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Figure 2. Building the knowledge-based probabilistic model: offl ine learning from an annotated image 
database and online automatic detection of standard planes and LV contours.
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Figure 2. Building the knowledge-based probabilistic model: offline learning from an annotated image  
database and online automatic detection of standard planes and LV contours.

Knowledge-based Probabilistic Model

Siemens addresses the problem of anatomy identification 

using a database-driven knowledge-based approach.  

Volumetric image features are extracted from the data-

base of cases and are mapped into a probabilistic space. 

In this space, a model is learned based on the features 

that are relevant to various anatomical landmarks and 

are associated with the correct data annotations given 

by the experts. In the probabilistic space, locations 

corresponding to the relevant features with have high 

probability values. Learning the relevant image patterns 

is performed offline and the training process can take  

several days depending on the data complexity. Learning 

in a particular space involves training a discriminative  

classifier which encodes the relevant features for the  

anatomy. It is trained using the annotated database by 

giving as input correct and incorrect anatomy examples  

in the volume. After training, given a new input, the  

classifier (anatomy detector) will be able to return a  

probability of the input belonging to a correct anatomy  

configuration. Examining the image features selected by 

the classifier shows that they are associated with stable 

anatomical landmarks such as mitral valve location,  

septal wall or cardiac apex. The classifier is trained  

using Siemens proprietary technology which is named 

Probabilistic Boosting Tree.5

Given an input volume, the anatomy detectors are  

hierarchically searched over the whole set of image  

parameters and the corresponding features are computed. 

The detector will return the probability associated with 

the searched parameters and the result is selected based 

on most probable locations. This process is performed 

online and is very fast.

Data mapping to the probabilistic space starts with a 

parameterization of the left ventricle in terms of a nine-

dimensional rigid transformation corresponding to the 

location, orientation and scale of the heart. As searching  

in a high resolution volume is prohibitive for online 

applications (for example, a volume of 100x100x100 

voxels have 106 hypotheses for position) and it is difficult 

to train a detector in the full space, a set of detectors 

were designed to estimate the parameters sequentially 

in spaces of increasing dimensions. As shown in Figure 3,  

estimation is split into several problems: position 

estimation, position-orientation estimation, full similarity 

estimation, relative plane parameters estimation for the 

standard planes and full non-rigid estimation for left  

ventricle delineation. Each subsequent stage is trained  

using only samples that pass the previous stage. For 

example, training a detector for position-orientation 

involves only data samples that have a high probability 

response from the position estimation detector. This 

makes the learning process easier by concentrating only 

on data samples in the high probability regions of the 

hypothesis space. Given an input volume, the anatomy 

detector for each stage is scanned over the associated 

parameters, and all hypotheses with high probability are 

passed to the next stage. For standard plane estimation, 

the additional parameters searched after the rigid trans- 

formation are: the angle around the long axis of the left  

ventricle for apical planes and the angle and location  

relative to the long axis for short axis planes.4 For non- 

rigid segmentation of the left ventricle, the boundary 

control points are iteratively deformed according to the  

probability of the boundary detectors and the probability 

of the LV shape model. Searching and learning in incre-

mental space is Siemens proprietary technology which is 

named Marginal Space Learning (Figure 3) and allows 

for very fast solutions, i.e. to compute the locations  

of all standard planes it takes less than a second.4,5



Figure 3. Anatomy detection using the knowledge-based probabilistic model.
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Figure 4. Left ventricle motion tracking with learned motion patterns, collaborative trackers and robust information fusion.



Motion Tracking with Robust Information 
Fusion and Collaborative Trackers

Methodology

Determining the endocardial boundary of the left 

ventricle over the entire cardiac cycle is performed by 

exploiting the information in the database. Motion 

patterns are learned through manifold mapping and 

clustering which are used together with statistical 

shape models, traditional pattern tracking and learned 

boundary detectors.3 Fully automatic delineation of the 

LV border is performed on the end-diastolic phase of the 

cardiac cycle using the knowledge-based probabilistic 

model. LV motion is incrementally tracked in subsequent 

frames by robust information fusion from all learned 

models. Motion determination is achieved in an additive 

process. Given the LV shapes from previous frames, the 

most probable motion pattern is determined through 

registration to the offl ine learned patterns. This results in 

a prior shape for the current volume according to motion. 

A second shape is computed based on the learned 

boundary detectors and a third shape is computed based 

on standard template matching of the control points. One 

fi nal source of information is a statistical LV shape model. 

All the sources of information for the LV shape are fused 

according to their probability to determine the current 

segmentation of the LV. The resulting method is extremely 

robust to anatomical landmark ambiguity, signal dropout, 

weak edges or non-rigid deformations (Figure 4). 

Figure 5. Automatic alignment of apical view for three cases: on the left column is the default acquisition confi guration, on the 
right column the detected standard planes. 
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Conclusion

Robust and consistent automatic navigation and quanti-

fication of volumetric cardiac ultrasound data is possible 

by exploiting domain expert knowledge embedded in 

large annotated volumetric image databases. One ap-

plication of this novel technology is automatic alignment 

and extraction of standard views from a full volume 

cardiac ultrasound of the left ventricle (Figure 5). The 

user can select standard apical views or short axis views 

of the heart without having to navigate the volume in 

a traditional way. This improves workflow and has the 

potential to increase the user consistency. A second 

application is automatic delineation of the left ventricle 

endocardium throughout the cardiac cycle while taking 

into consideration expert knowledge on border location. 

The introduction of database-guided learned pattern 

recognition for automatic identification of anatomy in 

full volume cardiac ultrasound significantly improves the 

workflow and opens up new possibilities in quantification 

of cardiac function.
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