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Abstract— Inaccurate tool localization is one of the main rea-
sons for failures in automating surgical tasks. Imprecise robot
kinematics and noisy observations caused by the poor visual
acuity of an endoscopic camera make tool tracking challenging.
Previous works in surgical automation adopt environment-
specific setups or hard-coded strategies instead of explicitly
considering motion and observation uncertainty of tool track-
ing in their policies. In this work, we present SURESTEP,
an uncertainty-aware trajectory optimization framework for
robust surgical automation. We model the uncertainty in tool
tracking by considering noise sources that are typical in surgical
environments. Using a Gaussian assumption to propagate our
uncertainty models through a given tool trajectory, SURESTEP
provides a general framework that minimizes the upper bound
on the entropy of the final estimated tool distribution. We
showcase our method by performing the first-ever, to our
knowledge, needle regrasping with a moving endoscopic cam-
era. We compare SURESTEP with a baseline method on a
real-world suture needle regrasping task under challenging
environmental conditions, such as poor lighting and a moving
endoscopic camera. The results over 60 regrasps on the da
Vinci Research Kit (dVRK) demonstrate that our optimized
trajectories significantly outperform the un-optimized baseline.

I. INTRODUCTION

Surgical automation can potentially revolutionize the con-
sistency and accessibility of healthcare. Automating routine
tasks during minimally invasive surgeries (MIS) can help
reduce a surgeon’s fatigue [1]. In addition, automation of
standard procedures can help bring surgeries to underpriv-
ileged areas that lack medical expertise [2]. Over the past
decade, research on automating surgical subtasks has been
done on robotic platforms such as the da Vinci Research Kit
(dVRK) [3], including suturing [4]-[7], blood suction [8],
[9], and tissue dissection [10].

The perception and localization of surgical tools is key to
successful surgical automation. In MIS, this is primarily done
through an endoscopic camera. Prior work such as [11]-
[14] focuses on accurately tracking the pose of surgical tools
from endoscopic images. Automation work such as [15]-[17]
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Fig. 1: Visualization of the baseline’s (top) and SURESTEP’s
(bottom) trajectories on the dVRK. The first patient side
manipulator (PSM 1) moves along a trajectory (red-dot
arrows) to regrasp the needle held in PSM 2. The PSMs
and the needle are tracked using an endoscopic camera
manipulator (ECM). In our experiments, the ECM also
moves along a given trajectory (green-dot arrows), adding
extra noise to tool tracking. The baseline trajectory fails
to regrasp the needle due to significant tracking noise.
SURESTEP considers motion and observation uncertainty
during trajectory optimization, improving tool tracking and
achieving successful regrasps.

relies on good pose estimation as inputs to execute policies.
Thus, automation often fails when poor views of tools
prevent the detection of distinguishable features and hinder
accurate pose estimation. These poor views are the result
of edge distortions, dim lighting, and a lack of sharpness
stemming from the endoscopic camera’s poor visual acuity.
In addition, while robot kinematics aid in tracking, surgical
robots are particularly prone to the effects of cable stretch
and hysteresis [18], [19] that severely degrade accuracy when
using kinematics. These factors make pose estimation in
surgical scenes particularly challenging.
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To tackle visual challenges, past automation approaches
introduce specific setups or policies for better tool visibility.
For example, [15] requires a calibrated 3D checkerboard
workspace to pick up suture needles successfully. [17] moves
the suture needle to a fixed home position and performs
preset rotation policies until the needle is localized enough.
This policy is specific to free-space regrasping and only
applies to a suture needle instead of other surgical tools.

Another line of research has looked into automating the
endoscopic camera’s movement for good visibility [20]-[22].
These works generate camera motions that make surgical
tools appear at the center of the field of view (FOV). While
we incorporate a similar strategy in our framework, these
approaches do not consider adjusting the tool’s trajectory for
better visibility. Furthermore, we consider the scenario where
there is no control of the camera’s motion, such as shared
autonomy. Nevertheless, our framework can also be used to
optimize the camera’s motion for enhanced tool visibility.

