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Abstract
We present a new unsupervised segmentation algorithm, Transition State Clustering (TSC), which combines results
from hybrid dynamical systems and Bayesian non-parametric statistics to segment kinematic recordings of robotic
surgical procedures. TSC treats each demonstration trajectory as a noisy observation of an underlying switched linear
dynamical system (SLDS) and clusters spatially and temporally similar transition events (i.e., switches in the linear
regime). TSC uses a hierarchical Dirichlet Process Gaussian Mixture Model to avoid selecting the number of segments
a priori. We compare TSC to five alternatives on the respective algorithms’ correspondence to a known ground truth
in a synthetic example: Gaussian Mixture Model, Gaussian Hidden Markov Model, Coresets, Gaussian Hidden SemiMarkov Model, and an Autoregressive Hidden Markov Model. We find that when demonstrations are corrupted with
process and observation noise, TSC recovers the ground truth 49% more accurately than alternatives. Furthermore,
TSC runs 100x faster than the Autoregressive Models which require expensive MCMC-based inference. We also
evaluated TSC on 67 recordings of surgical needle passing and suturing. We supplemented the kinematic recordings
with manually annotated visual features denoting grasp and penetration conditions. On this dataset, TSC finds 83% of
needle passing transitions and 73% of the suturing transitions annotated by human experts.
Experimental code and datasets are available at: http://berkeleyautomation.github.io/tsc/
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Introduction
The adoption of robot-assisted minimally invasive surgery
(RMIS) is generating datasets of kinematic and video
recordings of surgical procedures. This data can facilitate
robot learning from demonstrations (Murali et al. 2015),
surgical training and assessment (Reiley et al. 2010;
Gao et al. 2014), and automation (Kehoe et al. 2014;
Mahler et al. 2014). Segmenting this demonstration data
into meaningful sub-trajectories can benefit learning since
individual segments are often less complex, have lower
variance, and it is easier to remove outliers. However, even
in a consistent data collection environment, such as teleoperation on identical tissue phantoms, surgical trajectories
can vary significantly both spatially and temporally. These
trajectories are further corrupted by random noise, spurious
motions, and looping actions where a surgeon repeatedly
retries a motion until success. The primary challenge in
surgical trajectory segmentation is to identify consistent
segments across a dataset of demonstrations of the same
procedure in the presence of such disturbances.
Segmentation algorithms fall into two broad categories:
(1) supervised approaches that learn from manual annotations or match sub-sequences to pre-defined dictionaries of
primitives (Lin et al. 2005; Varadarajan et al. 2009; Tao et al.
2013; Lea et al. 2015), and (2) unsupervised approaches that
infer the latent parameters of some underlying generative
process (Calinon et al. 2010; Lee et al. 2015; Krüger et al.
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2012; Niekum et al. 2012). Consistency and supervisory
burden are a key concern in supervised segmentation as it
is often difficult to precisely characterize what defines a
segment and labeling can be time-consuming. Similarly, it
may be unclear how to specify a dictionary of primitives at
the correct level of abstraction. To the best of our knowledge,
prior work in the surgical setting has been supervised, and
we draw from several studies of unsupervised segmentation
in non-surgical settings to develop a new unsupervised approach (Calinon et al. 2010; Lee et al. 2015; Krüger et al.
2012; Niekum et al. 2012). Unsupervised approaches largely
apply clustering or local regression models to identify locally
similar states. Transition State Clustering (TSC) extends this
work with a two-phase algorithm that first identifies transitions states, defined as consecutive time-steps assigned to
different segments, and then, clusters spatially and temporally similar transition states across demonstrations with a
non-parametric mixture model.
This paper focuses on segmenting trajectories derived
from kinematic and video recordings of surgical robots in
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