
Pictures of the Future | Fall 2011 57

Trained on thousands of annotated images, software systems have learned to identify organs and 
even recognize cancer stages in pathology slides. Such capabilities are opening the door to a world 
of diagnostics and treatment in which anatomy and physiology become semantically addressable. 

scan,” says Dr. S. Kevin Zhou, who heads a pro-
gram that focuses on whole body image ana-
lytics at Siemens Corporate Technology (CT
US) in Princeton, New Jersey. “From that, we
will eventually be able to develop services such
as semantic searching, which will make it pos-
sible for a doctor to simply mention, for in-
stance, a liver tumor, and the system will pull
up images of that tumor from a patient’s most
recent exams, measure its relative size in each
image, and thus illustrate how it has respond-
ed over time to treatment. It will all add up to a
faster, more accurate, and more efficient work-
flow.” 

Before an image analysis system can deter-
mine whether that liver it’s looking for might
be in a given image, however, it must first get
its bearings. To do so, such systems start out
by looking for anatomical landmarks. In the

thorax, for instance, these include locations
such as the top of the lung and the lower end
of the aorta. “Landmarks keep an image analy-
sis system from getting mixed up, and allow it
to orient itself,” explains Zhou. 

How Machines Memorize. Behind the
growing ability of machine learning systems to
identify landmarks and zero in on objects of in-
terest is the development of software that can
learn to identify the content of an image based
on vast numbers of “classifiers” or characteris-
tics that are common to all examples of a tar-
get object. 

Once trained on thousands of images of,
say, the liver, each one of which has been an-
notated by experts, such software has essen-
tially memorized the three-dimensional shape
of a human liver and can therefore generalize

Imagine if you could have a medical scan so
complete that the location and function of

every cell in your body would be stored. This
would make it possible, for instance, to in-
stantly visualize all cardiac cells or all prostate
cells, thus presenting an unobstructed three-
dimensional view of an organ from any desired
angle, and allowing you to zoom in on any part
of that organ — or any element of its function
— down to almost any level of detail by simply
moving a joystick or typing in a request. Al-
though such a vision is perhaps 20 years from
realization, scientists are already approaching
some of these functions in limited areas of the
body on the level of voxels — in other words,
3D pixels — each of which represents roughly
100,000 cells.

“The end result of our efforts should be the
ability to automatically label every voxel in a

Machine Learning | Medical Applications

Researchers led by Dr. Kevin Zhau are developing

learning systems that will eventually be able to  

automatically identify and extract what a doctor

is looking for from a medical image database. 

Body of Knowledge
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of our time, namely those associated with urban
and regional investment decisions in areas such
as road, air traffic, water, and electrical infra-
structures. Indeed, SENN’s potential as a deci-
sion support system is already being tested at
Siemens to help determine, for instance, the rel-
ative long-term advantages of different sites be-
fore building a factory.

And beyond that? A different model for our
relationship with the future is taking shape in
the form of a demonstration SENN Forecast
Server now running on Siemens’ intranet. The
system is being used to introduce internal cus-
tomers to SENN’s potential. 

Fast forward ten years and we may be down-
loading SENN apps to monitor, learn from, diag-
nose, and optimize the functions of our homes,
vehicles, businesses, and supply chains. SENN’s
future versions may even be able to offer sce-
narios that support optimized, personalized nu-
tritional, healthcare, educational, and financial
paths. Every question, after all, has an answer
that lies somewhere in the future. 

“The science of prediction,” says Zimmer-
mann, “is a race between the increasing com-
plexity of the real world and our accelerating
ability to mathematically represent it by means
of information-technology-related capabilities,
such as SENN models.” Arthur F. Pease

tainty. “In view of this,” says Zimmermann, “we
have discovered a new way of explaining uncer-
tainty — one that frames it as the interaction
between observable and hidden variables.” 

By comparison, the standard approach to
measuring uncertainty in mechanical and eco-
nomic dynamic systems is to translate the devia-
tion between what the model predicts and what
actually happens in the real world into an esti-
mate of risk. The underlying assumption is that
the model of uncertainty measured in the past
is a good estimator of future risk. 

