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Abstract— Oral cavity cancer, a common head and neck cancer,
is typically treated through precise tumor excision via electro-
surgery. Autonomous robotic electrosurgery has demonstrated
the potential to achieve more accurate and consistent resec-
tion margins compared to manual methods, thereby improving
surgical outcomes. However, current autonomous systems face
challenges in tracking tissue deformation during electrosurgical
cutting due to unpredictable and complex soft tissue dynamics.
Failure to monitor and adapt to tissue deformation can signif-
icantly compromise resection precision. This paper presents an
autonomous closed-loop robotic electrosurgery system to enhance
surgical precision via 3D tissue tracking and image-based feed-
back control utilizing a Red Green Blue – Depth (RGB-D) sensor.
The developed 3D tissue tracker employs CoTracker, a deep
learning-based model for markerless tracking, complemented by
a tool-occlusion algorithm to achieve tissue deformation tracking
with no prior knowledge of the tissue model. The estimated
deformation is fed into a fuzzy logic controller, which dynamically
adjusts the cutting velocity to minimize cutting error during
electrosurgery. The system’s efficacy was validated using ex vivo
porcine tongues, demonstrating a 55% reduction in average
cutting error (from 1.2 mm to 0.54 mm, p < 0.001) in closed-
loop operations (N=6) compared to open-loop cutting without
feedback control (N=3). The results demonstrate the effectiveness
of image-based closed-loop control in improving margin accuracy,
a key factor in reducing the likelihood of cancer recurrence.

Index Terms—Electrosurgery, medical robotics, motion
planning.

I. INTRODUCTION

ORAL cavity cancer (OCC) is one of the most prevalent
types of head and neck cancer, with 377,713 cases and

177,757 deaths reported globally in 2020 [1]. Oral cavity
squamous cell carcinoma (OCSCC) is a histologic subtype
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of OCC that originates from epithelial tissue and accounts
for more than 90% of OCC cases [2], with the tongue being
one of the most common sites of presentation [3]. OCSCC
is mainly treated using electrosurgical or harmonic ultrasound
resection devices, along with surgical forceps, to remove the
tumor with a margin of surrounding healthy tissues [4]. The
core principle of electrosurgical cutting is to enable current
flow from an electrode to a grounding pad, shown in Fig. 1.a,
generating heat that vaporizes tissue water and subsequent
fragmentation [5]. Glossectomy, for instance, is a specific
procedure for removing tumors from the tongue by excising
the portion of the tongue containing cancerous cells with an
electrical or vibratory energy-based device. Precisely maintain-
ing the surgical cutting margin is crucial for OCSCC oncologic
outcomes [4] as excessively narrow margins increase the risk
of recurrence or metastasis. In contrast, overly wide margins
can compromise post-surgical function and quality of life [6].

Manual tumor resection can be challenging for surgeons
when the tumors are situated in a head and neck anatom-
ical site with difficult endoscopic access [7]. Traditional
access to difficult-to-reach areas often requires extensive
open surgeries, which involve significant morbidity, including
disfigurement and functional impairments related to speech
and swallowing [8]. As such, many surgeons instead employ
robotic-assisted techniques to alleviate the challenges associ-
ated with open approaches. Transoral robotic surgery (TORS)
is a contemporary surgical approach increasingly utilized for
resecting OCSCC cancers. This minimally invasive procedure
allows surgeons to precisely remove tumors through the
mouth using robotic systems, which offer finer instrument
control, enhanced visibility, suppression of hand tremors,
higher dexterity, and favorable margin rates [7], [9]. Notable
platforms employed in TORS include the da Vinci Single Port
(SP) system (Intuitive Surgical, Sunnyvale, CA) and the Flex
Robotic System (Medrobotics, Raynham, MA).

As robot-assisted minimally invasive surgery (RAMIS)
continues to gain widespread acceptance and adoption in
clinical practice, there is a growing interest in the potential
for autonomy to further enhance the capabilities of robotic
systems, potentially achieving better surgical outcomes. At
higher levels of autonomy (LoA) system of RAMIS, surgical
robots are capable of efficiently performing tasks with a sub-
stantially reduced dependence on human assistance [10], [11].
First, robots can perform highly precise and repetitive tasks
with minimal variation, which is crucial in tumor resection
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Fig. 1. Autonomous soft tissue electrosurgery: a an experimental robotic
setup, b a 3D tissue tracker computes tissue deformation Dk which is used
by the velocity controller to update the control input vk during electrosurgical
cutting, and c the 3D tissue tracker monitors the extent of tissue deformation
Dk induced by the electrode, and the robot controller uses Dk to reduce tissue
deformation along the cutting path.

surgery for achieving consistent surgical margins to reduce
cancer recurrence rates [12]. Second, the accurate precision
control of robotic systems can lead to smaller, more consistent
margins, enhancing organ-sparing surgeries and improving
post-surgical organ function, recovery, and quality of life [13].
Furthermore, the ongoing shortage of physicians in the United
States is becoming increasingly critical, particularly as the
demand for surgical procedures continues to rise [14]. The
intense workload on physicians can lead to burnout, which
is strongly associated with an increased likelihood of major
medical errors [15]. This situation highlights the importance
of integrating autonomy in surgery, driven by its potential
to reduce human errors often caused by fatigue and lack of
attention [16].

