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Abstract
Evolving our previous research results in the context of cognition-guidance and patient-specifity for
simulation-enhanced cardiac surgery assistance, in this work we further investigate on (1) a machine
learning framework which allows to patient-individually calibrate soft tissue material parameters for
subsequent simulation, and (2) a profound knowledge management framework which may enhance the
ontology-driven overall setup of the cognition-guided surgery simulation in a clinic environment.
Rather than being a closed research work with an in-depth theory backup and a complete evaluation,
we here present a technical report and some interesting experimental works that are to serve for further
research and development.
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Introduction

When dealing with complex surgery, it is highly important to ensure a holistic, knowledge- and experiencebased, patient-specific surgical treatment planning. The surgeons and staff in the operation room (OR)
need to account for the entirety of available medical patient data, know how to handle an abundance
of technical developments, and stay on top of current surgical expert knowledge in order to define the
possibly best suitable surgical treatment strategy. There is hence a huge potential for computer assistance
and IT support, also and in particular regarding surgery simulation, which enables surgeons not only to
plan but to simulate, too, several steps of an intervention and to thus forecast relevant surgical situations.
In our previous works, we have focussed on supporting minimally-invasive mitral valve reconstruction
(MVR) surgery. MVR is a complex operation that is to re-establish the functionality of an incompetent
mitral valve (MV) through implantation of an artificial annuloplasty ring that reshapes the morphology
of the valvular apparatus and thus allows for proper valve closure again [2]. We aimed at supporting
MVR surgery by providing the surgeon with biomechanical FEM-based MVR surgery simulations [15,17].
These simulations are to enable the surgeon to assess the simulated post-operational MV behavior before
the actual operation. However, in order to be really beneficial to the surgeon, these simulations must
fulfill certain criteria, which comprise:
 they must be patient-specific, i.e., the available patient-individual medical data and information
must holistically be processed and integrated into the simulation,
 they must be based on surgical expert knowledge and medical evidence,
 the biomechanical and patient model which underlies the simulation must be comprehensive, and
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 the setup and execution of the simulation (and of all preceeding simulation preprocessing steps)
needs to be fully automated and integrated into the surgical treatment workflow.

Hence, in our former work, research on simulation-enhanced, cognition-guided, patient-specific cardiac
surgery assistance has be conducted. The overall work is thoroughly described and documented in the
PhD Thesis by Nicolai Schoch [15], and several dedicated publications focus on the miscellaneous research
fields and component parts of the overall prototypic system. In summery, first a biomechanical MV/MVR
model has been described and an FEM-based MVR surgery simulation has been developed [16] using the
FEM software toolkit HiFlow3 [1]. Following, the Medical Simulation Markup Language (MSML) was
introduced, and it was described how – through its features and functionalities – it simplifies the biomechanical modeling workflow [22]. It was then detailed, how, by means of the MSML and a set of dedicated
MVR simulation preprocessing operators, patient-individual medical data is comprehensively analyzed
and processed in order for the fully automated setup of HiFlow3 -based MVR simulation scenarios [18].
Finally, the entire work was integrated into the cognitive system architecture of the joint research project
Cognition-Guided Surgery (SFB TRR 125). Emphasis was put on its semantic knowledge and data infrastructure [3] as well as on the setup of its cognitive software components [19], which eventually facilitate –
at least to a certain extend – cognition-guidance and patient-specifity for the overall simulation-enhanced
MVR assistance pipeline [17].
See Figure 1 for an illustration of the overall cardiac surgery assistance workflow and system setup.
All data and information is gathered, structured and semantically annotated in the common Knowledge
Base [3]. Two separate chains then further process both image and non-image as well as parameter
data [19]. Merging these two information processing chains, the Simulation Preprocessing component,
which is built onto the functionalities of the MSML [22], takes care of the proper biomechanical model and
simulation scenario setup [18]. Finally, the Numerical Simulation Application executes the afore set-up
MVR surgery simulation scenario [17], and hands the results over to the postprocessing and visualization
component.