In this work, we introduce Surgical Uncertainty-
aware Robust EStimation TrajEctory optimization Protocol
(SURESTEP), a framework for uncertainty-aware trajectory
optimization that leads to robust surgical task automation
through enhanced tool tracking. Our approach optimizes any
trajectory outputted from an existing policy so that it is
robust to the motion and observation uncertainty of surgical
tools commonly encountered during surgeries. We propose
different components that model the sources of motion and
observation uncertainties. Moreover, we propose an objective
function that minimizes the uncertainty of the estimated
tool pose after propagating the motion and observation
uncertainty in the belief space. We show that this objective
function minimizes the upper bound on the entropy of the
tracked surgical state distribution at the end of the trajectory.

We apply SURESTEP to a real-world suture needle re-
grasping task [16], [17], which requires accurate pose track-
ing of the surgical manipulators and needles. We showcase
that SURESTEP largely improves the success rate of needle
regrasping on the dVRK, even under adverse conditions, such
as when one arm is initially out of the FOV, the initial needle
is poorly visible, or when the endoscopic camera moves
(which causes a large amount of motion noise in tool track-
ing). Our method even enabled a successful double needle
handoff under the challenges posed by multiple endoscopic
camera motions. A visualization of non-optimized and our
optimized trajectories are shown in Fig. 1. To the best of
our knowledge, this is the first work demonstrating successful
surgical task automation under a moving endoscopic camera.

II. RELATED WORKS
A. Surgical Task Automation

In recent years, researchers have looked into automat-
ing different surgical procedures, including needle regrasp-
ing [16], [17], needle picking, insertion, or pulling [15],
[23]-[25], suturing [4]-[7], blood suction [8], and vascular
shunt insertion [26]. However, the methods to automate these
procedures usually do not consider uncertainty in surgical
tool localization. Without taking uncertainty into account,

deploying these methods in real-world environments requires
the robot to always stay at the center of the FOV, run
in highly controllable environments, or follow hand-crafted
trajectories to make the tools clearly visible in images.
In [17], the authors design a suture needle acquisition stage,
in which the surgical manipulator moves to a fixed home
pose to present the whole needle to the camera with a fixed
policy. SURESTEP results in a similar strategy for suture
needle regrasping by explicitly considering the uncertainty of
the needle’s pose. However, our framework can be flexibly
used with various surgical tools and considers diverse sources
of uncertainty in surgical scenes.

B. Planning and Control under Uncertainty

Several works have considered the influence of uncertainty
arising from the motion and observation models in state
tracking. LQG-MP [27] evaluates a set of trajectories by
propagating Gaussian uncertainty through each trajectory
using an extended Kalman filter (EKF) and outputs the one
with the least probability of failing. [28] formulates their
planning-under-uncertainty problem as a Partially Observ-
able Markov Decision Process (POMDP) and finds a locally
optimal path by iteratively optimizing a linear control policy
over the belief space. POMCPOW [29] solves the POMDP
problem in a one-dimensional space with continuous actions
and observations, where the robot aims to reach the goal un-
der motion and observation noise. How uncertainty evolves
throughout a trajectory is also a main focus of research in
mobile robotics [30], [31]. Nonetheless, these techniques of
planning under uncertainty have yet to address the challenges
in surgical task automation. We provide a trajectory opti-
mization framework to minimize the uncertainties in surgical
tool tracking. We jointly consider the sources of uncertainty
in surgical scenes that were separately observed in former
literature [11]-[14], [20]-[22], [32]-[38], but not addressed
together, to improve surgical task automation.

III. METHODOLOGY

We formulate the problem to optimize a given robot tra-
jectory under uncertainty to minimize the expected distance
between the final robot state and the desired goal. This
formulation can be written explicitly as:

argmin [E {HXT — XGHE}
up.T

st Xy = m(Xp—1, Wp—1, Wi—1) (1)
zy = h(x¢, vy)
Efxr] = x¢

u;.7 is the robot control throughout the trajectory, z.r
are the observations of the robot, and x;.; are the robot
states. The robot states are random variables with X1 as
the final state with distribution P(xr|ui.7,21.7), and x&
is the desired goal state. m(:),h(:) are the motion and
observation models, and wi.7, vy, are stochastic noise
in the motion and observation models respectively. Our
objective is expected L2 minimization of the robot state at
T from a given goal x©. Since we consider the desired goal
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to be known, we ensure the final robot state is unbiased
around the goal by imposing the constraint, E[xr] = x. In
the coming subsections, we cover the optimization details,
including how to estimate the distribution of the robot state
at time ¢, P(x¢|uy.¢, 21.¢), through an EKF using motion and
observation models designed for surgical tools.