Numerous research demonstrations have showcased the
potential of autonomous robotic cutting on deformable objects
in surgical applications. McKinley et al. developed an inter-
changeable tool system using the da Vinci Research Kit
(dVRK) to autonomously palpate, incise, and remove a sili-
cone rubber tumor embedded in a rubber pad [17]. Liang et al.
achieved online automatic cutting control using a KUKA
arm and a knife on soft foams, employing vision and
force feedback to dynamically estimate unknown parame-
ters of a finite-element deformation model [18]. Similarly,
Han et al. demonstrated autonomous online cutting plan-
ning and execution on chicken breast and porcine livers
using vision feedback to estimate parameters of a spring-
mass-based deformation model [19]. In robotic electrosurgery
research, Opfermann et al. built a multi-degree-of-freedom
electrosurgical tool capable of performing semi-autonomous
electrosurgical incisions on porcine fat, skin, and muscle
tissues [20]. Building on this foundation, subsequent work by
Saeidi et al. and Ge et al. demonstrated near-infrared fluores-
cent marker-guided autonomous electrosurgical incisions on
porcine tongue tissue [21], [22]. Ge et al. further achieved
complex autonomous dual-arm tissue bulk resection on porcine

tongues using an electrosurgical tool and a vacuum grasping
tool [23]. Research in simulation for soft tissue cutting has
also been explored, with Courtecuisse et al. incorporating a
graphics processing unit (GPU)-based real-time tissue cutting
simulation to achieve simulation-based procedural planning for
surgical automation [24]. Scheikl et al. and Faure et al. intro-
duced LapGym, leveraging the Simulation Open Framework
Architecture (SOFA) to develop autonomous robot-assisted
laparoscopic surgery (RALS) through reinforcement learning
on cutting deformable objects [25], [26]. Additionally, a dif-
ferentiable simulation engine, DiSECt, based on the Nvidia
Issac Sim, was proposed to accurately replicate force and
deformation in various real-world cutting experiments on soft
materials [27].

While previous research has demonstrated success in
autonomous soft object cutting, several limitations exist. First,
while simulations are effective for exploring surgical planning,
they often fail to integrate real sensor feedback and fail to
execute patient-specific surgical cutting with the precision nec-
essary to improve patient outcomes [24], [25], [27]. Second,
existing electrosurgical incision studies using animal tissues
often implement preoperative plans with open-loop trajectory
execution (i.e., execute the path blindly without adjustment),
neglecting the dynamic nature of intraoperative tool-tissue
interactions and induced tissue deformations, thereby failing
to adapt the plan in real-time [20], [21], [22], [23]. Third, most
studies use large, general-purpose knives and primarily straight
or near-straight linear cuts, but fail to address the surgical
requirements of cutting along irregularly shaped contours,
which typically cause 3D tissue deformations and deviations
from intended cutting paths [18], [19], [27]. Lastly, much of
the research relies on unrealistic phantom models (e.g., sili-
cone gel, soft foam, cucumber, apple), making the translation
to real soft tissue experiments challenging [17], [18], [27]. In
summary, the lack of real sensor integration capable of track-
ing tissue deformation and providing image-based feedback
motion control for soft tissue cutting prevents prior research
studies from effectively cutting complex shapes in real soft
tissue.

In this study, we developed an autonomous robotic elec-
trosurgery system, shown in Fig. 1.a, capable of markerless
tissue deformation tracking via an RGB-D sensor and image-
based feedback motion control during electrosurgical cuts. Our
main contributions are as follows: First, we developed a 3D
tissue tracker consisting of CoTracker [28] and a kinematics-
based algorithm for mitigation of tool occlusion to estimate
tissue deformation via an RGB-D camera in complex geomet-
rical soft tissue cutting. Second, the tissue deformation was
incorporated into a closed-loop feedback control architecture
for robotic electrosurgery, as shown in Fig. 1.b. The proposed
architecture updates the robot’s control actions via the feed-
back of the 3D tissue tracker, eliminating tissue deformation
during the autonomous electrosurgical cut, shown in Fig. 1.c.
Lastly, we demonstrated system-level implementation of the
autonomous robotic electrosurgical cutting workflow, integrat-
ing online tissue deformation tracking and feedback motion
control to improve contour-cutting results on soft tissue. We
assessed the system’s feasibility through a comparison of
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Fig. 2. Manual workflow of electrosurgery on ex vivo porcine tongue tissue
with a) a cautery pencil used to mark the incision region on b) porcine tongue
tissue, and c) cutting off the tissue with the cautery pencil in the predetermined
region.

autonomous closed-loop electrosurgical cuts on ex vivo porcine
tongues to open-loop cutting strategies. The remainder of this
paper is organized as follows: Section II details the robotic
system and the design of the control methods. Section III
presents the test results of the autonomous system. The results
and limitations are discussed in Section IV, and the paper
concludes in Section V.

