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(57) ABSTRACT 

A view represented by echocardiographic data is classified. A 
probabilistic boosting network is used to classify the view. 
The probabilistic boosting network may include multiple lev 
els where each level has a multi-class local structure classifier 
and a plurality of local-structure detectors corresponding to 
the respective multiple classes. In each level, the local struc 
ture is classified as a particular view and then the local struc 
ture is detected to determine whether the currently selected 
local structure corresponds to the class. The view classifica 
tion may be used to determine gate locations, such as a gate 
for spectral Doppler analysis. 
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AUTOMATED VIEW CLASSIFICATION WITH 
ECHOCARDOGRAPHC DATA FOR GATE 
LOCALIZATION OR OTHER PURPOSES 

RELATED APPLICATIONS 

0001. The present patent document claims the benefit of 
the filing date under 35 U.S.C. S119(e) of Provisional U.S. 
Patent Application Ser. No. 60/974,955, filed Sep. 25, 2007, 
which is hereby incorporated by reference. 

BACKGROUND 

0002 The present embodiments relate to medical diagnos 
tic ultrasound imaging. In particular, views of desired planes 
are automatically classified. 
0003 Spectral Doppler echocardiography is widely used 
to assess cardiovascular function and pathology, such as val 
Vular regurgitation and Stenosis. The Velocity of blood or 
moving structures is determined from the Doppler effect of 
ultrasound waves. To acquire a Doppler echocardiogram, a 
Sonographer places a Doppler or range gate on the screen at 
the location where the blood velocity is to be measured. 
However, placement may be inconsistent between Sonogra 
phers or for a same Sonographer at different times. This varia 
tion may result in gathering less diagnostically useful infor 
mation. 
0004. The velocity may be measured at different locations 
or a same location for different views. For example, standard 
echocardiography views include apical two, three, four and 
five chamber views. Each view includes the left ventricle, but 
different views shows different valves. A gate may be located 
by the mitral valve (MV), the tricuspid valve (TV), or the 
aortic valve (AV) depending on the type of view. It may be 
difficult for a sonographer to properly identify the view and 
the location or locations for spectral Doppler analysis. It may 
be time consuming to position the range gate. 

BRIEF SUMMARY 

0005. By way of introduction, the preferred embodiments 
described below include methods, computer readable media 
and systems for classifying a view represented by echocar 
diographic data. A probabilistic boosting network is used to 
classify the view. The probabilistic boosting network may 
include multiple levels where each level has a multi-class 
local structure classifier and a plurality of local-structure 
detectors corresponding to the respective multiple classes. In 
each level, the local structure is classified as a particular view 
and then an attempt is made to detect the local structure to 
determine whether the currently selected local structure cor 
responds to the class. The view classification may be used to 
determine gate locations, such as a gate for spectral Doppler 
analysis. 
0006. In one embodiment, multiple class global structure 
classifiers, hypothesis fusion, and/or other operations further 
classify for any local structures sufficiently representing the 
class according to the probabilistic boosting network. Once 
the view is classified, a valve or spectral Dopplergate location 
may be identified. The shape of the local structure is deter 
mined in order to automatically position the spectral Doppler 
gate. 
0007. In a first aspect, a method is provided for classifica 
tion of a view from echocardiographic data. Local structure 
represented by the echocardiographic data is classified as a 
first of a plurality of possible views. A local structure detector 
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specific to the first of the possible views is selected in 
response to the classifying. The local structure detector is 
applied to the echocardiographic data. Whether the echocar 
diographic data represents a local structure is determined in 
response to the applying. 
0008. In a second aspect, a computer readable storage 
medium has stored therein data representing instructions 
executable by a programmed processor for classification of a 
view from echocardiographic data. The storage medium 
includes instructions for classifying, with a first machine 
learnt multi-class local structure classifier, each of a plurality 
of echocardiographic data sets associated with different 
search positions of a window on an image as a cardiac stan 
dard view and selecting, for each of the echocardiographic 
data sets, a first machine learnt local structure detector as a 
function of the classified cardiac standard view, different first 
local structure detectors being available for each of the car 
diac standard views. The instructions also include detecting, 
with the selected first local structure detector and for each 
echocardiographic data set, whether the echocardiographic 
data sets include local structure and ceasing processing of 
each of the echocardiographic data sets where the local struc 
ture is not detected. For each of the echocardiographic data 
sets where the local structure is detected, the instructions 
include repeating the classifying, selecting and detecting with 
a second machine learnt multi-class local structure classifier 
and second machine learnt local structure detectors, different 
second local structure detectors being available for each of 
the cardiac standard views, the second machine learnt multi 
class local structure classifier being more discriminative than 
the first machine learnt multi-class local structure classifier, 
and the second machine learnt local structure detectors being 
different than the respective first machine learnt local struc 
ture detectors. 
0009. In a third aspect, a system for classification of a view 
from echocardiographic data is provided. A memory is oper 
able to store ultrasound data representing a plane through a 
heart volume. A processor is operable to classify the view 
corresponding to the plane as a function of a probabilistic 
boosting network. A display is operable to display an image 
of the view and a location indicator, the location indicator 
position being a function of the view. 
0010. The present invention is defined by the following 
claims, and nothing in this section should be taken as a limi 
tation on those claims. Further aspects and advantages of the 
invention are discussed below in conjunction with the pre 
ferred embodiments and may be later claimed independently 
or in combination. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0011. The components and the figures are not necessarily 
to scale, emphasis instead being placed upon illustrating the 
principles of the invention. Moreover, in the figures, like 
reference numerals designate corresponding parts throughout 
the different views. 
0012 FIG. 1 is a block diagram of one embodiment of a 
system for classification of a view from echocardiographic 
data; 
0013 FIG. 2 is a graphical representation of instructions 
for classifying a view according to one embodiment; 
0014 FIG. 3 is a flow chart diagram of embodiments of a 
method for classification of a view from echocardiographic 
data; 
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0015 FIG. 4 is a graphical representation of one embodi 
ment of a local structure bounding box and a global structure 
bounding box; and 
0016 FIG. 5 shows example medical images of standard 
echocardiographic views and associated spectral Doppler 
images. 