A. Modeling Surgical Robot State Estimation

A robot state in this work refers to the pose of the surgical
tool being tracked. The robot state, x; = (x},x?), is a
Gaussian random variable, where Xf is the position, and
x{ is the axis-angle orientation of the surgical tool. We
assume that our motion and observation models, m, h, are
locally linearizable and the motion and observation noise,
wy, v can be modeled with zero mean multivariate Gaussian
distributions: w; ~ AN(0, W}),v; ~ N (0, V;). Using these
assumptions, we can model the evolution of P(x;|uy.¢, Z1.¢)
through the trajectory using an EKF. The predict step of the
EKF models the evolution of our distribution after an action:

Fepipe = m(pyes ue, 0)

(2
DIV tht\tFtT + QW Q/

where F; = 9% (g1, 1;,0), Q = 2 (114, u;,0), and W,
is the covariance of the motion noise at time ¢. The update
step models how our distribution changes with an observation
of the true state:

Figierr = Heprpe + Keg1e(ze1 — h(pgap, 0))
DIEIVRIE N B (CUETH = FENIF)
Ko = S B (Hen Do HY o+ Rt+1vt+1R;(rJ§)1)
where Hiy S (131115 0), Riga 98 (bys116, 0),
Zi+1 = h(X¢11,Vey1) is an observation with noise viiq ~
N(0,Vi1), and K1) is referred to as the Kalman Gain.
The EKF provides a deterministic model of the belief
dynamics, i.e., how our mean and covariance will evolve over
a trajectory. We can use this model to evaluate and optimize a
trajectory. When the predict and update steps in Equations (2)
and (3) propagate the distribution forward, we assume that
Xip1 = m(uﬂt, u,, 0). We also assume maximum-likelihood
observations [39], which are sampled at the current mean
estimate of the robot state, i.e., zi11 = (41}, 0). This
allows us to directly compute the expected distribution of
the final robot state, x7 ~ N(;LT|T,ET|T). We use this
deterministic computation to calculate the loss in Equation
(1) and directly optimize our trajectory in the belief space.

B. Motion and Observation Models for Surgical Tools

Tool tracking for surgical subtasks relies on both robot
kinematics as well as visual information from the surgical
endoscope. When designing the motion and observation
models to propagate the belief in the robot state, we should
account for the challenges of tracking surgical tools.

For motion models, we can directly use the robot kine-
matics to model the change in the surgical tool state after
an action. However, joint encoder readings at the motors
do not translate precisely to changes in robot pose due to

Fig. 2: Tracking results on the surgical manipulators and
suture needles from an endoscopic camera using [13], [40],
[41]. The green curves show the tracked tool poses. Each
column highlights a source of observational uncertainty that
impacts tool tracking.

deteriorated kinematics from cable stretch and hysteresis on
cable-driven surgical manipulators [18], [19]. We capture
these effects through the motion noise models.

We separate the motion model noise into position- and
orientation-based components, w; = w + w?, and propose
to model their uncertainty to be proportional to the distance
between waypoints, as larger motions result in greater un-
certainty. The position-based motion noise is sampled from

N0, WP (uy)):

Wi () = ||}y, —xf[; Wi @
where W7 ¥ is a base covariance matrix. The orientation-
based motion noise is sampled from N (0, W?(u;)):

W) = (A7, x7,0))" Wy 5)
A(x?,x?,,) computes the angle difference between the
trajectory waypoints at time ¢ and ¢ + 1. The full pose
motion noise thus becomes: w; = wl(u;) + w?(u;) ~
N (0, W{ (1) + W7 (wy)).

The tool state predicted by the motion model is updated
using observations from the surgical endoscopic camera.
Prior methods extract surgical-tool segmentation or keypoints
from the images as observations to update the current mean
estimate [11]-[14], [36]-[38]. However, these vision-based
detectors can yield poor observations when views of the
surgical tool are far from ideal detection circumstances. We
capture these effects through our observation noise model:
vi(x¢) ~ N (0, Vi(x¢)), which is a function of the state.

Fig. 2 shows how different factors affect surgical tool
detection in endoscopic images. These factors are also sep-
arately discussed in prior work [11]-[14], [20]-[22], [32]-
[38]. Thus, we propose 3 components for the observation
noise: depth-based v¢, field-of-view (FOV) based vf , and
orientation-based observation noise v¢. The final observation
noise is the sum of the individual noise components, i.e.,
vi = vi + v{ + v¢, which are all defined as zero-mean,
multivariate Gaussians. Although here we introduce the
motion and observational uncertainties commonly seen in
surgical scenes, SURESTEP is a general framework within

6955



which the motion and observation models can be extended
to fit diverse surgical tasks, tools, and detection models.