“But this does not generally apply to predic-
tions in the world of finance, which can include
copper and electricity prices,” cautions Zimmer-
mann. “Here, the idea is that uncertainty
spreads from the present into the future as a dif-
fusion process — scaled by measured historical
model error — becoming larger and larger as
we move forward through time.” In contrast, ac-
cording to Zimmermann’s solution, since it is
not possible to reconstruct hidden system vari-
ables unambiguously, you can quantify the
amount of uncertainty in a prediction by analyz-
ing the distribution of different scenarios that
take shape. Here, the range of fluctuation be-
tween scenarios is interpreted as the level of
risk, and a scenario based on the mean values
from the different scenarios — all of which have

the same probability — can be assumed to be
the most probable future trend. “The resulting
market risk is thus characterized by the variation
between the scenarios,” says Zimmermann,
who explains that, given a finite number of ob-
servations, there will always be multiple ways to
reconstruct hidden variables, thus resulting in
different scenarios for the future. 

Siemens already uses these methods to aug-
ment procurement decisions for energy and
copper. “Instead of just a single model of the fu-
ture,” adds Zimmermann, “this method provides
a range of different future scenarios to be
played out and evaluated.”

How might the science of prediction evolve
over the next few years? Clearly, if the past is
any guide, we will see a steady progression to-
ward increased accuracy. As Zimmermann
points out, not only are SENN models learning
more each day, but its creators are learning
from the models it generates as they morph into
closer and closer representations of reality.

Massive Potential. Beyond forecasting energy
and raw materials prices, beyond predicting the
outputs of wind parks and turbines, SENN offers
the potential for virtually limitless numbers of
applications. It could help with some of the
most challenging, complex and costly decisions

The Chicago Mercantile Exchange. SENN (Software Environment for Neural Networks) helps Siemens to optimize the timing of its huge worldwide copper purchases. 
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techniques and the advent of systems that can
learn to identify and automatically track every-
thing from valves and chambers to catheters
and stents, a growing number of patients can
be treated using nothing more invasive than a
specialized catheter. For instance, one year
ago, as reported in Pictures of the Future, Fall
2010, page 79, Siemens introduced a new X-
ray-based visualization and guidance technolo-
gy to facilitate the implantation of a replace-
ment aortic valve. Now, thanks to machine
learning algorithms that automatically identify
the same anatomical landmarks in different
modalities, procedures such as aortic valve re-
placement are set to become more precise. 

“We call this new technique ‘model-based
fusion,’” says Dr. Razvan Ionasec at Corporate
Technology in Princeton, New Jersey. “Three-
dimensional, X-ray-based angiography is great
for seeing the location of a catheter, but not
optimal for visualizing tissues. Ultrasound, on
the other hand, is exactly the opposite. So the
idea is to combine the two.”

With this in mind, researchers led by Dr. Ter-
rence Chen, also at Corporate Technology US
in Princeton, are developing a learning-based
detection and tracking technology that will
help to automatically optimize the registration
of angiography images with images produced
by a miniature intravascular ultrasound (IVUS)
device. Such devices are often used to deter-
mine the quantity of plaque in the coronary ar-

teries. Here, the learning process focuses on
automatically recognizing the ultrasound
transducer and an associated guiding catheter
in X-ray-generated angiography images as
they move through blood vessels. “This helps
to determine the exact location of a plaque de-
posit and thus supports treatment planning,”
says Chen. 

Automatic Identification of Calcifications.
Working along related lines, a team of re-
searchers led by Corporate Technology Visual-
and-Solid-Modeling Program Manager Dr.
Tong Fang has developed a technology called
dynamic tissue contrast enhancement (DTCE)

that identifies human anato-
my in ultrasound images and
then “optimizes image quali-
ty using advanced noise re-
duction and structure en-
hancement technologies,”
according to Fang. Based on
off-line training in which an-

notated sample images were used for learning,
the software provided “superior image quality
and clinical diagnosis benefit,” in a pilot study,
says Fang. 

Researchers are also using machine learn-
ing technology to train computed tomography
systems to identify calcified tissues in images
of the heart. “Calcification is the main reason
for aortic valve replacement and a key factor in
coronary artery disease,” explains Ionasec.
“Computed tomography images already pro-
vide outstanding anatomical detail. But in the
future, with software that is now in the
pipeline, we expect to develop a system that
will, for the first time, help clinicians quantify
the extent of calcium deposits on an aortic
valve and in the thoracic aorta. This informa-

tion will help them to predict the chances of
success for a replacement valve, decide which
type of valve to use, and the amount of pres-
sure to apply through a balloon when fixing
the new valve in place.” 