DETAILED DESCRIPTION OF THE DRAWINGS 
AND PRESENTLY PREFERRED 

EMBODIMENTS 

0017. An algorithm may provide automatic Doppler gate 
localization in spectral Doppler echocardiography. The algo 
rithm uses B-mode image information. The algorithm has two 
components: 1) cardiac standard view classification and 2) 
gate location inference. Cardiac view classification may be 
used for other purposes. For cardiac view classification, the 
probabilistic boosting network (PBN) principle is incorpo 
rated with local-structure-dependent object classification. 
The PBN may provide more efficient processing as the PBN 
breaks down the computational dependency on the number of 
classes. PBN may be scalable to any number of object classes 
(e.g., views). 
0018 To automate the gate localization, the cardiac view 
represented by animage is identified. In each standard cardiac 
view, there are different valves and different optimal locations 
for the Doppler gate. The gate location may be computed 
using a data-driven shape inference or other approach. The 
approach depends on the view that an image represents. The 
algorithm may be a real time solution to automated Doppler 
gate placement in the clinical environment. Automatic place 
ment of the Doppler gate may improve workflow by elimi 
nating time consuming manual Doppler gate positioning and 
reduce the user dependency of the exams. 
0019. The algorithm may use data-driven machine learn 
ing techniques customized for medical image analysis tasks, 
Such as left ventricle (LV) detection in noisy echo images. 
Binary classification, multi-class classification, shape infer 
ence, or other machine learning approaches may be used. For 
example, the inference model for gate location determination, 
given a view, is based on a database-guided segmentation 
approach. A function that computes the LV shape and the gate 
location using an image patch is learned. The LV shape and 
the gate location are inferred simultaneously using a shape 
inference algorithm. 
0020 FIG. 1 shows a system 10 for classification of a view 
from echocardiographic data. The system 10 is a medical 
diagnostic ultrasound imaging system, but may be a com 
puter, workstation, database, server, or other system. The 
system 10 classifies an image or frame of data as representing 
or not a particular view. The classification may be output 
and/or used for further processing, Such as identifying a gate 
location for spectral Doppler imaging based on the view. The 
classification may be implemented with an algorithm, such as 
a machine-trained matrix. 
0021. The system 10 includes a processor 12, a memory 
14, a display 16, and a transducer 18. Additional, different, or 
fewer components may be provided. For example, the system 
10 includes a transmit beam former, receive beam former, 
B-mode detector, Doppler detector, harmonic response detec 
tor, contrast agent detector, scan converter, filter, combina 
tions thereof, or other now known or later developed medical 
diagnostic ultrasound system components. As another 
example, the transducer 18 is not provided, such as where the 
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system 10 is a workstation for off-line or later classification of 
stored or transferred echocardiographic data. 
0022. The transducer 18 is a piezoelectric or capacitive 
device operable to convert between acoustic and electrical 
energy. The transducer 18 is an array of elements, such as a 
one or multi-dimensional array. Alternatively, the transducer 
18 is a wobbler for mechanical scanning in one dimension and 
electrical scanning in another dimension. 
0023 The system 10 uses the transducer 18 to scan a 
planar region ora Volume. Electrical and/or mechanical steer 
ing allows transmission and reception along different scan 
lines. Any scan pattern may be used. In one embodiment, the 
transmit beam is wide enough for reception along a plurality 
of scan lines. In another embodiment, a plane, collimated or 
diverging transmit waveform is provided for reception along 
a plurality, large number, or all scan lines. 
0024. Ultrasound data representing a plane or volume is 
provided in response to the Scanning. The ultrasound data is 
beam formed, detected, and/or scan converted. The ultra 
Sound data may be in any format, Such as polar coordinate, 
Cartesian coordinate, a three-dimensional grid, two-dimen 
sional planes in Cartesian coordinate with polar coordinate 
spacing between planes, or other format. The ultrasound data 
is echocardiographic data. The ultrasound data represents the 
heart at a given time. Such as end diastole and/or end systole. 
B-mode, flow mode, color Doppler, harmonic, contrast agent, 
or other modes of imaging may be used. 
0025. In one embodiment for automated positioning of a 
range gate, the system 10 includes a spectral Doppler detec 
tor. Using samples representing the range gate at different 
times, a spectrum associated with flow or movement at the 
location is determined. The spectral Doppler detector uses 
frequency shift to estimate the power of flow as a function of 
Velocity at the range gate location. By performing the esti 
mate at different times, such as with a moving window, a 
spectral Doppler image of the power of flow as a function of 
Velocity as a function of time is generated (velocity along the 
y-axis, pixel intensity modulated by power, and time along 
the X-axis). Other spectral displays may be generated for the 
range gate, such as a spectrum graph. Using the view classi 
fication, the location for spectral analysis may be indicated. 
The range gate for spectral analysis is placed at the location 
indicator, Such as adjacent a heart valve. 
0026. The memory 14 is a buffer, cache, RAM, removable 
media, hard drive, magnetic, optical, database, or other now 
known or later developed memory. The memory 14 is a single 
device or group of two or more devices. The memory 14 is 
shown within the system 10, but may be outside or remote 
from other components of the system 10. 
0027. The memory 14 stores the ultrasound data, such as 
ultrasound data representing a heart Volume or representing a 
plane through a heart Volume. Using a program and/or user 
input, a plane through the Volume may be selected. The heart 
Volume is a Volume including at least a portion of the heart. 
The memory 14 stores flow (e.g., Velocity, energy or both) 
and/or B-mode ultrasound data. Alternatively, the medical 
image data is transferred to the processor 12 from another 
device. The medical image data represents a planar region at 
a given time or in a sequence. 
0028. For real-time imaging, the ultrasound data bypasses 
the memory 14, is temporarily stored in the memory 14, or is 
loaded from the memory 14. Real-time imaging may allow 
delay of a fraction of seconds, or even seconds, between 
acquisition of data and imaging. For example, real-time imag 
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ing is provided by generating the images Substantially simul 
taneously with the acquisition of the data by Scanning. While 
scanning to acquire a next or Subsequent frame of data, an 
image is generated for a previous frame of data. The imaging 
occurs during the same imaging session used to acquire the 
data. The amount of delay between acquisition and imaging 
for real-time operation may vary. The delay may allow for 
view classification, but not be or barely be noticeable to the 
user. In alternative embodiments, the ultrasound data is stored 
in the memory 14 from a previous imaging session and used 
for classification without concurrent acquisition. 
0029. The memory 14 is additionally or alternatively a 
computer readable storage medium with processing instruc 
tions. The memory 14 stores data representing instructions 
executable by the programmed processor 12 for classification 
of a view from echocardiographic data. The instructions for 
implementing the processes, methods and/or techniques dis 
cussed herein are provided on computer-readable storage 
media or memories, such as a cache, buffer, RAM, removable 
media, hard drive or other computer readable storage media. 
Computer readable storage media include various types of 
Volatile and nonvolatile storage media. The functions, acts or 
tasks illustrated in the figures or described herein are executed 
in response to one or more sets of instructions stored in or on 
computer readable storage media. The functions, acts or tasks 
are independent of the particular type of instructions set, 
storage media, processor or processing strategy and may be 
performed by Software, hardware, integrated circuits, firm 
ware, micro code and the like, operating alone or in combi 
nation. Likewise, processing strategies may include multi 
processing, multitasking, parallel processing and the like. In 
one embodiment, the instructions are stored on a removable 
media device for reading by local or remote systems. In other 
embodiments, the instructions are stored in a remote location 
for transfer through a computer network or over telephone 
lines. In yet other embodiments, the instructions are stored 
within a given computer, CPU, GPU, or system. 
0030 The processor 12 is a general processor, digital sig 
nal processor, three-dimensional data processor, graphics 
processing unit, application specific integrated circuit, field 
programmable gate array, digital circuit, analog circuit, com 
binations thereof, or other now known or later developed 
device for processing medical image data. The processor 12 is 
a single device, a plurality of devices, or a network. For more 
than one device, parallel or sequential division of processing 
may be used. Different devices making up the processor 12 
may perform different functions, such as a scanning control 
ler and an image generator operating separately. In one 
embodiment, the processor 12 is a control processor or other 
processor of a medical diagnostic imaging system, Such as a 
medical diagnostic ultrasound imaging system processor. 
The processor 12 operates pursuant to stored instructions to 
perform various acts described herein, such as obtaining data, 
classifying views, and/or controlling imaging. 
0031. In one embodiment, the processor 12 receives 
acquired ultrasound data during or after scanning and classi 
fies the view represented by the data. The processor 12 per 
forms or controls other components to perform the methods 
described herein. 
0032. The processor 12 performs machine learning and/or 
applies a machine-learnt algorithm. For application, the pro 
cessor 12 calculates features for classification. The data rep 
resenting the plane is classified with a machine-learnt algo 
rithm. In one embodiment shown in FIG. 2, the classifier 
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includes a probabilistic boosting network 30, which anchors 
a local structure such as LV. The probabilistic boosting net 
work 30 improves the computation time of anchoring the 
local structure using detectors and multi-class classifiers. The 
probabilistic boosting network 30 includes multiple levels 
where each level includes a multi-class view classifier 32 and 
a plurality of class-specific local structure detectors 34. Each 
level has a different discrimination strength. For example, the 
discrimination strength gets stronger from the top level to 
bottom level. 