Figure 1:

Workflow diagram and overall setup of the cognition-guided, patient-individual,

simulation-enhanced MVR surgery assistance system prototype, as described in [15].
In these previous works, we have proposed and implemented, for the first time, a prototypic system for
simulation-enhanced, cognition-guided, patient-specific cardiac surgery assistance, and its functionality
and performance were successfully evaluated. We have shown that – through its cognitive, data-driven
pipeline setup – medical patient data and surgical information can be analyzed and processed comprehensively and fully automatically, which hence presents an important step towards a simulation-enhanced,
cognition-guided, patient-specific cardiac surgery assistance system.
Nevertheless, there is still a long way to go for simulation-enhanced surgery assistance in order to
be really applicable and beneficial to surgeons in the operation room. Among others, this is due to two
major issues which have so far been treated only in second place:
On the one hand, this is the patient-specific, fine-grained calibration of the biomechanical model
and simulation, e.g., with respect to the patient-individual tissue material parameters, which cannot be
properly measured, and which are hence taken from anatomy lexica, specific domain literature or from
simply averaging over patient collectives.
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On the other hand, this is the systems’ missing medical and technical evidence. Surgery simulation is rarely established in the OR due to the sheer complexity of an adequately and comprehensively
set-up surgery simulation scenario. Setting up an adequate surgery simulation not only requires an indepth knowledge and understanding of the patient’s anatomy, its functionality and possible diseases, as
well as profound experience in the surgical context. In order to optimally set up the simulation scenario and to properly interpret its results, this also demands proficient skills in the context of Finite
Elements, simulation development and simulation environments. It is hence urgently required to semantically represent and standardize this knowledge and experience in order for a further automation of the
entire biomechanical modeling and simulation workflow, and for evidence-based, better-accepted surgery
simulation results [9].
Hence, having conducted research on the basics of cognition-guidance for simulation-enhanced cardiac
surgery assistance, i.e., building on the previously above described achievements that result from our
recent works, we now aim at focussing on the following two fields in particular:
On the one hand, we look at the patient-individual calibration of soft tissue material parameters
by means of machine learning methods. And on the other hand, we work further towards a profound
knowledge management and an ontology-driven setup for cognition-guided, simulation-enhanced
surgery assistance.
Please note, rather than being a closed research work with an in-depth theory backup and a complete
evaluation, this paper is more of a description of some interesting experimental works that followed the
work in the context of the collaborative research project Cognition-Guided Surgery (SFB TRR 125).
Resulting from this work, one can recognize that further research is required in the future, and this paper
may give a first hint at how promising this research may be.

2

Methods and Evaluation

In this section, first, we investigate on the patient-individual calibration of simulated soft tissue deformations by means of machine learning (ML) algorithms. We will develop a reinforcement learning
(RL) algorithm which allows for identification for soft tissue material parameters using real image and
deformation data.
Second, we further develop the surgery simulation ontology proposed in our previous work [20], in
order to setup a profound knowledge management framework and to allow for an ontology-driven overall
setup for our cognition-guided, patient-individual, simulation-enhanced surgery assistance prototype.
Both sections contain their respectively own evaluation, and each a short discussion, too.

2.1

Machine Learning-based Simulation Calibration

In this subsection, we first present our RL test scenario, then outline the idea of reinforcement learning
and motivate why it fits to simulation calibration tasks. Following, we describe our RL implementation
and the simulation interface, as well as conduct an evaluation and a short discussion of the results.
The test scenario for ML-based parameter identification and simulation calibration. We
simulate the bending of a beam which is fixed on its left side and which is subject to pressure and gravity
on the right, see Figure 2. The beam is constituted of an unknown homogenous soft tissue material,
and its deformation is simulated using the Saint-Venant Kirchhoff model of linear elasticity in order to
describe the relationship between stress and strain [16]. The therein contained two Lame constants λ and
µ, as well as the beam’s material density ρ are unknown.
By means of an available simulation result (in terms of real image and deformation data for the same
beam object), we now try to find out the actual material properties.
This situation can be seen in analogy to a typical situation in the operation room: The surgeon shall
be provided with a simulation of the behavior of a patient’s organ, and the organ has previously been
subjected to some imaging technique, so the respective image data and deformation measurements are
already available. However, eventhough the morphology of the organ can be obtained from the image
data through segmentation, there is no means yet to specifically measure the in vivo material properties
in order for utilizing these in a subsequent biomechanical simulation.

3

Figure 2: Draft of the test scenario for parameter identification.