II. METHOD

A. Electrosurgical Incision Task

This study focuses on a surgical task: electrosurgical
incision, commonly performed during the glossectomy pro-
cedure [23]. The electrosurgical incision involves a precise
cut breaching the epidermis for diagnostic or therapeutic
intervention via energized tools. Fig. 2 illustrates the workflow
of an electrosurgical incision using a cautery pencil on porcine
tongue tissue. In the clinical procedure of tumor resection,
the surgeon first identifies the approximate tumor location via
a physical examination augmented by pre-operative imaging.
Once identified, the surgeon uses a cautery pencil (Fig. 2.a)
to mark dots on the tissue surface at a certain distance away
from the tumor region (Fig. 2.b). The electrosurgical incision
is performed by tracing the marked dots with a cautery pencil,
vaporizing the tissue at the needle tip. The surgeon uses visual
cues to ensure a precise cutting margin, as shown in Fig. 2.c.

B. Robotic System Setup

The experiment setup is shown in Fig. 1.a. The robotic
system consists of a 7 degrees-of-freedom (DOF) KUKA
LBR Med manipulator (KUKA AG, Augsburg, Germany)
equipped with a customized electrosurgical tool. This tool
includes a 25mm long, and 1mm diameter electrode needle tip,
powered by an electrosurgical generator (ASG-300ESU, DRE
Veterinary, Louisville, Kentucky). An Intel Realsense D405
camera (Intel Corp., Santa Clara, California) was used as an
imaging system with the 3D perception capability of detecting
tissue surface information. Compared to 2D tracking, which
achieves higher frame rates but lacks depth information, 3D
tracking allows for a complete capture of surface geometry,

Fig. 3. Autonomous electrosurgical incision workflow: A trajectory W was
generated via the path planner by using the selected landmarks L, and the
closed-loop robotic cut was performed for each waypoint in W.

Algorithm 1 Autonomous Electrosurgical Incision Workflow
1: L ← NewLandmarks() � Landmark Selection
2: W ← NewPath(L) � Path Planner
3: k = 0
4: while k < W.size() do
5: pk ← W[k]
6: Move(pk, vk) � Motion Planner
7: Dk ← NewDeformation() � Tissue Tracker
8: vk+1 ← UpdateVelocity(Dk) � Velocity Controller
9: Move(pk−1, vk, Dk) � Motion Planner

10: k ← k + 1
11: end while

including depth changes during deformation, resulting in more
accurate and reliable monitoring of the tissue’s response to
applied forces. The D405 camera also provides 2D-3D image
mapping functionality, therefore, the coordinate system of the
3D image can be extracted directly from the pixel location in
2D image space. A hand-to-eye calibration registers the 3D
camera coordinate system onto the robot coordinate system
via a touch-point registration with a checkerboard. The 3D
locations of the target point with respect to the robot frame
were obtained and used by a path planner to guide the robotic
arm.

C. Autonomous Electrosurgical Incision Workflow

Fig. 3 and Algorithm 1 detail the workflow of the
autonomous electrosurgical incision. The user first manually
selects each of the marked dots on the 2D image via a
graphical user interface (GUI), after which the path planner
extracts the corresponding 3D coordinates L to generate a
trajectory W (detailed in Section II-D). We define k ∈ Z

as a counter, which increments with every cut completion
of a trajectory segment in W. The robot system controls the
electrosurgical tip to cut the trajectory segments of W from
steps 4 to 11 in Algorithm 1. The motion planner uses pk

(i.e., current target waypoint) and vk (i.e., planned velocity) to
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Fig. 4. Path planner for robotic electrosurgical cut: a) 2D red landmarks li
were manually specified on the dot locations and green keypoints mi were
generated, and b) 3D yellow waypoints wi ∈ R

3 were computed via Dijkstra
algorithm on tissue surface Ptissue.

update the tip motion. As the robotic motion is executed in
the trajectory segment, the tissue tracker monitors the tissue
deformation Dk (detailed in Section II-E). Upon completing
each trajectory segment, Dk is used to update the velocity
vk+1 (detailed in Section II-F) in the next iteration, serving
as the next control input. In addition, the motion planner
issues relative motion with amount Dk from pk toward pk−1
to alleviate the tissue deformation.