0033. The multi-class view classifier 32 is a multi-class 
local structure classifier. Any local structure. Such as the left 
ventricle, may be classified into one of the pre-defined 
classes. A window sized to approximate the left ventricle area 
is applied to the data. The windowed data is classified as being 
the left ventricle for a particular view. For example, the data is 
closest to representing the left ventricle of an A4C view, not 
A2C, A3C, or A5C views. Even though the window-sized 
region is far from the left ventricle, the windowed data is 
classified into one of the classes. The windowed data not 
representing the left ventricle may be filtered out in the local 
structure detector 34. Any number of classes, any local struc 
ture, and/or any windowing may be used. The multi-class 
view classifier 32, using the learned features, outputs a view 
most likely represented by the data. 
0034. The classification is performed for different window 
locations (e.g., translations, scales, and/or orientations). The 
processor 12 (FIG. 1) searches different locations within the 
plane, and classifies for each of the different locations. 
0035. The multi-class view classifier 32 may avoid appli 
cation of detectors for different types of views having to be 
applied to the data for each window. Instead, the class is used 
to select a detector 34 trained or programmed for the specific 
view. Each detector 34 is a same type of algorithm, but dif 
ferent algorithms may be used for different detectors 34. The 
same and/or different features may be applied by each detec 
tor 34. 

0036. The detector 34 detects local structure. In the 
example above, the selected detector 34 identifies whether a 
left ventricle structure is in the current window location. If 
not, the process for the current window location ends, limiting 
unneeded and inefficient processing. If the structure is iden 
tified, the process continues to the next level of multi-class 
local structure classifier 32 and local structure detectors 34. 
The multi-class local structure classifier 32 of the next level 
may classify the data of the window as the same or a different 
view than for the previous level. Any number of levels may be 
used. Each level uses different classifiers, detectors, and/or 
features than other levels. For example, the classifier 32 and 
detectors 34 of each subsequent level are trained to be more 
discriminative than the previous levels. Different levels may 
be trained to consider different aspects of local structure, such 
as using features more likely to highlight a specific anatomy 
associated with part of the local structure. Alternatively, the 
different levels are trained to consider the same overall local 
Structure. 

0037. Any features may be used. Different types of fea 
tures may be used for the same classifier 32 or detector 34, or 
all of the features are of a same type for a given classifier 32 
or detector 34. In one embodiment, Haar wavelet-like fea 
tures are calculated. Haar wavelet-like features represent the 
difference between different portions of a region. Any num 
ber of features may be used, such as tens, hundreds, or thou 
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sands. The machine learning process may determine a desired 
subset or set of features to be used for a given classification or 
detection task. 