Hence, in whichever way this simulation is set-up, it will not be patient-specific with respect to the
material parameters, if there is no preceeding parameter calibration [17]. The latter, i.e., the parameter
identification and calibration, is exactly, what this work is investigating on in this section, so the goal is
to calibrate the simulation material parameters in order to fit them to the available image or deformation
data.
Back to the test scenario, we intend to calibrate the material parameters through fitting them to
image and deformation data which has artificially been produced for testing purposes. Our fitting measure
follows the idea of the DICE coefficient and computes the Root Mean Square Error (RMSE) of the beam,
which is obtained from the (not yet entirely calibrated) deformation simulation on the one hand, and
the artificially produced deformed beam data on the other hand. On a side note: we record the material
parameters that we use for producing the artificial beam deformation data, in order to later evaluate the
quality of the parameter calibration.
The idea of reinforcement learning and its application to our test scenario. When looking at
the different classes of machine learning (ML) algorithms, it becomes obvious that those that belong to
the reinforcement learning (RL) type may likely be most applicable for the above described simulation
calibration problem. On the one hand, we have our (not yet calibrated) simulation setup and simulation
results, and we have the respective image and deformation data, which we try to get as close to with our
simulation results as possible. And on the other hand, we have a quality or fitting measure, the RMSE
value, that tells us how good we are with the calibration.
In this context, RL can be seen as the interaction of some intelligent agent or system with a given
environment, namely the above describe quantities and observations [21]. See Figure 3 for an illustration
of this concept.

Figure 3: Schematic draft of the concept of reinforcement learning: an agent interacts with an
environment, makes observations, gets rewards and performs further actions.
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RL is learning what to do and learning how to map situations/observations to actions through defining
a (numerical) reward for the respective actions. The learner is not told which action to take, but instead
must discover which action will yield the maximum reward.
As an example, one may think of a pet that you want to train to sit down. A common technique to
train animals is to let them know that some treat is just about to get served when they fulfill a respective
task. This is essentially reinforcing your pet to practice the intended behavior. You tell them to sit down,
make them sit down and follow up with a treat. And as time passes, the pet gets used to this causality
series, and whenever it hears the ’sit down’ command, it responds by sitting down in anticipation of a
treat. In this example, the artificial agent is represented by the pet, the reward function is the treat, and
the resulting action is the sit down behavior.
Transferring this to our simulation calibration problem, the artificial agent is represented by the
computer which is aware of the current guess of the material parameter combination along with the
resulting 3D morphology representation of the deformed beam. The reward function is a function of the
RMSE value, and the smaller the RMSE value, the higher the reward for the agent. Lastly, the action is
an adaption of the current parameter set, aiming for an increase of the reward in the next step. We will
see below, how such an adaptation of the parameter set may look like.
More formally, the mathematical framework for defining a solution in an RL scenario is a Markov
Decision Process [21], where we have
 a set S of states st ,
 a set A of actions at ,
 a reward function rt , which depends on st and at , and
 a policy Π, as well as a value V .

In order to get from the initial state s0 to the final state sN , an action at or possibly several actions
have to be taken, and for each action that is taken, a reward rt which can be both positive or negative is
given. The set of performed actions defines the policy Π, or vice versa, the policy determines the actions
that are performed and why. Lastly, the returned rewards sum up in the value V , hence, the goal is to
maximize the rewards by choosing the optimal policy. Mathematically speaking, this means we have to
maximize the expected value E(rt |Π, st ) for all possible values of S for a time step t.
.
Coming back to our test scenario, given some initial material parameter combination, say {λi , µi }, the
set of possible actions now consists of the following possibilities:
 Action 1: do nothing, i.e., no real parameter manipulation, which yields {λi , µi },
 Action 2: increase parameter λ by ∆λ, which yields {λi + ∆λ, µi },
 Action 3: decrease parameter λ by ∆λ, which yields {λi − ∆λ, µi },
 Action 4: increase parameter µ by ∆µ, which yields {λi , µi + ∆µ},
 Action 5: decrease parameter µ by ∆µ, which yields {λi , µi − ∆µ}.

With this set, an action, which should yield an increase of the reward, would be an adaptation of the
whatsoever current material parameter combination to a slightly better parameter combination, i.e., to a
combination which is a little closer to the real material parameters.
With respect to the policy, the most straight-forward approach is a greedy approach, which is literally
known as the epsilon greedy approach. This approach consists in looking at the current state of the
agent/environment, and looking at all possible actions and their respective direct rewards, and then
selecting and executing the best of them.
Besides this epsilon greedy approach, there are other ways to solve the problem. The major categories
are
 policy-based, where the focus is to find the optimal policy,
 value-based, where the focus is put on finding the optimal value, i.e., cumulative reward, and
 action-based, where the focus is on what the optimal action is at each step.