1) Depth-based observation noise: As shown in the first
column of Fig. 2, when the tool is too far from the camera,
poor lighting in combination with the poor visual acuity of
the endoscopic camera can make it hard to detect distinguish-
able features for good pose estimation. Meanwhile, when
the tool is too close to the camera, it is subject to excessive
reflections from the light source attached to the camera. Thus,
the depth-based observation noise is modeled as v{(x;) ~
N(0,V¢(x;)), and the covariance is proportional to the
distance from an ideal detection depth in the camera frame:

Vi(xy) = (d§(x;) — d;)* VP (6)

Here, d{(x;) is the depth of the robot state in the camera
frame at waypoint x;, di is the ideal depth in the camera
frame, and th 0 is the base depth covariance matrix.

2) FOV-based observation noise: The second column in
Fig. 2 shows that the surgical tool’s location in an image
also has a large impact on the detections. An endoscopic
camera’s FOV is narrow, with the edges of the FOV suffering
from large distortions. This makes the detections of the
surgical tool far from the center of the FOV subject to large
noise. Thus, we model the FOV-based observation noise as
vi (%)) ~ N'(0,V/(x,)), and the covariance is proportional
to the distance of the surgical tool from the image’s center:

VI (xe) = [1(xe) = Lll5 V{* ©)

I(x;) is the projection of x; onto the image plane, I. is the
image’s center, and V{ 0 is the base FOV covariance matrix.

3) Orientation-based observation noise: From the third
and fourth columns of Fig. 2, we can see that the de-
tection quality is also dependent on the orientation of
the tool. In some orientations, the tool or its keypoints
can be occluded, worsening the tracking results. Thus, we
model the orientation-based observation noise as v (x;) ~
N(0,V?(x;)), with the covariance proportional to the differ-
ence in angle from a desirable orientation where the features
of the tool are mostly in view:

x¢ - o* 2 0
Vi(x) = (1 -t > vy (8)
[Ix¢lllo*]]
Here, o* is the optimal orientation for detections, and Vf 0
is the base orientation covariance matrix.
C. Optimization

With the motion and observation models and the deter-
ministic belief dynamics of the EKF in Equations (2) and
(3), we have an explicit expression of the final robot state
distribution, x7 ~ N (pp 7, X|7). Thus, the expectation
of the objective function in Equation (1) has a closed-form
expression that we can optimize directly. We derive this
expression by rewriting Equation (1) as

2
E [Jaer —x]f;
— B [xJxr] - 2E[x]]xC +x6Tx¢  ©O)

=E [X}—XT] —x%Tx%

—— SURESTEP
-==- Baseline
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Fig. 3: Trajectories before and after optimization through
SURESTEP. The optimized trajectory demonstrates the ex-
pected behavior of a tool moving closer to the camera and the
center of FOV to reduce tracking uncertainty before returning
to the desired goal pose.

The last equality comes from our constraint, E [x7] = x©,

in Equation (1). We can then use the following relationship
between Tr(X7|7) and E [x;x7], where Tr is the trace:

Tr(Sqyr) = Tr (E [(XT — ) (Xr — “T\T)TD

T T (10)
=K [XTXT] — H7THT|T

Substituting E [x]x7| = Tr(Z77) + N—lT—|TNT\T into Equa-
tion (9), the optimization problem in Equation (1) becomes

arg min Te(Sry7) + ppyppopr — X7 %

uL:T
= arg min Tr(Xp7)
u.rT

(1)

Thus, we minimize the trace of the final covariance matrix.

We can show that this minimization also seeks to decrease
an upper bound on the entropy of the final distribution of
our robot state x7 in the case that the final covariance X7
is positive definite. The entropy of a multivariate Gaussian
distribution is:

H(x)=c+ %ln(|2|) =c+ %Zln(&) (12)

where c is some positive constant, and \; are the eigenvalues
of . Thus, the entropy of the final robot state H(xp) o
In(|Z7r|) + c. Here, we consider positive definite 37
since zero eigenvalues make H (xr) ill defined. Then, we can
show that minimizing the trace of Y77 implies minimizing
an upper bound of the entropy of x7.