D. Path Planner

The goal of the path planner is to generate a trajectory that
connects each marked dot in 3D, shown in Fig. 2.b. A contour
was first drawn on the tissue surface with a predefined pattern
representing a pseudo-tumor region (as shown in Fig. 2.b). A
set of landmarks L (red markers in Fig. 4.a), containing li ∈
R

2, was manually specified by the user on the 2D image. In
this study, ten landmarks were marked based on the pattern
size and surgeon’s prior experience [23]. The order of li was
defined as starting from the image top-mid landmark and
increasing sequentially in a counter-clockwise direction. A set
of keypoints M (green markers in Fig. 4.a), containing mi ∈
R

2, was generated by the path planner via Eq. (1) and (2)

l̄ = 1

n

n∑

i=1

li (1)

mi = l̄ +
(
li − l̄

)

||li − l̄||2
· (||li − l̄||2 + d

)
(2)

where l̄ ∈ R
2 is the centroid location of L, d ∈ Z is a pixel

offset, and ‖ ‖2 denotes as Euclidean norm. In this study, d
was set to 5. The point cloud of the target tissue is denoted
as Ptissue which was generated via the Intel Realsense D405
camera. The 3D location of li and mi are denoted as pli ∈ R

3

and pmi ∈ R
3, respectively. The Dijkstra algorithm [29] was

utilized to compute trajectories on Ptissue from pl1 to pl10 . An
equal-spacing algorithm was applied to downsample the path
with an equally spaced waypoint wi ∈ R

3 within the trajectory
W shown in Fig. 4.b.

E. 3D Tissue Tracker

Markerless tissue tracking is a technique for monitoring
tissue motion without the need for implanted or external

Fig. 5. Tool occlusion algorithm: a) pebase and petip are defined on the
electrode, and b) the projection of pebase and petip on the camera 2D view
determines whether mi is occluded by the electrode.

markers, offering significant benefits in intra-operative surgi-
cal applications. Recent years have seen significant research
interest in soft tissue tracking driven by advancements in
deep learning technologies [30], [31], [32]. However, these
approaches often come with challenges, such as the need for
large, labeled datasets and high computational demands. One
solution to these challenges is CoTracker [28], a markerless
tracking method that leverages a combination of optical and
deep learning techniques to improve accuracy and reliability
in tracking. CoTracker is a transformer-based model capable
of tracking a group of pixel points in a frame across an
image sequence [28]. A major strength of CoTracker is its
flexibility, as it can dynamically track arbitrary points selected
at any location and time during the procedure, making it
well-suited for the autonomous workflow of robotic elec-
trosurgery. Another key advantage is that CoTracker is a
pre-trained deep neural network, meaning it does not require
extensive additional datasets for retraining or fine-tuning in
new environments. Therefore, in this study, we developed
a tissue tracker for autonomous electrosurgical cutting by
integrating CoTracker to achieve online markerless tracking of
the location change of M (green markers in Fig. 4.a) in image
frames. The tissue tracker streams images directly from the
RGB-D camera for online tracking M, using n image frames
from timestamp k − n to k, where k is the timestamp and n
was set to 8 to maximize the tracking update rate.

A potential limitation of the tissue tracker is that CoTracker
can fail to track points that remain occluded for multiple
sliding windows [28]. To address this, we developed additional
occlusion handling for the tissue tracker to ensure continuous
tracking during the cutting process. We defined the tip and
base location of the electrode, shown in Fig. 5.a, as petip ∈ R

3

and pebase ∈ R
3 with respect to robot coordinates. Fig. 5.b

illustrates the concept of algorithm. Since the camera was
registered to the robot coordinate system via hand-eye cali-
bration, both petip and pebase were transformed into etip ∈ R

2

and ebase ∈ R
2 in the camera frame, respectively. Given ebase

and etip in the camera scene, we defined a linear function
f representing the line connecting these points. Moreover, a
linear function h was defined orthogonal to f passing through
ebase. A parameter, gmi , specifies the side of h on which
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Fig. 6. Illustration of: a) mono-polar electrosurgical cutting; b) the design of a SISO fuzzy logic controller with three membership functions; and c) the
controller’s input-output characteristics with the normalized tissue deformation input (Dk) and normalized robot velocity output (v).

a keypoint mi is located. For example, in Fig. 5.b, gm1 for
keypoint m1 belongs to Gbase, while gm4 for keypoint m4
belongs to Gtip. An orthogonal distance from each mi to f was
defined as dmi,orth via Eq. (3)

dmi,orth = ||vmi − vl · vmi

vl · vl
vl||2 (3)

where for gmi ∈ Gbase, let vl ∈ R
2 be the vector from etip

to ebase, and vmi ∈ R
2 be the vector from etip to mi. The

Euclidean norm is denoted by ‖ ‖2. If gmi ∈ Gtip, vl is defined
as the vector from ebase to etip, and vmi is the vector from
ebase to mi. Additionally, for gmi ∈ Gtip, the projection distance
dmi,proj is computed via Eq. (4).

dmi,proj = ||vl · vmi

vl · vl
vl||2 (4)

Once dmi,proj and dmi,orth were computed, threshold ρbase

and ρtip were defined to determine if mi was occluded by the
cautery tool in the scene using Eq. (5).