0038 Any classifier 32 or detector 34 may be applied, 
Such as a model-based classifier or a learned classifier (e.g., 
classifier based on machine learning). For learned classifiers, 
binary or multi-class classifiers may be used. Such as Baye 
sian, boosting or neural network classifiers. The classifier 32 
and/or detector 34 are instructions, a matrix, learned code, or 
other software and/or hardware for distinguishing between 
information in a medical image. In one embodiment, the 
classifiers 32 and detectors 34 are a machine-trained proba 
bilistic boosting tree. Each classifier 32 and detector 34 is 
constructed as a tree structure. The machine-trained probabi 
listic boosting tree is trained from a training data set. The 
processor 12 is operable to implement the machine-trained 
probabilistic boosting network 30. 
0039 For a given set of data or image, the probabilistic 
boosting network 30 may identify one or more window 
regions corresponding to one or more views. In one embodi 
ment, the probabilistic boosting network 30 is trained to iden 
tify one view for the image. In another embodiment, further 
processing is performed. The probabilistic boosting network 
30 identifies multiple windows as representing the local struc 
ture in one or more corresponding views. Further processing 
provides a final classification. 
0040 FIG. 2 shows one embodiment of the further classi 
fication. This further classification is disclosed in U.S. Pub 
lished patent application Ser. No. (Ser. No. 1 1/775, 
538, filed Jul. 10, 2007), the disclosure of which is 
incorporated herein by reference. A global template 36 
expands the detected local structure. Given the classified 
view, the window region is expanded to include other view 
associated structures (e.g., expanded in particular directions 
to include other heart chambers). The global region is classi 
fied by multi-class global structure classifiers 38. A multi 
class global structure classifier 38 is provided for each view. 
The multi-class global structure classifier 38 is trained using 
false positives associated with other views and true positives 
associated with the correct view. A global region, which is 
constructed using an output candidate by a local structure 
detector 34, is classified by the local structure's correspond 
ing global structure classifier 38. For instance, LSD of 34 
produces a candidate, and the corresponding global region is 
classified only using MGSC. A hypothesis fusion 40 is 
trained to determine the actual classification given the outputs 
of the multi-class global structure classifiers 38. A final clas 
sification 42 is output. Other processes may be used. 
0041. The processor 12 may output the view. Alterna 

tively, the view is used for additional processing. Such as 
segmentation and/or determination of spectral Doppler gate 
position. For example, the segmentation described in U.S. 
Published Patent Application No. 2006/0171586, the disclo 
sure of which is incorporated herein by reference, is used. 
Using database based segmentation, a plurality of points 
(e.g., 17 points) show the left ventricle shape. An inference 
model is trained to position the points on the view or image. 
The input data is normalized to have a vertical orientation for 
the left ventricle and have a predetermined size. The inference 
model is also trained to position a point for each valve orgate 
location near a valve. The inference model applies regression 
to determine the left ventricle border and the gate positions. 
The gate position indicates a location for spectral analysis. 
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0042. The display 16 is a CRT, LCD, plasma, projector, 
printer, or other output device for showing an image, text, 
view label, and/or gate location indicator. The display 16 
displays an image of the detected plane, such as an image of 
the detected Standard plane (e.g., A4C). The data representing 
the plane is used for generating the image. 
0043 FIG. 3 shows a method for classification of a view 
from echocardiographic data. The method is implemented by 
a medical diagnostic imaging system, a review station, a 
workstation, a computer, a PACS station, a server, combina 
tions thereof, or other device for image processing medical 
ultrasound data. For example, the system 10 or computer 
readable media shown in FIG. 1 implements the method, but 
other systems may be used. The method implements the clas 
sifier represented in FIG. 2, the probabilistic boosting net 
work 30, or different classifiers or networks. 
0044) The method is implemented in the order shown or a 
different order. Additional, different, or fewer acts may be 
performed. For example, acts 62-74 are optional. As another 
example, repetitions represented at acts 58 and/or 60 are not 
provided. 
0045. The acts are performed in real-time, such as during 
scanning. The user may view images of a classified view 
and/or spectral Doppler images for an automatically posi 
tioned gate while scanning to acquire further data. The 
images may be associated with previous scanning in the same 
imaging session, but with different data. Alternatively, the 
acts are performed off-line. Such as at a review station after 
the imaging session is complete. 
0046. One or more sets of echocardiographic data are 
obtained. The ultrasound data corresponds to a displayed 
image (e.g., detected and scan converted ultrasound data), 
beam formed data, detected data, and/or scan converted data. 
The ultrasound data represents at least a plane through the 
heart of a patient. The plane includes tissue, fluid or other 
structures. Different structures or types of structures react to 
the acoustic energy differently. For example, heart muscle 
tissue moves, but slowly as compared to fluid. The temporal 
reaction may result in different velocity or flow data. The 
shape of a structure or spatial aspect may be reflected in 
B-mode data. One or more objects, such as the heart, an 
organ, a vessel, fluid chamber, clot, lesion, muscle, and/or 
tissue are within the Volume region. The data represents the 
region. 
0047 Acts 50-56 represent a probabilistic boosting net 
work, but other computer learnt hierarchal, tree, or network 
structures may be used. Acts 50-56 represent application of 
machine learnt multi-class local structure classifiers and 
machine learnt local structure detectors. Other classifier and/ 
or detector arrangements or order of application may be used. 
In one embodiment, a single pass through acts 50-56 is pro 
vided. In other embodiments, acts 50-56 are repeated inact 58 
and/or act 60. 

0048. The basic framework of the algorithm is to anchora 
relatively stable (rigid) local structure of each object class. 
Any number of object classes may be used, such as four apical 
views. Any structure may be used, such as the left ventricle, as 
the local structure. In acts 62-66, a global structure is then 
extracted based on the anchored local structure and further 
classified using multi-class classifiers. The probabilistic 
boosting network is used to provide efficient or quick pro 
cessing, lessening linear computational dependency on the 
number of classes. 
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0049. In act 50, a local structure represented by the 
echocardiographic data is classified as one of a plurality of 
possible views. A machine-learnt multi-class local structure 
classifier classifies the local structure. Any classifier or clas 
sifiers may be used. The classifier may be a model or detector 
using image processing, filtering, or other techniques. A col 
lection of different classifiers, cascaded classifiers, hierarchal 
classifier, model-based classifier, classifier based on machine 
learning, combinations thereof, or other multi-class classifier 
may be used. Multi-class classifiers include CART, K-nearest 
neighbors, neural network (e.g., multi-layer perceptron), 
mixture models, boosting, Support vector machine, or others. 
A probabilistic boosting tree may be used. Error-correcting 
output code (ECOC) may be used. 
0050. The classifier is trained from a training data set 
using a computer. In one embodiment, the classifier is a 
knowledge-based probabilistic model. Such as marginal 
space learning using a hierarchical search. A database of 
known cases is collected for machine learning, providing a 
database-driven knowledge-based approach. Knowledge is 
embedded in large annotated data repositories where expert 
clinicians manually indicate the view associated with images 
of a particular local structure. The known cases are spatially 
aligned or registered, such as by aligning the coordinate sys 
tem to a left ventricle axis and a set scale. The multi-class 
classifier is trained on a large number of annotated images of 
the isolated local structure. 