We refer to Sutton and Barto [21] for more general information on these approaches, and to a paper which
conducts a dedicated survey on different RL algorithms [6].

5

Implementation and evaluation of an RL algorithm for solving our test scenario. In the
following, we describe the implementation of our Q-Learning RL algorithm. Q-Learning is a policy-based
learning algorithm, where the function approximator is usually implemented as a neural network [21].
For the beginning, in our case, it is a straight-forward implementation without a NN-based Q-value
approximation. See Figure 4 for a structural draft of the algorithm.

Figure 4: Draft of the basic structure and setup of the implementation of our reinforcement learning
algorithm for simulation calibration.
In an initialization step (0), the set of parameters, i.e., the parameter combination, is randomly
initialized, or – if possible – guessed, and written into the HiFlow3 simulation input xml file.
The subsequent calibration loop (1) then comprises the following substeps: (1.1) Initialize (and then
respectively update) the Q-value vector, the components of which contain the scalar-valued rewards for
the respectively possible actions in each step. To compute the rewards, first, the deformation scenarios
have to be simulated for all possible parameter manipulations (see the 5 actions above), and second,
from the obtained simulation results, the reward (in terms of RMSE-value) has to be computed for
each scenario. (1.2) From all 5 available actions, select and then actually execute only the best action,
following the epsilon greedy action selection policy. (1.3) Update the parameter combination according
to the respectively selected action in the simulation input xml file in order for the next step in the loop.
Steps (1.1) to (1.3) are repeated, until (2) the internal state memory re-discovers the same parameter
combination in two subsequent steps of the loop. This means that the no manipulation Action 1 has been
found to be the best, which in turn means that a real manipulation of the parameter combination does
not yield any better results.
At this point, the parameter manipulation values ∆λ and ∆µ are refined, i.e., divided by 2, and the
loop (1) starts over again. The refinement is repeated arbitrarily often, until the desired accuracy is
obtained. – The thus obtained parameter combination should correspond to the actual (real ) soft tissue
material parameter combination.
The source code of this implementation is available open-source on GitHub:
https://github.com/NicolaiSchoch/rlalgo-for-hf3-esim-calib
.
Executing the Q-Learning algorithm for our test scenario, we may observe what is shown in Figures 5
and 6: Figure 5 (left side) visualizes a successfully obtained gradual calibration of soft tissue material
parameters. Figure 6 (left side) shows the respective iterative decrease of the obtained RMSE-values for
both parameters with 3 refinements.
However, depending on the initial values of our parameter combination, we may also observe what is
visualized on the right side in Figure 5. The corresponding plot of the RMSE-values as shown in Figure 6
(right side) reveals the obvious problem:
Since our epsilon greedy approach basically represents a gradient descent approach, we may get trapped
in local minima, where – with the given manipulation values ∆λ and ∆µ – no further action is able to
improve the respectively current parameter combination. The global minimum can hence not be reached.
6

Figure 5: Visualization of the iterative results of the presented calibration algorithm. The wireframe representation shows the initial state of the test object, the violet representation shows the
real deformation behavior of the object as extracted from the real test scenario deformation data,
and the grey representations show the simulation results after stepwise calibration by means of the
suggested RL-algorithm.
(Left:) The grey-colored object iteratively approaches the real data through successful gradual
material parameter calibration. (Right:) The grey-colored object as obtained after a failing material parameter calibration.