Omi =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

True, dmi,orth < ρbase,

mi ∈ Gbase

True, dmi,orth < ρtip,

dmi,proj < ||vl||2,

mi ∈ Gtip

False, otherwise

(5)

Examples (m1, m2, m3, and m4) are illustrated in Fig. 5.b.
Since m1 ∈ Gbase and dm1,orth < ρbase, m1 is considered
occluded by the tool (Om1 = True). Next, since m2 ∈ Gtip

and dm2,orth < ρtip, m2 is not considered occluded by the tool
(Om2 = False). For m3 and m4, both keypoints are in Gtip and
satisfy dmi,orth < ρtip. However, m3 does not satisfy dmi,proj <

||vl||2; therefore, m3 is not occluded (Om3 = False), but m4
is considered occluded (Om4 = True). In this study, ρbase was
set to 200 and ρtip was set to 20, with an added offset to
account for potential errors in hand-eye calibration, ensuring
the algorithm functions correctly.

The tissue tracker computed the tissue deformation Dk by
estimating the spatial change of the keypoints near the tip. The
tracker computed 3D coordinates of pmi by finding the closest
projected tissue point cloud to the 2D location of the tracked
keypoint mi, given intrinsic and extrinsic camera parameters.

We defined Q as the subset of M where mi ∈ Q satisfied Omi =
False. Finally, the tracker computed the tissue deformation Dk

as the mean position change of n keypoints mi ∈ Q closest to
the tip at timestamp k, via Eq. (6)

Dk = 1

n

n∑

i=1

‖pk
mi

− pk−1
mi

‖2 (6)

where n was set to 5 in this study.

F. Velocity Controller Design

During mono-polar electrosurgical cutting illustrated in
Fig. 6.a, three control parameters influence the level of tissue
deformation: the electrosurgery power level (current applied),
the cutting depth (electrode insertion depth), and the elec-
trode’s velocity (v). For instance, a high power level with
low velocity and shallow cutting depth causes the electrode
to vaporize surrounding tissue quickly, resulting in minimal
tissue contact force and low deformation. In contrast, a low
power level with high velocity might not provide sufficient
energy to burn the tissue, leading to higher contact force and
significant tissue deformation. In this study, because the power
level was fixed and the robot maintained accurate cutting
depth [21], tissue deformation was primarily controlled by
adjusting the velocity (v). This approach is similar to computer
numerical control (CNC) milling, where feedback control reg-
ulates the contact force to ensure machining quality [33], [34].

The controller design for our autonomous system aims to
adjust the needle velocity using feedback from tissue deforma-
tion during electrosurgical cuts. One of the primary challenges
in modern and classical control systems is the difficulty of
developing an accurate mathematical model of soft tissue
behavior. Soft tissues are highly susceptible to deformation and
displacement caused by factors such as breathing, heartbeat,
and patient movement [35]. These inherent variabilities make
it challenging to implement classical control techniques effec-
tively during surgical procedures, as these methods typically
rely on well-defined mathematical models of the system’s
dynamics [36]. In traditional electrosurgery, surgeons rely
heavily on their experience and expertise to intuitively adjust
their technique. For example, when they encounter increased
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tissue deformation, they instinctively slow down the cutting
motion to maintain precision, and conversely, speed up when
deformation is minimal. This intuitive approach demonstrates
that successful control in surgery can be achieved even when
a precise mathematical model is not available. In this context,
fuzzy logic control offers a potential solution. The fuzzy
control method [37] allows the integration of prior experience
and knowledge into the control process, making it highly effec-
tive for complex procedures where humans have historically
succeeded without the need for a precise system model. By
leveraging fuzzy logic, we can emulate the decision-making
process surgeons use to adapt to varying tissue conditions and
deformation levels.

In this study, we implemented a single-input single-output
(SISO) fuzzy logic controller [36] to modulate the velocity for
robotic electrosurgical cuts. The controller was designed using
the MATLAB fuzzy logic toolbox (MathWorks, Natick, MA),
and features three fuzzy sets with bell-shaped membership
functions (MF) for both input and output, as illustrated in
Fig. 6.b. The x-axis represents a normalized variable (e.g.,
deformation or velocity), and the y-axis represents the mem-
bership degree. The controller uses the deformation Dk as
input to determine the membership degree for each input
function. These degrees are used to fill the area under the
corresponding output membership functions. The controller
output (v) is computed by finding the centroid of the filled
union area of output membership functions. Fig. 6.c illustrates
the output surface of the velocity controller, which receives
the normalized tissue deformation as input and generates the
corresponding normalized velocity as output. This control
architecture requires parameters that define the range of the
deformation (i.e., Dmin and Dmax) mapped to the corresponding
range of velocity (i.e., vmin and vmax). The input-output char-
acteristics of the controller emulate typical surgeon responses
to visual cues during the cutting process: increased tissue
deformation results in a reduction of cutting speed, while
decreased deformation leads to faster motion. Deformations
within the range of 0.4 to 0.6 are designed to be mapped
to a constant velocity output. This is because the electrode
naturally induces certain tissue deformation during the cutting
process and as long as deformation remains moderate and sta-
ble, the controller maintains a consistent velocity in the robotic
motion, ensuring cutting efficiency. The values for vmin, vmax,
Dmin, and Dmax were determined through experiments detailed
in Section III-B.