Further down the road, researchers hope
that machine learning will help them to detect
the differences between normal plaque, which
remains anchored to the surfaces it occupies,
and so-called “unstable” plaque, which can
break away from the surface and potentially
cause a heart attack or stroke — a major risk
factor in many interventional treatments. “We
can see different kinds of plaque in computed
tomography and magnetic resonance scans,”
says Dr. Gareth Funka-Lea, a specialist in car-
diovascular diseases at Corporate Technology
US in Princeton, “but we still do not know how
to differentiate unstable plaque. It is possible,
however, that we will eventually find the an-
swer by harnessing machine learning and mas-
sive data mining.”

Semantic Heart. Siemens’ teams of cardio-
vascular and machine learning experts have
also expanded their focus from the aortic valve
to cover virtually the entire human heart. “As
part of a major Siemens R&D project called the
‘Semantic Heart,’ we are now using machine
learning to automatically identify all four
valves and are integrating this information
with our models of the cardiac chambers to
produce a full model of the heart,” says
Ionasec. The idea is that, eventually, clinicians
will be able to model and compare the effects
of different forms of cardiac intervention —
from insertion of a stent or repair of an
aneurysm to replacement or repair of a valve
— on the dynamics of a patient’s entire heart
before the treatment is performed. 

Machine learning is helping 
computed tomography systems to 
identify calcified tissues.

...While others develop a medical reasoning engine (see insert page 60) to support physicians. Learning systems identify cancer stages in prostate biopsies (right). 
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to the extent that it can identify and segment
(separate from its surroundings) a liver in any
medical image, regardless of occlusions, angle
of view, imaging modality, or pathology. And
the same is true for a rapidly-growing number
of anatomical entities throughout the body,
from organs and bones, to the outlines of a fe-
tus or a lesion.

Flat Ribs. Once a system has learned to auto-
matically identify part of the anatomy, an
amazing world of possibilities begins to unfold.
Take, for instance, what happens after a rou-
tine whole-body computed tomography scan.
Today, in many countries, radiologists are re-
quired by law — regardless of the reason for
the scan — to examine all the major organs in
the image set and the entire rib cage, including
inside surfaces, to determine if there are any
signs of disease. “Examining the ribs is a partic-
ularly time-consuming activity because it is dif-
ficult to navigate all those curved surfaces,”
says Zhou. 

But software now being developed by
Siemens Corporate Technology in cooperation
with the company’s Computed Radiology busi-
ness unit could one day make it possible to au-
tomatically segment the rib cage from the rest
of an image and flatten the ribs, thus substan-
tially accelerating the process. “The program
will use machine learning to find each rib and
locate its center line. This, in turn, will make it
possible to apply a simple program that would
then flatten each rib,” adds Zhou. “

Fusing X-Ray and Ultrasound Information.
For over 50 years, patients with many of the
most serious cardiac conditions have had to
undergo the trauma of open heart surgery. But
today, thanks to steadily-improving imaging

Thanks to machine learning, the ability to 

distinguish the precise outlines of organs and

their constituent anatomies regardless of oc-

clusions, angle of view, imaging modality, or

pathology is being automated, thus opening

the door to faster, more precise diagnostics.

Using machine learning, researchers involved in Siemens’ Semantic Heart project are setting the stage for producing a fully-functional model of each patient’s heart...



60 Pictures of the Future | Fall 2011

A Reasoning Engine for Tomorrow’s Physicians

Envisioning a system that will one day support physicians in answering complex medical questions, re-

searchers at Siemens Corporate Technology in Princeton are developing a deep reasoning machine that

learns from large quantities of data. The simplified example shown below illustrates four steps in the

deep reasoning process: 

(1) acquire patient history and physical examination data, 

(2) determine differential diagnoses, 

(3) recommend diagnostic tests to cover existing knowledge gaps: e.g. perform ECG to detect ST-Eleva-

tion (i.e. occlusion of a coronary artery) and Q-Waves (i.e. local electrical dysfunction of heart muscle

cells), in order to 

(4) select the most likely diagnoses. 

