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INTRODUCTION
Robotics and Artificial Intelligence (AI) can bring in-

valuable benefits to clinicians in the surgical context.
For instance, decision support systems and advanced
autonomous systems for execution of standard repetitive
sub-tasks will help reduce surgeon’s fatigue, optimiz-
ing the outcome for the patient and minimizing usage
of resources [1]. With the recent advances of machine
learning and particularly deep learning, AI systems can
achieve outstanding scene understanding [2], providing the
surgeon with intra-operative guidance [3], e.g., via reality
augmentation [4].

In the wide area of surgical robotic perception, one
fundamental direction of research deals with the accu-
rate tracking of laparoscopic tools for monitoring [5],
skill assessment [6] and extraction of expert gestures
for developing dexterous autonomous robotic systems [7].
However, several problems need still to be addressed. First,
most deep learning-based systems require large datasets
for robust training, as evidenced from the research boost to
produce benchmarking datasets [8]. Moreover, instrument
tracking is not enough to achieve proper situation assess-
ment in surgery, but also accurate anatomical recognition
is needed. One prominent data-efficient solution for this
task is semantic segmentation [9], [10]. However, existing
applications consider static or quasi-static scene, hence not
accounting for moving anatomies due, e.g., to surgeon’s
manipulation and natural body motion.

In this paper, we address the problem of intra-operative
anatomy tracking, using semantic segmentation trained
on few RGB images of a realistic phantom for partial
nephrectomy (Figures 1a-1c). We employ the da Vinci
Research Kit (dVRK) in our experiments. We show that
our methodology achieves comparable accuracy to the
state of the art, over a wide motion range in the field
of view of the RGB camera.

MATERIALS AND METHODS
We perform semantic segmentation using the Gener-

ative Adversarial Network (GAN) presented in [11]. It
consists of a Generator (G) network based on U-NET
[12] architecture, trained to produce multiple samples of
a labelled image, starting from an input one. Another
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Fig. 1: The setup for partial nephrectomy with dVRK. On the
left: RGB images from the endoscopic camera, with the centroid
of the semantic blob of the tumor marked as red. On the right:
semantic reconstruction.

Discriminator (D) network is trained to model a loss
function to identify whether the generated image is similar
or not to the ground truth. The result is a pixel-to-pixel
mapping model, where the G network is able to segment
the elements in the scene, passing the test of the D
network. We increase the robustness of the trained model,
introducing a median and a clustering filter in order to
reduce noise and scattered patches.

EXPERIMENTAL VALIDATION

We validate our model on images acquired through the
640 × 480 endoscopic camera of dVRK at 30 Hz, tele-
operating the right tool to manipulate a tumor on the kidney
surface. We preliminarily perform sub-millimetric hand-
eye calibration following the methodology in [13]. Training
requires manual annotation of only 10 frames (vs. thousands
required, e.g., by U-NET), in order to label the features
of interest, i.e., the tumor, the tools, the kidney and other
anatomies. We obtain the qualitative results shown in Figure
1, for two example frames. We then perform a quantitative
evaluation over the full record of execution, comparing to a
ground-truth segmentation method based on standard color-
shape segmentation in OpenCV. In Figure 2a, we show the
trajectory performed by the centroids of the semantic blob of
the tumor and of the ground truth, in pixel coordinates. We
evaluate the Intersection over Union 𝐼𝑜𝑈 =

|𝑆∩𝐺 |
|𝑆∪𝐺 | , being 𝑆
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Fig. 2: Quantitiative results.

and 𝐺 the set of pixels within semantic and ground-truth
blobs and | · | the cardinality of a set; and the Euclidean
error between the pixel trajectories. Results are shown in
Figures 2b-2c, respectively. We achieve 0.72 ± 0.085 IoU
over the full trajectory, which is comparable to state-of-the-
art results presented, e.g., in [9] (≈ 0.74 for organs and
≈ 0.78 for tools). The Euclidean error is at most 20 pixel
over a maximum of 640 pixel dimension of the camera, thus
it is < 3% of camera resolution. The performance can be
further improved adding some more frames in the training
set, especially at the most critical points of trajectories
(e.g., with the tool moving at high speed or with significant
occlusion).

CONCLUSIONS AND DISCUSSION
In this work, we presented a data-efficient modified

semantic segmentation architecture for robotic surgery,
and validated it for tracking phantom anatomies from
RGB images acquired with dVRK endoscopic camera.
Compared to a state-of-the-art model-based segmentation
methodology, our solution performs similarly to the state
of the art in semantic segmentation of laparoscopic tools,
achieving ≈ 0.72 IoU score. Moreover, it guarantees 20-
pixel maximum Euclidean error over a 640 × 480 pixel

resolution, thus achieving good accuracy for practical
application.

In future research, we will integrate our technique into an
autonomous active perception system for dVRK, with the
ultimate goal to progressively refine anatomical awareness
intra-operatively, improve localization of regions of interest
and motion accuracy. This work represents a fundamental
step towards autonomous and assisted surgical systems.
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