0051. For learning-based approaches, the classifier is 
taught to distinguish based on features. For example, a prob 
ability model algorithm selectively combines features into a 
strong committee of weak learners based on Haar-like local 
rectangle filters whose rapid computation is enabled by the 
use of an integral image. Features that are relevant to the local 
structure of different views are extracted and learned in a 
machine algorithm based on the experts annotations, result 
ing in a probabilistic model for local structure of different 
views. A large pool of features may be extracted. The training 
determines the most determinative features for a given clas 
sification and discards non-determinative features. 

0052 A probabilistic boosting tree (PBT), which unifies 
classification, recognition, and clustering into one treatment, 
may be used. For example, the multi-class classifiers 32 and 
detectors 34 of the probabilistic boosting network 30 shown 
in FIG. 2 are trained as a probabilistic boosting tree. The 
classifier is a tree-based structure with which the posterior 
probabilities of the presence of the local structure in a given 
view are calculated from given data. Each detector or classi 
fier not only provides a decision for a given sample, but also 
a confidence value associated with the decision. The nodes in 
the tree are constructed by a combination of simple classifiers 
using boosting techniques, such as disclosed by Tu, “Proba 
bilistic Boosting-Tree: Learning Discriminative Models for 
Classification, Recognition, and Clustering.” Proc. Int’l 
Conf. on Computer Vision, pp 1589-1596, 2005. Separate or 
other grouping of training for different levels, or for the 
multi-class classifiers as compared to the detectors may be 
used. 

0053. In the example represented by FIG. 2, the one multi 
class local structure classifier (MC LSC) is trained and con 
figured to multiple levels in a hierarchical structure, 
MC LSC, ..., MC LSC. To classify a local structure, the 
levels are applied sequentially (e.g., from MC LSC, to 
MC LSC). The multi-class local structure classifier 32 and 
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the four detectors 34 are trained using the multi-class logit 
boosting based image classification approach. 
0054 Inact 50, the multi-class local structure classifier of 
a first level is applied. Given an image, a window is located at 
different positions. Each window position identifies an 
echocardiographic data set to be classified as a particular 
view. For each position, the local structure designated by the 
window is classified. Act 50 represents the application for one 
window position. 
0055. The window is of any size and shape. For example, 
the input data is scaled based on known acquisition settings or 
other criteria to more closely match a norm. A square region 
corresponding to typical (e.g., average), standard deviation 
(e.g., 2/3 of training cases), or other threshold in size desig 
nates the local structure data to be classified. Any search or 
window positioning criteria may be used. Such as shifting by 
one or more pixels. Sparse or more exhaustive searching may 
be used. The window is moved to different search positions by 
translation, orientation, Scale, or combinations thereof. In one 
embodiment, the search space has five dimensions: (x, y) 
location, width, height and angle, represented as (x,y,w, h, 0). 
0056. The training and classification may include any 
number of views. In one example, the class includes A2C, 
A3C, A4C, and A5C. Short axis views may be included or 
used as alternatives. Standard views are used, but non-stan 
dard views may be used additionally or alternatively. The 
standard views are set by a medical association, a hospital, a 
practice, or a particular doctor. The local structure is the left 
ventricle, but different local structures (e.g., valves or other 
chambers) may be used. The local structure may include a 
plurality of anatomy features, a single anatomy feature, a 
portion of an anatomy feature, or combinations thereof. 
0057 To apply the classifier, the discriminative features 
are calculated. The features are calculated for a given window 
position. The features are calculated from the echocardio 
graphic data identified by the current window position. In one 
embodiment, features are calculated from the data at different 
resolutions. A Volume pyramid is provided, such that the data 
set is downsampled to different resolutions. For example, one 
set of data has fine resolution, Such as the scan resolution, and 
another set of data has a coarse resolution, such as the fine set 
decimated by /4 in each dimension (i.e., down sample by a 
factor of 4). The sets represent the same object in the same 
Volume. Any number (one, two, or more) sets may be used. 
Features are calculated from a coarse set and then in a fine set 
of the Volume pyramid. The machine learning may determine 
the determinative features. For each determinative feature, a 
data set at the corresponding resolution is provided. Other 
features may be calculated regardless of the view, Such as 
where a feature for a patient may be determinative in combi 
nation with features for a possible view. 
0058. The feature values for the current local structure are 
input to the multi-class classifier. The classifier outputs a 
view. The view is one of the standard views or other specific 
view. In an alternative embodiment, one possible output by 
the multi-class classifier is that the data does not represent one 
of the views. 
0059. In act 52, a local structure detector is selected. Each 
local structure detector is specific to a view. For example, 
A2C, A3C, A4C, and A5C local structure detectors are trained 
for detecting the left ventricle or other local structure shown 
in the corresponding view. In response to the classification of 
the view in act 50, the detector corresponding to the view is 
selected. Each detector is a machine learnt local structure 
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detector. Each local structure detector (LSD), whereie 1, C. 
is independently applied to echocardiographic data. The 
LSD, provides positive candidates of the local structure of the 
I' object class. By selecting the local structure detector based 
on the classified view, only the selected local structure detec 
tors may be applied, reducing the number of calculations 
associated with applying each detector where view informa 
tion is not available. 

0060. In act 54, the selected local structure detector is 
applied. The detector is applied to the echocardiographic data 
designated by the current window position. The local struc 
ture detector is a machine learnt detector, and may be trained 
as any of the machine learning algorithms discussed above for 
the classifier. In one embodiment, each local detector, LSD, 
is trained based on Probabilistic Boosting Tree (PBT) that 
treats the detection problem as a two-class classification 
problem (positive class versus negative class). Other binary 
classifiers or detectors may be used, Such as a model-based 
detector. 