“The system,” explains Project Leader Mathaeus Dejori, PhD, “reflects the decision-making process in

medical practice. Physicians typically receive lists of patient values and are expected to make hard deci-

sions.” Adds Vinay Shet, PhD, who is also involved in the project: “Our system avoids the complexity of

dealing with language directly. Instead, it works from semantic concepts such as ‘coronary occlusion’

and ‘acute chest pain’. The deep reasoning machine has an understanding of these concepts and uses

medical knowledge to draw conclusions.” Dejori, Shet, and co-researcher Dan Tecuci, PhD, envision the

technology as an intelligent assistant that will help doctors easily make use of rapidly-growing reservoirs

of digital information.

One of the most far-reaching results of the
Semantic Heart project is the rapidly-evolving
ability to model the mitral valve, which con-
trols blood flow from the left atrium to the left
ventricle. Far more complex than the aortic
valve, the mitral valve is kept in check by a net-
work of string-like tendons that keep its two
flaps from reversing direction into the left atri-
um. But the tendons can snap in response to
overexertion or disease — with consequences
that can range from minor to life-threatening.
The condition can be repaired by means of a
trans-catheter procedure that involves clipping
the flap with the snapped tendon to the re-

maining healthy flap. “But attaching a minus-
cule clip to two moving flaps by means of a
catheter using only fluoroscopy to see what
you’re doing is not easy,” says Ionasec. 

In view of this challenge, Ionasec’s research
team is therefore developing an approach that
combines the sub-millimeter resolution from
pre-operative ultrasound images generated by
a transducer in the esophagus, with intra-oper-
ative X-ray images acquired with syngo Dyn-
aCT Cardiac on a Siemens Artis zee angiogra-
phy system. The approach, which is based on
algorithms trained on thousands of patient im-
ages, uses machine learning to automatically

recognize and track the anatomy and move-
ments of the flaps, as well as to fuse the X-ray
and ultrasound images. The new procedure is
expected to enter clinical trials in Germany late
in 2011. 

Reading the Hidden Language of Cells
One day, there will be a device called a digital
diagnostic pathology scanner. It will process
thousands of pathology slides per hour, each
loaded with a paper-thin slice of tissue sus-
pected of harboring disease, and will deliver
highly-accurate analyses at minimal cost. Its
output will be combined with each patient’s
results from other areas, such as genetics,
physiology, anatomy and demographics. And
of course it will learn from each and every
slide, thus constantly refining the accuracy of
its results. In fact, such machines will probably
be networked, allowing them to learn from
each other.

Although such a machine may seem to be a
distant vision, researchers are today compiling
the basic knowledge that will eventually drive
such a device. In Princeton, New Jersey, for in-
stance, a team of researchers led by Leo Grady,
PhD, a specialist in biomedical image analytics
at Siemens Corporate Technology, is using ma-
chine learning to predict the cancer stage of
samples from prostate biopsies. 

Using slides previously marked by expert
pathologists as belonging to one of the four
cancer stages, “the system tries to identify fea-
tures such as cell structure and arrangement
that are consistently associated with a stage,”
explains Grady. “For each 100 graded slides,
the system is trained on ninety, and tested on
the remaining ten. Then — always randomly
— another 90 slides are selected for training
and another ten for testing.” 

The process is repeated until performance
is good across the board, at which point the
system has learned to generalize from experi-
ence — sometimes with very surprising re-
sults. For instance, not only has the system, as
expected, learned to identify what different
kinds of cells look like — thus opening the
door to automated counting — but it has dis-
covered something the researchers were not
even aware of. 

“The system extracted the fact that al-
though there are loop-shaped patterns of can-
cer cells and normal cells in each of the im-
ages, the length of the loop and the number of
cells in it is sufficient to predict the cancer
stage,” says Grady. “That was a surprise to us.
But when we discussed this with a pathologist
he said that yes, this structure is something
specialists look for to determine cancer stage.
In this case, however, the system discovered
this on its own.”

