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ABSTRACT

METHODS

An increasing amount of data can be recorded automatically
during surgeries. This has led to a recent interest in methods
that allow statistical modeling of surgical workflow from
this data. One main challenge of these methods is how to
automatically generate a statistical model from a set of
recorded surgeries. In this paper we will review different
methods and show advantages and drawbacks.

The most common method for modeling surgical workflow
is to use Hidden Markov Models (HMM). HMMs model
time series by a directed graph. Each node or state in the
graph has transition probabilities representing the
probability of advancing to other states. Each state also has
an observation symbol distribution that represents the
probability of observing a certain observation symbol in
that state. For most applications in the field of surgical
workflow modeling one tries to build a model from a set of
training data such that the model represents the training
data well. We will discuss several methods to automatically
build HMMs. We use data that represents the use of
instruments during ten laparoscopic cholecystectomies.
Each surgery was split into 14 phases. The models are
trained independently for each phase. For each method, the
capabilities to automatically detect the current phase of a
surgery and to generate models that are understandable by
humans are discussed. Results are summarized in Table 1.
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INTRODUCTION

Trough the introduction of new technology into the
operating room it is now possible to record an increasing
amount of signals during a surgery. Video images can be
obtained, especially for laparoscopic surgeries, position and
orientation data is available from tracking systems or
robotic systems. Motion sensors, like accelerometers, are
becoming cheap and small and technologies like RFID
might be used in the future to identify instruments and
estimate their presence. Also training systems that use e.g.
haptic feedback devices are an important source of data.
As this kind of information becomes available, there is
recent interest in methods to make use of this data. Possible
applications are analysis of behavior and workflows,
assessment of surgical skill and context-sensitive systems
that can detect the current work step of a surgery. All these
applications require some sort of statistical model of the
workflow. Automatically building such models is an
important topic in this domain. We will review and
compare different methods for this task.
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The most common method to train a HMM is to initialize it
with random transition and observation probabilities as for
example done in [1]. Next expectation maximization (EM)
is used to adapt the HMM to the training data. This
procedure is repeated multiple times until a good HMM is
found. Many extensions of this method have been proposed
e.g. to estimate the number of states that are required to
model a certain procedure. These methods work, are easy to
implement and do not require long computation time.
Furthermore they have shown good results for
automatically detecting the phase of a workflow. However
the resulting model is usually hardly understandable to
humans, which makes them practically useless for analysis
of human behavior.
In the case of discrete observations, like the use of
instruments, Markov Chains are an alternative. They are
similar to HMMs and have been used for workflow
modeling in [2]. While states of an HMM can represent the
use of different instruments, a Markov Chain state
represents only one instrument. Markov Chains can be built
simply by counting transitions from one observation
symbol to another. They give a relative good impression of

Proceedings of Measuring Behavior 2010 (Eindhoven, The Netherlands, August 24-27, 2010)
Eds. A.J. Spink, F. Grieco, O.E. Krips, L.W.S. Loijens, L.P.J.J. Noldus, and P.H. Zimmerman

Model

Detection

Speed

Understandable

Random

6,7%

fast

bad

Markov
Chain

5,3%

very fast

medium

SSS

12,5%

medium

good

Merging

6,4%

slow

good

Table 1. Results from different methods.
RESULTS

Figure 1. Markov chain representing one phase of a
laparoscopic cholecystectomies.

the frequency of instrument use and are much easier to
understand for humans then randomly initialized HMMs.
Also automatic recognition rates are good. However they
do not model the temporal order of actions within one phase
are do therefore not model repetitions well. An example can
be seen in Figure 1.
The methods that showed best results for generating
human-understandable models are data-derived HMMs.
One example is successive state splitting (SSS) [3]. This
method starts with a model consisting only of one state and
splits states until a good model is found. So e.g. if we have
one state that represents that first one instrument is used and
next another, this method will do a temporal split so that
two successive states are used instead. If one state
represents alternating use of two instruments it will do a
contextual split into two states. While this method delivers
models that are intuitive to understand, as can be seen in
Figure 2, for our data it failed to deliver models that
statistically well represent the workflow and are therefore
not suited for automatic recognition systems.
Another data-derived method that works the other way
round is model merging [4], where an initial very big model
is built that represents every single action that occurred in
any of the training surgeries. Iteratively, a smaller model is
generated by merging similar nodes. As SSS, model
merging well represents the temporal order of actions and is
also well suited to detect workflow steps. The main
drawback of this method is that it takes several hours to
train it, even for a relative small training set consisting only
of nine surgeries.

Figure 2. HMM that has been generated by model merging.

We have compared different aspects of the models. One
interesting application is to build context-aware system. In
order to estimate whether the methods are suitable for this
application, we tested whether it is possible to detect the
current phase of a running surgery. This measure also
indicates if the model is a good statistical representation of
the workflow. All methods but SSS have shown to deliver
reasonable results here. Another important metric is
whether a certain method can create models that reflect the
workflow in a human understandable way. This is true for
the data-derived methods. However, from our experience it
has shown that these methods are harder to implement and
unlike for standard methods, there are no toolkits or
libraries available where these methods are already
implemented.
CONCLUSION

Automatically building statistical methods is important,
especially as a huge amount of data is becoming available,
which makes manual modeling difficult. Using the right
training methods, HMMs can be built that are suitable for
automatic recognition systems and for human
understandable models. Challenges in the future will be to
extend these models such that they work on huge datasets
and to incorporate different kinds of sensors at the same
time. Future models should also take into account patient or
surgeon related information.
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