G. Software Architecture

We extended the software architecture of the Autonomous
Surgery Interface (ASI) [38] for autonomous robotic electro-
surgery. The ASI includes a kernel, a GUI, and peripheral
components, enabling operators to perform cutting workflows
in both autonomous and manual modes. In our experiment,
the cutting workflow was programmed through the GUI
using a customized robot programming language, with the
kernel sequentially interpreting commands to determine which
peripheral component executes each action. Three software
components developed in this study—3D tissue tracker, path

Fig. 7. Experimental setup to a) evaluate markerless soft tissue tracker with
ex vivo porcine tongue with b) three tissue patterns for closed-loop robotic
experiments, and c) evaluate cutting-margin accuracy in 3D via RGB-D
camera.

planner, and velocity controller—were integrated with the
kernel using a distributed infrastructure via Robot Operating
System (ROS) [39]. The 3D tissue tracker ran on a Nvidia RTX
2080 Ti (Nvidia Corp., Santa Clara, California). The motion
module of ASI utilized MoveIt! [40] and the Pilz industrial
motion planner to generate point-to-point and linear motion
waypoints. A joint trajectory controller in position control
mode [41] interpolated these waypoints into smooth trajec-
tories. At the low-level layer, components of the OROCOS
real-time toolkit (RTT) [42] were deployed to achieve real-
time control, and the Fast Research Interface (FRI) [43]
was used to synchronize commands with the KUKA driver,
controlling the motion of the robotic arm.

III. EXPERIMENTAL RESULTS

The hypothesis of this study is that the designed closed-loop
autonomous control workflow will enhance robotic cutting
precision, resulting in more accurate incision margins. To
test this hypothesis, we conducted systematic experiments
via 1) evaluation of the 3D tissue tracker, 2) identification
of parameters for the velocity controller, and 3) assessment
through autonomous robotic electrosurgical cutting experi-
ments.

A. Markerless Tissue Tracking

We first evaluated the online tracking performance of the
3D tissue tracker using ex vivo porcine tongue tissue in a
robotic setup, as shown in Fig. 7.a. The tissue was placed on
a rigid acrylic plate attached to the robot arm, which moved
at a constant translational motion in Cartesian space. The
translational distance was set to 3mm, ensuring all tracked
keypoints remained within the region of interest (ROI). The
ROI was defined as 416 x 390 pixels. A stationary D405
camera, positioned 10cm from the tissue, satisfied the min-
imum sensing distance of the 3D camera. Tissue patterns,
shown in Fig. 7.b, were drawn on the tongue surface, and the
3D tracker tracked the locations of M. The tracked positions
were recorded and compared to the ground-truth motion of the
robot.
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Fig. 8. Tracking results of moving measurement in 3D from initial keypoints
(i.e., red spheres) to final tracked positions (i.e., green spheres).

Fig. 8 shows the tracking accuracy of the 3D markerless
tracker with the tissue moving 3mm in Cartesian space relative
to the robot coordinate system. Ten keypoints (initial positions
shown in red spheres) were tracked, and their final positions
(green spheres) were recorded in the camera frame. The
tracking measurement was defined as the average Euclidean
distance between the initial and final positions of the key-
points. The table summarizes the measurements for tissue
motion along each axis, with the total average motion recorded
as 2.68 ± 0.45mm.

B. Parameters Identification of Velocity Controller

The velocity controller for autonomous electrosurgical cut-
ting, described in Section II-F, requires parameters vmin, vmax,
Dmin, and Dmax. The cutting power was at 20 watts and the
cutting depth was set at 5mm, consistent with prior robotic
experiments [21]. In previous experiments, the robot motion
velocity of around 2mm/s was sufficient for cutting, but at
velocities above 3.5mm/s, with a power level of 20 watts and
a cutting depth of 5mm, tissue vaporization was ineffective.
This led to significant tissue bulging and needle electrode
bending, ultimately failing to complete the contour cutting.
Therefore, in this study, vmin and vmax were set to 1.5mm/s
and 3.5mm/s, respectively. To accurately determine Dmin and
Dmax, we conducted a controlled set of robotic electrosurgical
cuts on porcine tongues. These cuts were performed using
the minimum and maximum cutting speeds, vmin and vmax,
to capture tissue response under different velocity conditions.
When cutting, two keypoints specified on both sides of the
cut path were tracked by the 3D tissue tracker, and the path
length matched the waypoint segment spacing described in
Section II-D. Using a 3D tissue tracker, we measured the
average deformation D corresponding to the cutting velocity
v. In this study, Dmin and Dmax were determined to be 0.45mm
and 4.1mm, respectively.

