6 St1 | 2.2e5 1 3.2e7 -1 2.2e5 1 3.2¢7 1 0.085

Ph2 T6 St2 | 5e4 1 le7 -1 Sed 1 1e7 I 0.085

3 3 141 1.41+0.83 2.86 282 | 254 Ph2 T6 St3 | 2.2e5 | 0.85 | 3.2¢7 | -0.98 | 2.2¢5 | 0.85 | 3.2¢7 | -0.98 | 0.085

4 4 1.09 1.18£0.68 2.48 2.19 | 201 Ph2T6 St4 | 2.2¢5 | 1 | 32¢7 | -1 | 22¢5 | 1 | 3.2¢7 T | 0085

5 1 0.58 0.46+0.25 0.85 0.60 | 500 Ch T6 St5 4e3 0.2 n/a n/a n/a n/a n/a n/a | 0.085
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