We start by showing the relationship between the trace and
log determinant of a positive definite matrix. Let A\; = e?’,

In(|=)) = In (HA) =2 ) =>a (3
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TABLE I: Ablation study results over 100 initial configurations and 50 noisy rollouts for each configuration. The numbers
are relative to the baseline, with lower values indicating better performance.

Position diff.

Orientation diff.

Trace of 3|7 Entropy of xp

Metric mean std mean std noisy max likelihood  noisy max likelihood
Baseline 1 1 1 1 1 1 1 1
SURESTEP (all) 04272  0.5425 0.1747 0.4633  0.1597 0.1819 0.3677 0.5078
SURESTEP (no pose loss)  0.412  0.5205 0.16 0.3622  0.149%4 0.1401 0.3265 0.4311
No depth noise 0.5019  0.553  0.2419 0.4994 0.2188 0.3183 0.5046 0.6658
No FOV noise 0.4743  0.5771  0.2136  0.5098  0.2033 0.246 0.4636 0.6016
No orientation noise 09862 0978  0.8929 0.9425 0.9375 0.9441 0.9723 0.9773

We can substitute \; = e% since \; > 0 if the matrix is
positive definite. From Bernoulli’s inequality, we have e >
1+ z, and thus e” > x. With this, we get:

In(|%|) = Zq < Zeqi

14
In(|B)) <> A =Tr(X) o
Thus, H(x) < ¢+ 3Tr(X).
We solve our optimization problem in Equation (11) using
a gradient-based approach. Given an initial trajectory, we
pass it through the deterministic belief model of EKF and
compute the loss, Tr(Xp7). The gradient-based approach
iteratively modifies the difference between the trajectory’s
waypoints to decrease the loss until convergence. We enforce
the constraint in our optimization, E[xy] = x%, by fixing
the final waypoint in our optimized trajectory to be x“. We
refer to this final action as the clipping action. In addition,
we impose a pose loss to help the optimization converge to
a trajectory where the last action is not too large. Thus, the
final objective function becomes:

Tr(Zp7) + HXI% — XI%_1H2 + A(xF_q,%x7). (15)

Fig. 3 shows a trajectory optimized by SURESTEP.

IV. EXPERIMENTS AND RESULTS

We implement our motion models, observation models,
and EKF using PyTorch [42]. All orientation-related op-
erations are implemented using PyPose [43]. This is done
to ease gradient computation with auto differentiation. For
optimization, we use limited memory BFGS (LBFGS) [44]
to minimize our loss function and let the optimization run for
50 iterations. As is common practice in safety literature [45],
[46], where worst-case bounds on noise and disturbance are
used to provide safety guarantees, we optimize using worst-
case assumptions on noise to ensure improved performance.
The constants used in optimization are as follows: WP:0 =
10731, W0 = 10731, V49 = 107'L, V/0 = 10721, and
Vo0 = 5 x 107%I, where I € R®*X% is the identity matrix.
We use a prior covariance of 10~2I, and empirically set the
optimal depth dj = 0.15. All constants are in meters.

In experiments, SURESTEP optimizes a baseline trajec-
tory, which does not consider uncertainty in state estimation
and can be generated using methods such as sampling-
based motion planners or [16]. In this work, the baseline

is generated through linear interpolation between the start
and goal poses in an obstacle-free environment.

A. Simulation Experiments

We perform an ablation study in simulation to demonstrate
the effects of our proposed uncertainty components and pose
loss from Section III. We compare the baseline, SURESTEP,
and variants of SURESTEP that optimize trajectories by not
considering the effects of some components:

o Baseline: Linear interpolation without optimization.

e SURESTEP (all): Include all components in Section III.

e SURESTEP (no pose loss): Optimize Equation (11)

instead of (15).

e No depth noise: Vi (u;) = 0 in optimization.

e No FOV noise: V{t (ut) = 0 in optimization.

e No orientation noise: V{(u;) = 0 in optimization.
When evaluating the trajectories, we consider all sources
of observation and motion noise, v; ~ AN(0, V), wy ~
N(0,W,). We evaluate the baseline and optimized trajec-
tories on 100 randomly initialized configurations; each of
them is different in the needle or camera pose. These initial
configurations are validated using CoppeliaSim !.