Arthur F. Pease

Example of Four-Stage Reasoning Process

Age:                   54

Sex:                   Male

Symptoms:      Acute chest pain

                           Neck pain

                           Back pain

                           Fatigue

                           Sweating

                           Narrow pulse pressure

ECG:                  ST elevation

                           New Q-waves

Blood Test:       Elevated markers 
                           of necrosis

Patient Data 
and Observations

Possible diagnosis:             Acute coronary syndrome

Recommendations:           Perform ECG

                                               Sample blood

                                               

Most likely diagnosis:       Myocardial infarction

                                               Subtype: STEMI

                                               

Possible cause:                    STEMI

                                               Caused by     Coronary occlusion

                                               Caused by     Thrombus

                    Most likely       Caused by     Disruption of plaque

                    Less likely          Caused by     Endothelial erosion

Deep Reasoning

1 2

4

3 Justification: Patient has 
ST elevation and 

myocardial infarction

Justification: Patient has
ischemia due to elevated

markers of necrosis

The amount of data produced worldwide is skyrock-

eting. According to market research company Inter-

national Data Corporation (IDC), the digital universe —

in other words, all digitally stored data worldwide — sur-

passed one zettabyte (1021 bytes, ZB) in 2010 for the

first time. And IDC expects this figure to rise to 35 ZB by

2020 (see Pictures of the Future, Spring 2011, p. 82).

That is equivalent to the data contained in two piles of

DVDs stretching from the Earth to the moon. Among the

fastest-growing data categories are large data collec-

tions known as metadata, i.e. books and databases, as

well as unstructured data such as arbitrary texts and

graphics with an undefined structure. About one third

of the digital universe currently consists of high-quality

information — in other words, data and content subject

to security, compliance, and storage regulations. IDC es-

timates that this kind of information will account for al-

most half of all data by 2020.

This growing mass of increasingly complex data

must be efficiently processed. However, this is not possi-

ble without computers that help sort, analyze, and com-

press data, as well as preparing it for use by humans.

Machine Learning | Facts and Forecasts

A Universe of Applications for Learning Systems
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Learning systems are particularly helpful in this regard,

since they can learn from examples, recognize patterns

in data, and use this information to predict future devel-

opments. The applications of machine learning are ex-

tremely diverse, ranging from market analyses and an-

ticipatory maintenance in industrial applications to

diagnostic methods for medical systems. In many cases,

the focus is on technologies for voice, text, and image

pattern recognition. 

Voice recognition systems are used to operate vehi-

cles, for example, as well as for automatic telephone

switching, the management of building and office tech-

nology, industrial quality assurance, and medical diag-

noses. Market researchers at Datamonitor expect high

growth rates here in some fields. For example, they pre-

dict that the market for advanced mobile voice recogni-

tion systems in handsets will triple from $32.7 million in

2009 to around $100 million in 2015. According to

these experts, the market for mobile voice recognition

in automobiles will increase from $64.3 million to

$208.2 million during the same period. 

Voice recognition systems as such are nothing new.

According to a report released by the market research

company Gartner in 2011, voice recognition technolo-

gies were already part of the “hype cycle” of technologi-

cally relevant trends in 1995. The systems are still not

fully effective, however, primarily because the recogni-

tion of colloquial speech is one of the biggest challenges

that a computer can face. The main reason for this is

that a computer needs to have extensive knowledge of

everyday life in order to really understand what some-

one is saying. 

Learning systems can also be used to analyze im-

ages and videos. Such systems are especially beneficial

in industrial image processing. As a result, the European

Machine Vision Association (EMVA) expects this market

to grow by 20 percent in Europe in 2011, following an

increase of 11 percent in 2010. Although inspections

and quality assurance remain the most common areas

of application for industrial image processing systems,

new technologies are also being introduced — for ex-

ample, in robotic 3D vision systems. These technologies

range from video systems for automobiles to security

solutions. Pattern recognition is, meanwhile, becoming

more and more important in medical engineering (see

Pictures of the Future, Spring 2011, p. 70). Business

consultancy firm Frost & Sullivan points out that doctors

are increasingly relying on learning software to filter out

and process the key information produced by advanced

digital imaging procedures, such as computer and mag-

netic resonance tomography and ultrasound systems.

The software is used, for example, in mammography

procedures as well as for the diagnosis of lung, pancre-

atic, and intestinal cancer. Sylvia Trage
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