0061. The selected local structure detector determines 
whether the echocardiographic data represents the local 
structure (e.g., left ventricle) associated with the specific view 
in act 56. The determination may be binary (e.g., yes/no) or 
probabilistic (e.g., 60%). Based on the output, a determina 
tion is made as to whether the window is associated with the 
local structure for that view. If the local structure is not 
detected, the processing for the window is ceased. The win 
dow is considered to not represent the left ventricle for any 
view. This negative exclusion allows the process to continue 
to the next window location in the repetition of act 60. 
0062. In act 58, the classifying of act 50, selecting of act 
52, applying of act54, and determining of act 56 are repeated 
for a different level of the probabilistic boosting network. The 
repetition is for the same echocardiographic data (i.e., defined 
by the same window location). The local structure is again 
classified as belonging to a view and the local structure is 
again detected or not as a function of the view. 
0063. The repetition for the different level applies differ 
ent multi-class local structure classifier and/or view specific 
local structure detectors. For each data set associated with a 
window position where local structure is detected, one or 
more additional machine learnt classifiers and detectors are 
applied to more discriminatively determine whether the data 
represents local structure of a particular view. A different 
classifier is trained with the same or different data, uses the 
same or different features, and/or is the same or different type 
of classifier as compared to the other levels. Similarly, the 
different detectors are trained with the same or different data, 
use the same or different features, and/or are the same or 
different type of detector as compared to the other levels. 
0064. The weak multi-class local structure classifiers and 
local structure detectors are divided into several parts to form 
the probabilistic boosting network framework. To limit the 
number of calculations, more processing intensive, relatively 
stronger classifiers and/or detectors are put at later levels. The 
hierarchical structure is applied in multiple levels of weak 
detectors, but each level is associated with a stronger detector 
than the last for a given view. The hierarchical structure 
implemented by repetition enables negative exclusion as soon 
as possible from early layers. In alternative or additional 
embodiments, the classifiers and/or detectors at two or more 
different levels are not weaker or stronger, but apply different 
criteria (e.g., features). 
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0065. Any numbers of repetitions may be used. For 
example, only two levels are provided in the probabilistic 
boosting or other hierarchal network. As another example, 
three or more repetitions are provided. Each repetition either 
rules out windowed data as representing local structure of a 
particular view or continues. Once ruled out, further process 
ing for the window position is ceased. Each level may indicate 
a different view than a previous level due to the differences in 
the multi-class classifier. The final level, where the windowed 
data represents or likely represents local structure of a par 
ticular view, outputs an indication of the local structure. The 
indication may be the window position, the view associated 
with the local structure, a flag, or other designation of local 
structure for a known view being detected. 
0066. In act 60, acts 50-58 are repeated for a different 
window position. Any window search pattern may be used. 
Coarse-to-fine searching may be used. Such as where prob 
ability or level of ruling out indicates regions for higher or 
lower resolution searching. In one embodiment, different 
translations are applied to shift the window in even, Small 
(e.g., a few pixels) steps through the entire data set or image. 
No rotation is provided in one embodiment, such as where the 
input image is normalized to provide the local structure at a 
specific orientation. In other embodiments, the search 
includes different rotations. No scaling is provided in one 
embodiment, Such as where the input image is normalized to 
a known Scale. In other embodiments, the window is set to 
different sizes to account for Scaling. 
0067 More than one window location may be identified as 
representing the local structure of a view. The different views 
and/or positions of local structure are reconciled to output a 
final classification. 
0068. In another embodiment shown in FIG. 3, further 
classification is performed for each of the output local struc 
ture indicators. Acts 62-66 represent one or more of the 
embodiments disclosed in U.S. Published patent application 
Ser. No. (Ser. No. 1 1/775,538, filed Jul. 10, 2007). 
These acts are summarized below. Other approaches may be 
used. 

0069. In act 62, a more global structure is identified for 
further classification. Given the view determined for detected 
local structure, additional data representing more of the heart 
is selected. For example, the left ventricle has different posi 
tions relative to other heart structure depending on the view. 
Given the view, the window is expanded to include the other 
structure. FIG. 4 shows an initial window 82 for local struc 
ture determination. Since the left ventricle for the detected 
view is in the upper left portion of the heart, the window is 
expanded as represented at 80 to include additional structure 
(e.g., valves and/or chambers). The expanded window 80 
identifies a region including the local structure and additional 
structure. This more global structure for each detected local 
structure is selected for further classification. 

0070. In act 64, the more global region is classified with a 
multi-class global structure classifier. The number of the 
detected local structures is reduced with the multi-class glo 
bal structure classifier specific to the classified cardiac stan 
dard view. For each view, the different indications or window 
positions associated with that view are input into the global 
structure classifier. A different global structure classifier is 
provided for each of the views. The training data for the global 
structure classifiers are constructed based on the positive 
candidates output by the probabilistic boosting network for 
all the views. For a given view, the multi-class global structure 
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classifier is trained from data output for that view and the 
other views or classes. Therefore, the global structure training 
data set is local-structure-dependent for training the multi 
class global structure classifier (MGSC) for each view. For 
example, four global view classifiers, MGSC., MGSC, 
MGSCs and MGSCs are trained using true and false 
positives. 
0071. For application, the data for the global structure is 
input to the respective multi-class global structure classifier. 
The multi-class global structure classifierclassifies the global 
structure as belonging to a view. In one embodiment, the 
global structure classifier only outputs one of the possible 
views. In other embodiments, the classifier may output that 
the global structure does not represent one of the views. 
0072. In act 66, a final classification of the view is output. 
The views output from the multi-class global structure clas 
sifiers for the different window positions are integrated. A 
final cardiac Standard view is determined as a fusion of 
remaining detected local structures. For example, the final 
view classification result, c, given a candidate image I, is 
computed via the MAP rule: 