Fig. 3 visualizes trajectories before and after optimization
through SURESTEP. Table I reports the mean and standard
deviation of the positional and orientational distance between
the actual and desired final pose. We also report the trace
and entropy of the final covariance, X, tracked by the
EKF after a noisy rollout and under the maximum-likelihood
assumption [39], i.e., no noise samples. From the tracked
trace and entropy with and without noise, we can see that the
trend observed in the maximum-likelihood case, considered
in optimization, aligns with the trend when noise actively
affects a trajectory. Note that we compare the performance of
all methods relative to the baseline in Table 1. These relative
values are calculated by scaling their original values: ¥ if
y and b are positive, and 1 — % if y and b are negative
(entropy), where y is the un-scaled value of a metric, and b
is the un-scaled value of a baseline’s metric.

The results show that our method, when considering all
sources of observation noise, leads to a lower mean and
standard deviation in the positional and orientational distance
from the desired pose. In addition, our final tracked covari-
ance achieves a smaller trace and entropy. This demonstrates
that by considering uncertainty, we can find trajectories

Thttps://coppeliarobotics.com/
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TABLE II: Success rate for needle regrasping on dVRK

Type 1 2 3 4
Env. Dim ECM ECM
Condition Easy ~ Med.  Hard light moves (1) moves (4)
Baseline 5/10  0/10 0/10  4/10 2/10 0/10
SURESTEP 9/10  9/10 7/10  9/10 8/10 7/10

Baseline

Ideal pose Success

’\-j:

Fig. 4: First-person view of a Type 2 trajectory, in which
the needle arm moves to the regrasping arm. Here, real-
time needle tracking is required to perform a regrasp. Note
that dim lighting makes the visibility conditions challenging,
so needle segmentation often fails. The baseline trajectory
cannot recover from inaccurate needle pose estimation, lead-
ing to a failed regrasp. SURESTEP’s trajectory considers
observational uncertainty and re-orients the needle for better
pose estimation, hence succeeding in regrasping.

=¥
m
=
wn
wm
24
=
wn

that increase our tracking confidence and the precision with
which our trajectory leads to the desired goal.

Omitting different observational uncertainties in optimiza-
tion affects the performance of all metrics. While the results
with no depth noise and no FOV noise are still apparently
better than the baseline, the results with no orientation noise
are only slightly better. Since the solution space of trajecto-
ries is large, without considering one source of uncertainty,
the optimization can generate a trajectory poorly affected by
this unconsidered factor. This indicates the importance of
considering varying uncertainties during optimization.

From Table I, the best results come from when we exclude
the pose loss from the objective function, i.e., optimizing
Equation (11). Without considering the pose loss, the opti-
mization can focus on reducing the trace while allowing the
clipping action to enforce the final pose constraint. Given
enough optimization iterations, the trajectory can converge
smoothly to the goal. However, adding the pose loss in
optimization can give additional benefits: It stabilizes the
output trajectory and ensures that the clipping action stays
reasonably small throughout optimization. Thus, if we are
constrained by time and end the optimization early, the
output trajectory will be good enough for a successful rollout.

B. Real World Experiments

We evaluate the non-optimized and optimized needle-
regrasping trajectories in the real world on a dVRK [3]. A su-
ture needle with a 7mm or 11.5mm radius is initially grasped
in a Large Needle Driver (LND) attached to one of the Patient

Side Manipulator (PSM) arms from the dVRK. We refer to
the PSM arm with a needle as the needle arm and another
PSM arm that performs the regrasping as the regrasping
arm. The PSM arms and suture needles are tracked from the
dVRK’s stereo endoscope using previous methods [13], [40],
[41], which give us the poses of end-effectors and needles in
the camera frame. The stereo endoscope, which is 1080p and
runs at 30 fps, is held by an endoscopic camera manipulator
(ECM). The markerless needle detections are obtained in
real-time using Cutie [47], a video-object segmentation net-
work, with an initial segmentation extracted by the Segment
Anything Model (SAM) [48]. We did not perform further
tuning on these models to fit our environments. The surgical
manipulator and needle tracking algorithms run at 20 fps.

We generated four different types of trajectories:

1) ECM is fixed. The regrasping arm moves to regrasp

while the needle arm is fixed.

2) ECM is fixed. The needle arm moves to regrasp while

the regrasping arm is fixed.

3) ECM moves once at the beginning. Then, the regrasp-

ing arm moves to regrasp while the needle arm is fixed.

