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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 [S]. 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.
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.

Collaborative Robotic Biopsy: The robot guides the needle

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
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Fig. 2.

Collaborative Robotic System: The experimental setup consists
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).

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 Fig 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, Tp the controller torque and 7p 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
xd(t) = kl/ 6f(t) dt + kpef(t) (1)
0

is choosen such that the error e = Fy — aFt between the
handle force Fy and the amplified measured tip force Fr is
minimized. The magnitude ep 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

2t = 0(Whz xhy—1 + Wo, ¥ 24 +02),

1 = 0(Why x hy1 + War x 2 + by),

hy = tanh(Wy, * (ry © hy—1) + Wy * 24 + b) and
hy = (1_Zt)®ht—1+zt®ilt

defines the update gate z;, the reset gate r;, the candidate
activation vector f; 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

Stomach

TISSUE

.

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).

ResNet =mrrereees cGRU-CNN Label

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 Fpr > 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. G, top) and
increasing slopes (e.g. Gp, 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 I
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
cGRU-CNN 0.11 0.99 1.03 52.96

Force [N]

0 50 100 150 200

Total Force wmmzzzze: Friction Force
Tip Force = = = Tissue Interface

50 100 150 200
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
the interfaces from tissue to gelatin we report increased
distances of 9.14+4.23 mm and 10.88+5.75 mm for the two
tissue layers, respectively. In total, users do not recognize 9
tissue interfaces resulting in a total detection rate of 91 %. Of
the missed cases, 80 % correspond to the interface between
tissue and gelatin.

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 II
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  0.36x0.08  —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. DISCUSSION 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 III
DETECTION RATE (DR) AND DISTANCES [mm] BETWEEN
PRE-INSERTION POSITION AND POSITIONS DETECTED BY THE USER FOR
THE FIVE PARTICIPANTS.

DR GitoTy Ty to Ge Ga to To Ts to Gs Mean
95% 2.86+1.50 10.23+4.49 595+2.10 10.94+3.90 7.31x4.45
80% 7.21x1.47 14.30+£2.57 11.86+7.14 14.90+£5.80 11.74+4.97
95% 4.20+3.36 6.46+4.09 3.35+1.74 12.80+£8.66 6.38+5.70
90% 4.85+1.67 7.89+2.88 4.14+2.87 6.47+3.83 5.77+2.95
95% 5.12+2.20 6.81+1.78 7.27+2.63 8.63+3.47 6.77+£2.53
Mean 4.85+2.44 9.14+4.23  6.05+4.02 10.88+5.75
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Fig. 10. Haptic Guided Pancreas Biopsy: Needle tip forces (blue), axial
handle force (green) and the difference awF'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.

(a) (b) ()
Fig. 11. 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).

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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