where Pas-(C,j. I) is the posterior probability of being class 
c, from the multi-class global structure classifier (MGSC) 
and Psi(II) is the prior probability from the local structure 
detector (LSD) of the final level. 
0073. In act 68, an indication of the classification is dis 
played. For example, an image is generated from the echocar 
diographic data. A text label or graphical symbol is displayed 
adjacent to or on the image. The text label or symbol indicates 
the view, such as A3C. The indication is selected as a function 
of the determination of the view represented by the data. The 
indication may be in a data field. 
0074 Acts 70-74 represent a further embodiment using 
the classification output in act 66. A gate location is deter 
mined for spectral Doppler analysis. The gate location is 
determined as a function of the classified views. In other 
embodiments, the view classification is used for other pur 
poses. Such as comparison or similarity matching. 
0075. Once the view is determined, a location of the Dop 
pler gate is found. The gate is usually located on the path of 
blood flow, which is a space free of any visible structures on 
a B-mode image. In act 70, a shape of the local structure is 
identified in order to place the gate. For example, the chamber 
outline of the detected left ventricle is determined as 
described in U.S. Published Patent Application No. 2006/ 
0171586. The anatomy structure, such as the left ventricle and 
valves annuli are used to infer the target gate location. 
0076. In one embodiment, a machine learnt algorithm 
determines the shape by identifying the structures. For train 
ing data, the left ventricle shape and corresponding gate loca 
tions are annotated by experts using points (e.g., 17 points for 
the left ventricle and one point for each gate in the view). Any 
points may be used for the chamber, Such as locations corre 
sponding to specific structure or evenly spaced locations 
around the chamber wall. By locating the structure or struc 
ture shape in an image, the gate location may be inferred. To 
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better determine the shape, the window associated with just 
the local structure of the final view may be used without 
structure that is more global. 
0077. In act 72, the gate position is located as a function of 
the shape. The range gate location is set relative to the 
detected local structure. The left ventricle shape and the 
image appearance around the left Ventricle collaboratively 
contribute to the final gate locations. In the A4C view, two 
gate locations are annotated, one for the mitral valve and the 
other for the tricuspid valve. Only one Doppler gate for the 
mitral valve is annotated in the A2C view. Two gate locations, 
one for the mitral valve and one for the aortic valve, are 
annotated in the A3C view and the A5C view. Other gate 
locations may be used, such as one for the tricuspid valve in 
the A5C view. With these annotations, the gate locations, even 
though ambiguous, may be inferred using the other heart 
anatomical structures, such as the left ventricle, the aortic 
valve annulus, the tricuspid valve annulus, and/or other struc 
ture 

(0078 Act 72 may be performed after act 70 or as part of 
performing act 70. For example, a database-guided segmen 
tation algorithm infers the left ventricle shape and gate loca 
tion simultaneously. Each training image is represented using 
a very high dimensional numerical feature vector. The shape, 
including both the left ventricle shape and gate locations, is 
represented as a set of landmark points. The training data are 
clustered into several clusters in the shape space. The algo 
rithm selects a small number of useful features based on a 
boosting framework by maximizing the Fisher separation 
criterion of the clusters. 
0079. In act 74, spectral Doppler information is measured 
at the gate position. Doppler spectral imaging is performed 
for the range gate location. For example, continuous or pulsed 
Doppler measurements are performed over time for the loca 
tion. Frequency shift in the returned echoes represent velocity 
at the range gate. A Fourier transform is applied to determine 
the spectrum associated with the Velocity at the range gate 
location. FIG. 5 shows two examples (a) and (c) of a classified 
view and a corresponding spectral Doppler image generated 
for the view. 
0080. The acts of FIG. 3 are performed online or in real 
time with imaging. For example, the user positions a trans 
ducer against or in a patient. As scan data is acquired, the view 
represented by the scan data (e.g., B-mode image data) is 
automatically classified. Based on the classification, a range 
gate may be positioned and spectral Doppler image generated 
without user placement of the range gate position on the 
image. Alternatively, the classification is performed off-line 
or after an imaging session. 
I0081. In one embodiment, an online version of the algo 
rithm is implemented on a SIEMENS ACUSON 
SEQUOIATM ultrasound machine. The Doppler gate is auto 
matically placed in the optimal location as soon as the user 
enters the Spectral Doppler mode of imaging. In case of 
ambiguity for cardiac views where more that one valve is 
present, the user may select the desired valve through abutton 
on the system console. 
I0082 Scatter plots of MV peak velocity measurements 
may be created. Peak velocities are computed by placing a 
gate using an algorithm on the X-axis and mean peak veloci 
ties are computed after placing a gate twice by an expert on 
the y-axis. Intra-user variability may be determined. The cor 
relation coefficient between the automated algorithm versus 
the expert may be 0.951, which is comparable to the intra 
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expert variability of 0.966. The gate placement may be gen 
erally appropriate up to 100% of the time. Minor manual 
adjustments may be made to the automatically determined 
location. 

0083. The automatic placement of the range gate may be 
compared to manual placement. Table 1 shows two confusion 
matrices of the classification accuracy for training and test 
data. The data are very diverse in terms of not only image 
quality but also heart pathology. The average classification 
accuracy of training data may be over 96%, and that of test 
data may be close to 95%. As shown in Table 1, most of the 
classification error may come from the misclassification of 
A5C to A4C. Some A5C views have a very small aorta struc 
ture, which makes the A5C view very similar to the A4C view. 

Training Data (%) 

A4C(408) 97.5 O.2 O.S 1.7 
A2C(296) O.3 99.7 O.O O.O 
A3C(410) 1.O 3.7 94.6 0.7 
A5C(200) 8.0 O.O O.O 92.0 

Test Data (%) 

A4C(23) 1OOO O.O O.O O.O 
A2C(24) O.O 96.O 4.0 O.O 
A3C(25) O.O 8.0 96.4 O 
A5C(24) 13.0 O.O 4.0 83.0 

0084 Table 2 shows the distance of the gate location 
between automated gate determination and an expert's anno 
tation. As shown in the table, the algorithm may localize the 
gate location comparable to experts. 