4) ECM moves throughout the trajectory. The regrasping

arm moves to regrasp while the needle arm is fixed.

The first two types of trajectories demonstrate that
SURESTEP can optimize the trajectories of different surgical
tools. We emphasize that the third and fourth types of trajec-
tories are commonly seen in manual laparoscopic surgeries
yet are challenging for a robot to perform successfully. In
laparoscopic surgeries, camera assistants frequently follow a
surgeon’s commands to adjust the camera for a better field of
view [49]. However, while moving the camera, a significant
amount of noise will be present in videos due to motion blur
or shaking of the camera manipulator, causing the uncertainty
in state estimation to largely increase.

For all types of trajectories, we first captured one to three
initial configurations of the regrasping arm, the needle arm,
and the needle using the tool- and needle-tracking methods.
Given these initial configurations, we generated the baseline
and our optimized trajectories. Then, for each trajectory, we
ran ten trials to evaluate the robustness of each method.
During the fourth type of trajectory, we re-optimized the
trajectory after each ECM movement. Note that most of the
trajectories we ran are subject to challenging environmental
conditions, e.g., one arm is out of the FOV, the scene is with
dim light, or the ECM moves.

Table II shows a comparison between the success rate
of the baseline and SURESTEP, and Figs. 1, 4, and 5
visualize their trajectories. For Type 1 (easy) trajectories,
the regrasping arm starts outside the FOV and ends at a
desired pose close to the center of the FOV at an ideal
depth. The baseline is still able to achieve 50% success in
this (easy) setting since tracking is more likely to recover
as the arm reaches its goal. We increase the difficulty in
Type 1 (medium) case by moving the desired pose towards
the edges of the FOV. Type 1 (hard) further adds to the
challenge with dim lighting. In both the medium and hard
scenarios, the baseline fails to complete a single regrasp,
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Fig. 5: First-person view of a Type 4 trajectory, in which the
ECM moves in the middle of the regrasping arm’s trajectory.
The top row depicts each camera movement, from the frame
with the green icon to the one with the red icon. The baseline
trajectory fails to regrasp since compounding noise from the
ECM’s motion and other sources leads to inaccurate tool
tracking. SURESTEP’s trajectory considers this uncertainty
and is re-optimized after each ECM’s movement, leading to
better tracking and successful needle regrasps.

and SURESTEP significantly outperforms the baseline. For
Type 2 trajectories (Fig. 4), the baseline sometimes succeeds
since the goal of the needle arm is near the center of
the FOV. For Type 3 trajectories, since the ECM only
moves once at the beginning, the motion noise it injects
can occasionally be recovered by the baseline. However, for
Type 4 trajectories (Figs. 1 and 5), since the ECM moves
four times throughout the trajectory, the significant motion
noise causes the baseline to fail completely. SURESTEP, on
the other hand, consistently achieves higher success under
different environmental conditions.

Overall, SURESTEP achieves an 82% success rate out
of 60 regrasps, while the baseline only achieves 18%. To
further showcase the effectiveness of our method, we used it
to successfully complete the first, to our knowledge, double
needle regrasping with multiple endoscopic camera motions
2. By optimizing the baseline trajectory to minimize uncer-
tainty in state estimation, our method enables the surgical
tool and needle tracking to recover from significant motion
and observation noise and prevents failure.

V. DISCUSSION AND CONCLUSION

This work presents SURESTEP, a trajectory optimization
framework that minimizes the uncertainty of tool tracking
for robust surgical task automation. By considering motion
and observation uncertainties in surgical scenes, SURESTEP

Zhttps://ucsdarclab.com/wp-content/uploads/2024/04/SURESTEP.mp4

outputs a tool trajectory such that the distinguishable features
on the tool are better visible to a camera. Through 60 real-
world suture needle regrasps on the dVRK, we demonstrate
that SURESTEP significantly outperforms a baseline and
consistently achieves a higher success rate under dark light-
ing, poor visibility, and a moving camera.

Although not demonstrated in this work, SURESTEP
can be generalized to consider other factors that help with
surgical task automation. This includes directly optimizing
the camera’s movement and enabling collision avoidance by
integrating collision constraints through differentiable colli-
sion checkers such as [50]. While our motion and observation
models are motivated by previous work, [11]-[14], [20]-
[22], [32]-[38], we acknowledge that these models may be
imperfect. Future work can include better-accuracy models
optimized through approaches such as [51].
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