Therefore, it is important to combine what is called exploitation and exploration. Applied to our test
scenario, this means that it is necessary to randomly initialize several parameter combinations (exploration) and to conduct the calibration for each of them (exploitation). Having obtained the resulting
RMSE-values for each of them, one may select the best (optimum), which then represents the global
minimum.
.
The above presented algorithm is not yet too sophisticated, and there are several ways to improve the
obtained setup: Obviously, as mentioned earlier, one may deploy a Neural Network (NN), in the form
of a so-called Multilayer Perceptron, in order to learn and approximate the Q-value function. In other
words, this means we may train a NN with a large set of random deformation simulation scenarios (i.e.
with different material parameter combinations and their associated 3D deformation simulation results)
and their corresponding RSME values. A state in our test scenario may therefore be represented as a
feature vector x(st ), containing both the 3D coordinates of the deformed beam object and the associated
material parameter combination.
And accordingly, the value function V (st , w) can be computed as
P
V (st , w) = x(st )T · w = j xj wj . After training, the NN can then be used to approximate the Q-value
vector, instead of computing (and respectively simulating) it as part of step (1.1) in the above Q-Learning
algorithm. After the compute-intensive training of the NN, this may have the potential of saving lots of
computation time for the calibration, since every execution of step (1.1) previously entailed the expensive
execution of 5 simulations (1 for each action). The respective scripts that were used to create the training
data sets are available open-source on GitHub, too:
https://github.com/NicolaiSchoch/rlalgo-for-hf3-esim-calib
.
Besides that, we note that there are many more further RL algorithms, some of which may be well
suitable for the given problem statement. Therefore, we refer again to the survey in [6]. This being said,
we particularly mention two well-established RL libraries which contain a large set of RL algorithms:
Keras-RL [13] and VowPalWabbit [7].
Both, the concept of implementing a Multilayer Perceptron in order to learn the Q-value function
approximation, and also the idea of using external RL libraries in order for a more efficient RL-based
simulation calibration, are subject to ongoing work with our partners at the AIFB at the Karlsruhe
Institute for Technology. A dedicated publication is to present further joint results soon.
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Figure 6: Plot of the iterative calibration-based development of the material parameters {λi , µi }.
For better understanding and visualization, the parameters have been scaled such that the initial
parameter values are at 1.0, and the real parameter values are at 0.0. Hence, optimally, the blue
and red lines would go down from 1.0 to somewhere close to 0.0. This is the case in the left
plot, where one can observe that initially, for four iterations through the loop, the best rewards
were obtained through manipulation of the λ parameter. Subsequently, actions manipulating the
µ parameter were more rewarding up to the point where Action 0 got chosen, which then triggered
the first refinement of the parameter manipulation values ∆λ and ∆µ. Going on as above and
refining twice more finally yields a really good approximation of the calibrated parameters to the
real parameters, which is indicated through a very low RMSE value of 0.002871. Opposedly, on
the right plot, the two lines do not go down from 1.0 to 0.0, which indicates that the calibration
algorithm got trapped in a local minimum, where an RMSE-value of only 0.004933 is obtained.

Short discussion and outlook. To conclude, we want to shortly discuss, what is and what is not
(potentially) possible with this setup? Most obviously, it has to be emphasized here, that the quality
assessment of our RL-based material parameter calibration algorithms is conducted on the results of the
respectively obtained soft tissue deformations, and here in turn based on the RMSE value, which is
a value that is closely related to the so-called DICE coefficient. However, as for the DICE coefficient,
it also holds for our RMSE value, that a comparison and quality assessment only works well for rather
small deformations with still enough object overlap, such as for instance for a liver or bladder deformation
simulation, or for the beam in our test scenario. All of these objects are rather compact. Opposedly, when
simulating the deformation behavior of a mitral valve, where large deformations occur to the extremely
thin leaflet tissue, the DICE coefficient and the RMSE value quickly rise and get close to 1.0, such that
they are not useful anymore. See Figure 7 for illustration.
Besides this, the above suggested test scenario as well as our liver deformation experiments both have
rather small DoF numbers (the 3D objects have less than 12.000 DoFs). For these experiments, our
Q-Learning algorithm could achieve full material parameter calibration in less than 45 minutes. However,
we expect a notably worse performance for higher DoF numbers, such that a Q-Learning-based material
parameter calibration algorithm such as the above one may not be applicable anymore in reasonable times.
Yet, a NN-based Multilayer Perceptron may achieve better results, which is subject to future work.
In this context, one may also need to consider Data Assimilation techniques [8], which seem promising especially in the realm of calibration of biomechanical models and simulations [12]. They allow, e.g.,
through Kalman Filters, to specifically factor in the underlying biomechanical model in terms of the PDE,
and thus may facilitate data assimilation in a more efficient way based on the integration of this a-priori
knowledge.
.
Lastly, we started to investigate on ways and means to integrate expert and domain knowledge
into the suggested setup. On the one hand, this could be realized through a concept which is commonly
known as Inverse Reinforcement Learning . In Inverse RL, a NN is trained by means of data sets
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Figure 7: Comparison of two simulated objects subjected to deformation. On the left, a liver,
which is a rather compact object, where rather small deformations occur. The resulting RMSE
values for different material parameter combinations usually are meaningful and applicable for
comparison and fitting measurements, since there is still lots of overlap between the two deformed
objects. Opposed to this, on the right, a mitral valve object, which consists of very thin and loose
tissue, and rather large deformations occur. Here, small manipulations of the material parameter
combinations have a huge impact on the deformation behavior, and quickly affect completely
different deformation results which do not overlap anymore at all, such that the RMSE values for
these respectively different parameter combinations are not meaningful for comparison anymore.

