Towards cognitive autonomous anatomy tracking in robotic surgery
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Autonomy is the frontier challenge of robotic surgery,
with the potential to significantly improve the outcome of
the surgical procedure, enhancing faster, precise motion,
and the surgeons’ experience, minimizing their fatigue
and cognitive load. A crucial objective is the autonomous
operation of the endoscope, in order to adjust the field of
view of the surgical camera and focus on relevant parts of
the scene. This can increase the attention and minimize the
effort of the surgeon in robot-assisted surgery (complying
to the requirement for human supervision imposed by the
latest regulations on trustworthy artificial intelligence{l_-]),
and enhance perception capabilities of fully autonomous
systems [1], [2]. Specifically, [2] evidenced the impor-
tance of tracking anatomies, instead of only the surgical
instruments [1], in order to provide more task-specific
guidance to the surgeon. On the other hand, they adopted
a deep reinforcement learning model for autonomous
camera motion, which is black-box and unpredictable,
requires a large training dataset, and hardly generalizes
out of its distribution [3]. In contrast, we propose a
novel methodology for the cognitive autonomous tracking
of instruments and anatomies in robotic-assisted surgery
with the da Vinci Research Kit (dVRK). Following our
experience in knowledge-based surgical task automation
[4], we develop a pipeline to automatically retrieve a
formal representation of the surgical procedure from text
notes and standard descriptions [5]. This representation
encodes the pre-conditions and effects of the surgical
actions, together with their executing instruments and
target anatomies. By monitoring the flow of pre-conditions
during teleoperation (e.g., via automatic image segmenta-
tion and kinematic analysis), it is then possible to identify
the ongoing surgical action and consequently use visual
servoing to track its instrument and/or the target anatomy
with the actuated endoscopic arm (ECM) of dVRK. In the
context of simplified partial nephrectomy with phantoms,
we compare our approach against teleoperation with fixed
and human-operated camera. We show that our method-
ology improves the average accuracy in the recognition
of the main anatomy, while minimizing the aggregate
displacement of the instruments and slightly reducing the
task duration.

I. METHODOLOGY

Our methodology is depicted in Figure It starts
with an offline phase for the automatic extraction of task
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Fig. 1: Our framework.

knowledge from an available text describing the surgical
task. The text satisfies minimal syntax rules, e.g., usage
of the present or imperative tense. We then follow the
approach of AUTOMATE [5] to automatically extract
actions with pre-conditions and effects in a temporal for-
malism. Specifically, we use semantic role labeling (SRL)
to identify verbs with subjects and main complements.
The verbs (after univocal resolution of synonyms from
WordNet [6], identify action names. Hence, we construct
action predicates in the form action(I,0), where I is the
instrument (identified by SRL as a modality complement)
and O is the object of the action, i.e., the target anatomy.
For example, consider the sentence:
The surgeon dissects the tumor in a medial-to-lateral direc-
tion, using cold Endoshears.

Here, dissect is identified as a verb, hence action; the
tumor as the object 0; using Forceps as the instrument I
(by automatically filtering non-noun parts). With AUTO-
MATE, we also extract the temporal sequence of actions,
as well as their pre-conditions and effects, by identifying
temporal and conditional keywords in the text (e.g., if,
then, ...). For instance, from the sentence:

Once the tumor is visible, the surgeon dissects the tumor in
a medial-to-lateral direction, using cold Endoshears,

AUTOMATE identifies the tumor is visible as a pre-
condition for dissect(Forceps, tumor).

In the online phase, we use the task knowledge to guide
the automatic cognitive endoscope motion. Starting from
the first action of the task, we identify its object or its
instrument (the one with the highest recognition accuracy)
as the target anatomy, and we use visual servoing to
track it by moving the endoscopic arm, while the surgeon
teleoperates the dVRK. Specifically, we use semantic seg-
mentation [7] to pre-train a generative-adversarial network
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Fig. 2: Phantom with (a) and without fat (b).

we then identify the centroid of the target anatomy as the
point to be tracked. In parallel, we also monitor the pre-
conditions of the next action (e.g., the tumor visibility
in the previous example) to trigger the event of action
change.

II. RESULTS

We propose a preliminary evaluation of our methodol-
ogy, in the context of the partial nephrectomy procedure
with an anatomical phantom (Figure [2). The task consists
of 3 main actions: removing the adipose tissue from
the kidney defat(Prograsp,fat); dissecting the tu-
mor dissect(Forceps, tumor); and suturing the wound
suture(NeedleDriver,wound). Target anatomies/in-
struments are fat, tumor and NeedleDriver, respec-
tively. For the semantic segmentation, we use the state-
of-the-art Segment Anything Model (SAM) by Meteﬂ

An expert dVRK operator performs 9 executions of the
task, with the same initial ECM pose. Specifically, we
compare 3 executions where the ECM is fixed (teleop),
3 executions where the operator moves the ECM towards
the target anatomy (teleop move_cam), and 3 executions
with autonomous ECM control (ours).

Figure Ba] shows the tracking error (in pixels) of the
target anatomy with the 3 algorithms. Moving the ECM
(green) requires more execution time for the operator,
while our autonomous control strategy (blue) is faster
and more accurate. Figure [3b] shows the segmentation
(semantic) accuracy of recognition of the target anatomy.
The highest accuracy is attained by our methodology,
especially in the initial phase of the task (where fat is
the target anatomy) and outperforming the teleoperation
of the ECM when NeedleDriver is the dynamic (hence
more challenging) target. These results are more evident
in Table . where the aggregate semantic accuracy is
reported.

Our future research will focus on a more in-depth
analysis of the impact of the proposed methodology on
the dVRK operator’s experience, and validation across
multiple more complex tasks.
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Fig. 3: Tracking error (top) and semantic accuracy (bot-
tom). Mean =+ std dev. across multiple executions.

Target ‘ Ours ‘ Teleop Move_cam
fat 0.72+£0.15 | 0.244+0.07 | 0.14£0.14
tumor 0.10£0.04 | 0.08 £0.05 | 0.07 £ 0.04
N.Driver | 0.06 £0.02 | 0.03 £0.02 | 0.03 £0.01

Average | 0.16+0.22 | 0.08 +£0.08 | 0.07 £0.08

TABLE I: Accuracy of the semantic segmentation (mean
=+ std deviation).)
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