C. Autonomous Robotic Electrosurgical Cut

The proposed robotic system performed an autonomous
closed-loop electrosurgical cut on porcine tongue tissue. The
workflow outlined in Algorithm 1 was used, with the cutting
depth and power settings matching those in Section III-B.
Three cutting patterns were tested, as shown in Fig. 7.b,
with an ideal cutting margin of 5mm between the pre-
defined landmark and the pseudo-tumor contour (reference
contour). Ten landmarks were marked on the porcine tongue
tissue using transparent plastic sheets and designated as L in

the autonomous workflow. The cutting results were evalu-
ated by measuring the cutting margin, defined as the 3D
Euclidean distance between the reference contour and the
actual cutting trajectory. To obtain these measurements, a top-
view snapshot was taken for each sample using an RGB-D
camera, followed by a comparison of the reference contour
and cutting path in 3D, as shown in Fig. 7.c. Additionally,
autonomous open-loop electrosurgical cuts were performed
on the porcine tongue tissue, with a constant velocity vmax

set for trajectory execution (i.e., the autonomous workflow in
Algorithm 1 without steps 7, 8, and 9). The cutting margins
from the closed-loop and open-loop experiments were com-
pared to evaluate accuracy relative to the ideal cutting margin
of 5mm.

We calculated the errors for each cutting margin rela-
tive to the ideal cutting margin of 5mm. In this study, a
cutting margin with a relative error within −5.0mm was
considered a negative margin, while a cutting margin with
a relative error beyond −5.0mm was considered a positive
margin. This study further examined the risks associated
with excessively close margins, which, according to the
literature [6], may negatively affect local recurrence rates
and disease-free survival (DFS). Clinical research indicated a
negative margin cutoff of 2.2mm as prognostic of diminished
DFS [6], [44]. Therefore, cutting margin errors from −2.8mm
to −5.0mm resulted in excessively close margins. These
margins may contain undetectable microscopic tumor cells,
increasing the risk of false negative assessments and reducing
DFS.

The robotic system performed six autonomous closed-loop
electrosurgical cuts on porcine tongues, with two cutting
results for each tissue pattern. In addition, three open-loop
robotic cuts were conducted using the same experimen-
tal setup, with one cutting result for each of the three
tissue patterns. Fig. 9.a shows snapshots of a closed-loop
robotic cut, incorporating feedback on tissue deformation
and velocity control. In the cutting scenes, pink circles
represent the keypoints tracked by the 3D tissue tracker,
with blue overlaid circles highlighting the keypoints closest
to the tip used to compute deformation, and red overlaid
circles indicating occluded keypoints. Representative closed-
loop cutting samples are shown in Fig. 9.b, compared to
open-loop cutting samples in Fig. 9.c. Fig. 9.d compares the
cutting margins between closed-loop and open-loop results.
The cutting margins are plotted in the counter-clockwise
angle unit, with bold lines representing the average cutting
margin and shaded areas representing the margin range. All
closed-loop and open-loop electrosurgical cuts were successful
with negative margins. In six closed-loop experiments, the
average error from the 5mm target was 0.54 ± 0.35mm,
while in three open-loop experiments, the average error
was 1.2 ± 0.88mm. Two-sample t-tests indicated a signif-
icant improvement in cutting margin with the closed-loop
strategy (p < 0.001). Moreover, Fig. 9.d shows the closed-
loop strategy reduces the risk of excessively close margins,
while the open-loop results include cutting margins less than
2.2mm, a threshold associated with poorer DFS, as indicated
in [6], [44].
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Fig. 9. Experiment results of the robotic autonomous electrosurgical cuts with a) process scenes with each corresponding tissue deformation and control
input, b) closed-loop results, c) open-loop result, and d) cutting margin of closed-loop (N=6) and three open-loop (N=3) results measured w.r.t. reference
contour (i.e., dash line on tissue surface).

IV. DISCUSSION

The proposed autonomous robotic system demonstrates
a 55% reduction in average cutting error (from 1.2mm to
0.54mm) in electrosurgical cuts on soft tissue. This enhance-
ment is primarily attributed to the integration of markerless
tissue tracking and closed-loop motion control, which are
essential for dynamically adjusting the robot’s actions based
on tissue deformation, thereby achieving more precise cut-
ting results. Without the closed-loop feedback, the open-loop
control mode failed to maintain an accurate cutting margin,
especially in the angular range between 180◦ and 270◦ during
the resection process (as illustrated in Fig. 9.d). This issue
occurs after completing an incision from 0◦ to 180◦ as the
remaining tissue segment becomes more prone to deformation.
This is primarily due to the reduced mechanical constraint
on the tissue after part of it has been excised (i.e., after
completing an incision from 0◦ to 180◦). As a result, the
tissue’s natural elasticity causes it to deform, and without
a feedback mechanism to correct robot actions, the cutting
margin can deviate significantly from the intended cutting
path.