that were obtained from observing the course of actions which a simulation expert (e.g., ourselves) takes
throughout the entire simulation setup and calibration process. Hence, in the data sets, we find recorded,
how initial parameter combinations were guessed by a simulation expert, and also how and on which basis
– after each obtained interim simulation result – adaptations to the material parameter combinations were
made. Yet, a well-known problem in setting up an Inverse RL framework is the training: Large amounts
of training data are needed in order to properly optimize the weights of the NN. The acquisition of these
training data sets is however very expensive, as a real human simulation expert has to be observed over
a long series of exhaustive, manual simulation calibration processes.
Nevertheless, the concept of Inverse RL is promising and certainly worth implementing and evaluating
in a suitable application context, such that we plan to further elaborate this joint idea along with our
partners at the AIFB at the Karlsruhe Institute for Technology. The thus obtained results will also be
presented in a dedicated publication.
.
On the other hand, and this will yield the transition to Section 2.2, one may bridge to knowledge
models, i.e., ontologies, in order to represent and consider domain and expert knowledge as well as
commonly avowed uncertainties.
Knowledge models allow to formally collect, structure and describe (domain) knowledge, e.g., about
the considered soft tissue material parameters. As such, knowledge about quantitative relations between
parameters or about physical restrictions of the increase or decrease of parameters may, for instance,
be represented in a linked knowledge model, in order to thus guarantee for a better initialization of
the parameters in step (0) of the above algorithm. Similarly, this formalized knowledge may restrict
unphysical random manipulations such as affected through the above actions 1 to 5, if parameters grow
too big or decrease below a certain unphysical threshold. Last but not least, one can represent expert
knowledge about typical uncertainties with respect to these parameters themselves, their measurement
processes, and to their imaging-based acquisition. Like this, both tolerance values and suitable simulation
samples can adequately be determined and implemented in the algorithm.
.
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2.2

Knowledge Management and a Surgery Simulation Ontology

In this subsection, we first re-introduce the general idea of knowledge models and ontologies. Thereafter,
we review the benefits which our work on cognition-guided, patient-specific, simulation-enhanced cardiac
surgery assistance has obtained through being an ontology-driven system. This gives the motivation to
further elaborate on the respective surgery simulation knowledge model towards a heavyweight ontology,
which is presented subsequently. Lastly, we shortly discuss our work and give a brief outlook.
Knowledge models and ontologies. Knowledge models are to capture, organize, structure and interrelate knowledge and information in a formal way. In this respect, an ontology – according to Gruber
(1993) – is an explicit specification and formalization of a shared conceptualization [4].
The typical building blocks of an ontology are classes, instances/individuals, rules, restrictions, properties, axioms and relations. These allow to abstractize and generalize things or entities or properties,
etc., and to group them together, to categorize them, etc.
Previous works seen from the ontology perspective. In our previous works, we have designed and
implemented a simulation-enhanced, cognition-guided, patient-specific cardiac surgery assistance system
prototype [15]. It is part of the cognitive system architecture of the joint research project CognitionGuided Surgery (SFB TRR 125). Its semantic knowledge and data infrastructure [3] as well as the setup
of its cognitive software components [19] facilitate cognition-guidance and patient-specifity for the overall
simulation-enhanced MVR assistance pipeline which was introduced in Section 1, see again Figure 1. By
means of the cognitive, data-driven pipeline, medical patient data and surgical information is analyzed and
processed comprehensively, efficiently and fully automatically, in order to finally set up patient-individual
MVR simulation scenarios.
Apart from this work, we have proposed a first concept for semantic surgery simulation in [20].
The approach aims at simplifying the usability of surgery simulations via a semantic representation of
simulation properties and an underlying numerics properties decision tree. Initially, this approach was
designed to be linked and combined with the before-mentioned works, and to thus complement and
augment the overall system.
.
From an ontology point of view, looking at the surgery assistance pipeline in Figure 1, we found
that – through the backup of the underlying lightweight ontology – our (lightweight) ontology-driven
system facilitates that:
 our cognitive software components are automatically triggered as part of a data-driven information
proceesing pipeline,
 comprehensive patient data and information processing is fully automated,
 the knowledge base can be queried, and reasoning as well as knowledge retrieval is facilitated,
 the general simulation setup and simulation preprocessing is autonomously controlled,
 the processing of data and information is based on medical/surgical evidence.