Mitral Valve Aortic Valve 

Mean Tricuspid Valve Mean 

(mm) Std (mm) Mean (mm) Std (mm) (mm) Std (mm) 

A4C 4.2 2.5 3.4 2.5 
A2C 5.9 2.4 
A3C 3.5 2.2 3.4 2.3 
ASC 3.6 3.6 2.4 2.4 

I0085 FIG. 5 shows Doppler echocardiogram of Left Ven 
tricular Outflow Tract (LVOT) using an algorithm in (a) and 
by expert in (b), and that of Mitral valve inflow using an 
algorithm in (c) and by expertin (d). The spectra are similar. 
I0086 A fast (e.g., 2 or fewer seconds) algorithm may 
automatically localize a Doppler gate based on a B-mode 
image in echocardiography. To improve the scalability, the 
linear dependency on the number of object classes is removed 
by employing the Probabilistic Boosting Network (PBN) 
principle. 
I0087 While the invention has been described above by 
reference to various embodiments, it should be understood 
that many changes and modifications can be made without 
departing from the scope of the invention. It is therefore 
intended that the foregoing detailed description be regarded 
as illustrative rather than limiting and that it be understood 
that it is the following claims, including all equivalents, that 
are intended to define the spirit and scope of this invention. 
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I(We) claim: 
1. A method for classification of a view from echocardio 

graphic data, the method comprising: 
classifying local structure represented by the echocardio 

graphic data as a first of a plurality of possible views; 
selecting a local structure detector specific to the first of the 

possible views in response to the classifying: 
applying the local structure detector to the echocardio 

graphic data; and 
determining whether the echocardiographic data repre 

sents a local structure in response to the applying. 
2. The method of claim 1 wherein determining comprises 

determining that the echocardiographic data represents the 
local structure; and 

further comprising repeating at least once the classifying, 
Selecting, applying and determining with the echocar 
diographic data. 

3. The method of claim 2 wherein repeating comprises 
repeating the classifying with a stronger multi-class local 
structure classifier and selecting and applying a stronger local 
structure detector; 

wherein a last of the at least one repetitions outputs an 
indication of the local structure. 

4. The method of claim 2 wherein each repetition is for a 
different window location, Scale, orientation, or combina 
tions thereof. 

5. The method of claim 1 wherein determining comprises 
determining that the echocardiographic data represents the 
local structure; 

further comprising: 
identifying a region including the local structure and addi 

tional structure; 
classifying the region with a multi-class global structure 

classifier; and 
outputting a final classification of the view as a function of 

the classifying of the region. 
6. The method of claim 1 wherein classifying comprises 

classifying, with a multi-class local structure classifier, as one 
of at least four standard echocardiographic views, wherein 
applying the local structure detector comprises applying a left 
ventricle detector, the multi-class local structure classifier 
and the local structure detector comprising machine learnt 
classifier and detector, respectively. 

7. The method of claim 1 further comprising: 
displaying an indication of the view as a function of the 

determination. 
8. The method of claim 1 wherein determining comprises 

determining that the echocardiographic data represents the 
local structure; 

further comprising: 
identifying a shape of the local structure; 
locating a gate position as a function of the shape; and 
measuring spectral Doppler information at the gate posi 

tion. 
9. In a computer readable storage medium having stored 

therein data representing instructions executable by a pro 
grammed processor for classification of a view from echocar 
diographic data, the storage medium comprising instructions 
for: 

classifying, with a first machine learnt multi-class local 
structure classifier, each of a plurality of echocardio 
graphic data sets associated with different search posi 
tions of a window on an image as a cardiac standard 
V1ew; 



US 2009/0088.640 A1 

Selecting, for each of the echocardiographic data sets, a 
first machine learnt local structure detector as a function 
of the classified cardiac standard view, different first 
local structure detectors being available for each of the 
cardiac standard views; 

detecting, with the selected first local structure detector and 
for each echocardiographic data set, whether the 
echocardiographic data sets include local structure; 

ceasing processing of each of the echocardiographic data 
sets where the local structure is not detected; and 

for each of the echocardiographic data sets where the local 
structure is detected, repeating the classifying, selecting 
and detecting with a second machine learnt multi-class 
local structure classifier and second machine learnt local 
structure detectors, different second local structure 
detectors being available for each of the cardiac standard 
views, the second machine learnt multi-class local struc 
ture classifier being more discriminative than the first 
machine learnt multi-class local structure classifier, and 
the second machine learnt local structure detectors being 
different than the respective first machine learnt local 
structure detectors. 

10. The computer readable storage medium of claim 9 
wherein the first and second machine learnt multi-class local 
structure classifiers and the first and second machine learnt 
local structure detectors comprise a probabilistic boosting 
network. 

11. The computer readable storage medium of claim 9 
wherein the different search positions of the window com 
prise different translation, orientation, Scale, or combinations 
thereof. 

12. The computer readable storage medium of claim 9 
wherein the first and second multi-class local structure clas 
sifiers include view options of at least apical four chamber 
view, apical five chamber view, apical three chamber view 
and apical two chamber view, wherein the first and second 
local structure detectors comprise left ventricle detectors, and 
wherein the window corresponds to a left ventricle size. 

13. The computer readable storage medium of claim 9 
wherein the instructions further comprise repeating the 
repeating with third machine learnt multi-class local structure 
classifier and third machine learnt local structure detectors. 
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14. The computer readable storage medium of claim 9 
wherein the instructions further comprise: 

selecting global structure around the window for each of 
the detected local structures after at least the repetition; 

reducing a number of the detected local structures with a 
multi-class global structure classifier specific to the clas 
sified cardiac standard view; and 

determining a final cardiac standard view a fusion of 
remaining detected local structures. 

15. The computer readable storage medium of claim 9 
wherein the instructions further comprise: 

determining a range gate location as a function of a shape 
of the detected local structure; and 

Doppler spectral imaging for the range gate location. 
16. A system for classification of a view from echocardio 

graphic data, the system comprising: 
a memory operable to store ultrasound data representing a 

plane through a heart Volume; 
a processor operable to classify the view corresponding to 

the plane as a function of a probabilistic boosting net 
work; and 

a display operable to display an image of the view and a 
location indicator, the location indicator position being a 
function of the view. 

17. The system of claim 16 wherein the probabilistic boost 
ing network comprises multiple levels, each level comprising 
a multi-class view classifier and a plurality of class-specific 
local structure detectors, each level having a different dis 
crimination strength. 

18. The system of claim 16 wherein the processor is oper 
able to search different locations within the plane and classify 
for each of the different locations. 

19. The system of claim 16 further comprising: 
a spectral Doppler detector operable to generating a spec 

tral display for a range gate at the location indicator. 
20. The system of claim 16 wherein the probabilistic boost 

ing network comprises a multi-class local structure classifier 
operable to classify as a function of left ventricle structure 
associated with the view. 
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