In open-loop control scenarios, one way to mitigate tissue
deformation is by either increasing the electrosurgical power
level—delivering more current to vaporize the tissue—or by
maintaining a constant, low velocity during the cut. While
both of these strategies can help preserve cutting accu-
racy to some extent, they come with a notable downside.
Elevating the power level or maintaining a low velocity
can concentrate excessive thermal energy on the surrounding
tissue. This excess energy may lead to undesirable ther-
mal damage, potentially causing necrosis or other forms
of tissue injury, which could impair healing or result in
other complications post-surgery [5], [45]. To address this
issue in the current study, the robotic system was designed
to modulate its motion in response to tissue deformation,
rather than relying solely on predefined motion parameters.

By doing so, the robot was able to maintain a better cut-
ting contour without the need to reduce cutting velocity
drastically, thereby minimizing the risk of thermal damage
while improving precision. One promising direction in future
work to mitigate thermal injury is the integration of ther-
mal imaging feedback [46], [47] into the control loop. By
leveraging thermal data, robotic systems could achieve better
regulation of tissue temperature and minimize the risk of
overheating or unintended thermal damage during soft tissue
electrosurgery.

While the results are promising, there are limitations to
the current system. One key challenge is the relatively low
tracking rate of the 3D tissue tracker, which averaged 2.9
frames per second. The slow tracking speed compromises the
tracking accuracy during rapid robot motion by failing to
capture tissue deformations in real time, making the tracker
unsuitable for practical clinical use. The tracking rate could
be improved with more advanced hardware, such as a more
powerful GPU and a higher frame-rate camera, enabling faster
and more accurate tissue deformation tracking and quicker
robotic responses in the surgical environment. Next, the veloc-
ity controller parameters were designed for this experimental
setup and may require fine-tuning for other soft tissue cutting
applications. This highlights the need for more flexible and
adaptable control algorithms that can accommodate a wide
range of surgical applications without requiring extensive
parameter tuning. Additionally, the tool occlusion algorithm
within the tissue tracker relies on accurate robot kinematics
and precise hand-eye calibration. If there are errors in the robot
calibration or kinematic model, the tool-occlusion algorithm
could fail and the tracking performance would be significantly
compromised. Therefore, developing an algorithm that directly
segments surgical instruments using only image streams,
without reliance on robot kinematics, presents a highly
effective approach. Prior research has summarized success-
ful and promising results on instrument tracking [48], [49],

Authorized licensed use limited to: Johns Hopkins University. Downloaded on October 22,2025 at 14:13:45 UTC from IEEE Xplore.  Restrictions apply. 



KAM et al.: AUTONOMOUS CLOSED-LOOP CONTROL FOR ROBOTIC SOFT TISSUE ELECTROSURGERY 1049

employing techniques ranging from biocompatible colour
marker [50], sim-to-real approach [51], and deep convolu-
tional neural networks [52], [53], [54], [55]. Recently, the
Segment Anything Model 2 (SAM2) framework [56] has
shown superior advancements in surgical image and video
segmentation [57] followed by Surgical SAM 2 (SurgSAM-2)
for real-time intra-operative instrument segmentation [58].

Future testing on an in vivo model is needed to validate
the applicability of the proposed method. Several challenges
are expected when transitioning from the ex vivo setup to
the in vivo setting. First, the presence of bleeding could
compromise the tracking performance when the tissue surface
is covered with blood. Therefore, developing control strategies
that dynamically alternate between cutting and coagulation
is essential to address this challenge. Second, sudden and
involuntary tongue movements triggered by nerve stimulation
during electrosurgery are expected. To address this, a new
tracking strategy is needed to decouple deformation from
the tongue movements during the cutting process. Third,
advanced planning algorithms are needed to predict changes
in the tumor’s shape and boundaries using preoperative imag-
ing, enabling precise path adjustments during the procedure.
Moreover, additional mechanical enhancements to the existing
robotic system are required, such as incorporating extra DOFs
near the electrode tip to improve maneuverability. Next, the
narrow workspace in the oral cavity introduces complexities
to the robotic setup, such as achieving accurate hand-eye
calibration, ensuring uniform lighting conditions to the tissue,
maintaining a clear camera viewpoint, etc. Lastly, to overcome
more complex resections at in vivo scenarios requiring tissue
manipulation, a deep learning-based planning framework [59]
offers a potential solution, enabling robots to learn and execute
surgical tasks through imitation learning.

V. CONCLUSION

We developed an autonomous system for closed-loop
robotic electrosurgical cutting utilizing soft tissue tracking and
motion planning techniques. The system includes a 3D soft
tissue tracker, integrated with CoTracker, to enable online
markerless tracking of soft tissue, complemented by a tool
occlusion algorithm that leverages robot kinematics. Moreover,
we implemented a fuzzy logic-based velocity controller that
adjusts the robotic cutting speed based on tracking feedback
from the tissue tracker. The proposed autonomous workflow
and system were evaluated through robotic electrosurgical
experiments on ex vivo porcine tongue tissue, demonstrating
the techniques’ feasibility and improved cutting accuracy. The
results showed more precise resection margins compared to
open-loop electrosurgical incisions. Future work will focus
on enhancing the performance of the markerless tracker in
more complex scenes and integrating tool-tracking techniques
to broaden the applicability of robotic instruments.
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