When adding our Machine Learning component (as presented in Section 2.1) to this lightweight
ontology-driven system, the resulting advantages that are obtained through the ontology-layer quickly
become apparent. We are able to:
 automate the fitting of real patient data to simulation data, for the calibration of simulation material
parameters,
 account for domain and expert knowledge, and
 account for sources of uncertainties, as represented in the ontology.

Towards a heavyweight surgery simulation ontology. Given this long list of ontology-based benefits, in our recent work, we intended to further develop the above-mentioned lightweight surgery simulation ontology [20] towards a more profound knowledge management framework for ontology-driven,
cognition-guided, patient-individual, simulation-enhanced surgery assistance. We thus worked towards
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Figure 8: Radial structure diagram visualization of the developed FEM surgery simulation
ontology .

a sophisticated, formal, heavyweight ontology, which is mathematically more rigorous, machine readable and still consistent with the before-mentioned developments in the context of the SFB TRR 125
Cognition-Guided Surgery.
.
Therefore, we captured unified and agreed-upon knowledge, both for the surgical and anatomical as
well as for the biomechanical modeling and simulation context. The obtained knowledge model thus,
e.g., defines meanings, classes, instances, dependencies and relations between concepts and things, and
explicitly specifies the respective domain knowledge, such as that an FEM surgery simulation is a FEM
simulation which in turn necessarily entails a space integration mechanism and which possibly involves
a time integration scheme in case of a dynamic, i.e., instationary, simulation. Similarly, for the surgical
context, one may, for instance, formally state that a patient’s organ morphology is always obtained from
the same patient’s organ segmentation, which in turn is always obtained from an imaging technique such
as ultrasound which was applied again to the same respective patient.
Using the open-source ontology development environment Protégé [10], we formalized the concept of
our knowledge model in the Ontology Web Language (OWL) [5]. See Figure 8 for a visualization of
the obtained ontology in the form of a radial structure diagram.
In the center, we have the core idea of the ontology, the FEM Surgery Simulation, which inherits its general features and functionalities from the class FEM Simulation (bright blue) but is closely
linked to surgery via the concepts of the Foundational Model of Anatomy (FMA) [14] (yellow). The
class FEM Simulation, in turn, comprises all features and properties that make up a general FEM
Simulation, starting from time and space integration, via solvers and preconditioners, to the approximation error behavior and the exploited High-Performance Computing platform. An instance of an FEM
Surgery Simulation can then be further subdivided into several specifications and types of surgery simulations (red/reddish/violet), such as CFD or elasticity simulations, or, combining these two, an FSI
simulation, etc.
When exemplarily looking at an elasticity simulation, it generally specifies an elasticity model,
boundary conditions and the object’s morphology. All of these are again related and linked to
other classes and concepts, via rules, inheritance relations, or other dependencies. For instance, the
boundary conditions are created through the MSML and its comprehensive set of simulation preprocessing operators (brown), and material properties as well as morphology information is obtained from
the FMA (yellow) and from imaging techniques (pink).
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Figure 9: Radial structure diagram visualization of the developed FEM surgery simulation
ontology , including a small set of possible instantiations (in dark red).

In particular, we emphasize the concept of Uncertainty and of Uncertainty Quantification
(violet), which, e.g., is connected via geometry and material property information to the respective classes
and instances in the field of elasticity simulations (red).
.
So far, this has been purely abstract knowledge modeling, and the presented knowledge model or ontology
has not yet been applied. In order to apply it, it is scaled up (i.e., further specified and extended) and
deployed in a repository, a knowledge base. Then, coming back to the MVR surgery assistance use case
and applying our FEM surgery simulation ontology, we can start – as a user of this ontology – to create
information, i.e., real instances, and take them to populate the knowledge base. And in the other direction,
the user may – by means of a front end application which connects via an interaction layer to the ontology
deployment environment – query the knowledge base to retrieve information, e.g., for decision support:
We could, e.g., create an instance male Patient X, and let him have a liver simulation and
a mitral valve simulation, see Figure 9. And these simulations may be executed on a specific
compute infrastructure instance, such as on a TensorFlow GPU node or on the bwUniCluster at
the KIT, Germany.
With these instances being created, our ontology-driven system is now able to autonomously go
on, i.e., infer missing knowledge about the respective instances through querying, reasoning and general
knowledge retrieval, and further process all information all through the entire surgery assistance pipeline
as depicted in Figure 1. We have motivated the respective steps at the beginning of this section, and
their functionalities and results were shown as well as elaborted on in our previous works [3, 19, 20].
Short discussion and outlook. Having developed this first prototype of a heavyweight knowledge
model for FEM surgery simulation, our knowledge model has to be evaluated. For the evaluation of
our ontology , we plan to stick to the suggested methodology in [11], and want to answer the following
questions:
 Are goal, scope and range of our ontology fulfilled? - I.e., is it adequate in the context of our
desired surgery simulation application field? Has the domain properly and comprehensively been
represented? Have concepts, classes, individuals and relations been properly generalized and linked
with each other?
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 Can we answer the competency questions we asked in the initial phase of the ontology development?
- I.e., is it user-oriented, and can the answers be given through querying the ontology and the
associated knowledge base?
 Is the ontology complete, consistent and logically set-up? - Is the ontology development environmentbased consistency checking successful?
 Is compatibility with the employed reasoning engines given? - I.e., can new knowledge be inferred
through reasoning?
 And finally, can our ontology stand its ground when fully integrated into our cognition-guided,
patient-specific, simulation-enhanced cardiac surgery assistance system prototype [15]? - Does it
improve and enhance the earlier system setup? - Is medical, surgical and technical evidence obvious?

In order to answer the last question, we plan to validate the complete setup by means of surgery
application scenarios motivated through our clinical research partners, e.g., in cardiac, vascular and
laparoscopic surgery. Moreover, to evaluate the overall ontology-driven data and information processing
as well as the compatibility with reasoning engines, the single pipeline components can be evaluated
separately, e.g., by means of testing the machine results versus those from a human domain expert.

3

Summary, Conclusion and Outlook

We conclude with a short summary of the presented research and development.
Building on top of our previous works on cognition-guidance and patient-specifity for simulationenhanced cardiac surgery assistance, we have evolved and further developed the given setup in this work
and particularly investigated on
1. a machine learning framework which allows to patient-individually calibrate soft tissue material
parameters for subsequent simulation, and
2. a profound knowledge management framework which may enhance the ontology-driven overall setup
of the cognition-guided surgery simulation in a clinic environment.
We have presented our ideas, concepts and implementations both in the machine learning context and
in the knowledge modeling context. However, rather than being a closed research work with an in-depth
theory backup and a complete evaluation, we here presented a technical report and some interesting
experimental works that are to serve for further research and development.
.
Putting all building blocks of our research together, we obtain what is visualized in Figure 10. The
three left bottom blocks denote our previous works on the biomechanical surgery simulation itself [16, 17], on the MSML-based simulation preprocessing [18, 22], and on the semantic data
infrastructure which our cognitive software applications work on [3, 19]. Through complete integration of these three blocks, we are able – to some extend – to set up cognition-guided and patient-specific
surgery simulation scenarios for cardiac surgery assistance [15].
In addition to this, the right bottom block now represents the here suggested Machine Learning
framework unit, which we designed in order to fine-calibrate the above obtained cognition-guided,
patient-specific surgery simulation setup through calibration of the soft tissue material parameters, see
Section 2.1. Like this, we intend to achieve (or, at least go towards) a fully personalized surgery simulation
for cardiac surgery assistance purposes.
Adding as a top layer onto all these blocks our surgery simulation knowledge model / ontology ,
as presented in Section 2.2, we finally enable fully automated, fully personalized, intelligent surgery
simulation assistance, Figure 10.
.
In terms of future work, we see the following items:
 evolve the Reinforcement Learning algorithms and simulation calibration setup,
 evaluate the Machine Learning-based simulation calibration approach versus a Data Assimilationbased simulation calibration approach,
 evaluate the proposed surgery simulation ontology, desirably in the context of surgical applications.
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Figure 10: Illustration of the overall setup and the contained closely connected building blocks of
our intelligent Personalized Simulation-enhanced Surgery Assistance system prototype,
in short: i-PSSA.

Lastly, we want to emphasize again, that this work is to be seen as a technical report on our recent
experimental works. In-depth studies on the underlying theory and an exhaustive evaluation are, however,
missing so far, and up to further research.
.
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