Acceleration of Maximum Likelihood Estimation for Tomosynthesis

Mammogr aphy
Juemin Zhang, Waleed Meleis, and David Kaeli Tao Wu
Northeastern University Radiology Dept.
Electrical and Computer Engineering Massachusetts General Hospital
Boston, MA 02115 Boston, MA 02114
{jzhang, meleis, kael@ece.neu.edu twu2@partners.org
Abstract sues inside a breast can obscure a cancer, which causes

over 30% of the cancers to be missed when using tra-
Maximum likelihood (ML) estimation is used dur- ditional mammographic techniques [5]. Superimposed
ing tomosynthesis mammography reconstruction. A normal tissues can sometimes to look like an ill-defined
single reconstruction involves the processing of high- shaped tumor in a mammographic image. This can
resolution projection images, which is both compute- cause a large number of callbacks due to the limitations
intensive and time-consuming.  This workload is of current mammography techniques.
presently a bottleneck in the accurate diagnosis of breast  Tomosynthesis provides structural information asso-
cancer during screening. This paper presents our par- ciated with a 3D object in layered images [3]. The in-
allelization work on an ML algorithm using three differ- ternal structural information of the object is computed
ent partitioning models: no inter-communication, over- from a set of discrete x-ray projections obtained at dif-
lap with inter-communication and non-overlap model. ferentangles.
These models are evaluated to obtain the best recon- Currently, tomosynthesis mammography is under in-
struction performance given a range of computing en- vestigation at Massachusetts General Hospital (MGH).
vironments with different computational power and net- The goal of this technique is to address the breast tis-
work speed. sue superimposition problem [10, 12, 11, 13]. A total
Our test results show that the non-overlap method 11 x-ray digital mammograms are acquired by moving
outperforms the other two methods on all five comput- the x-ray source over a range of%@vhile the object
ing platforms evaluated. This parallelization of ML has and digital x-ray detector are held stationary. To reduce
enabled tomosynthesis to become a viable technology inthe amount of x-ray radiation exposure to the patients,
the breast screening clinic, reducing reconstruction time tomosynthesis uses a lower dose of x-ray than conven-
from 3 hours on a PentiumlV workstation to 6 minutes on tional mammography uses during x-ray image acquisi-
a 32-node PentiumlV cluster. tion. After 11 x-ray image projections are acquired, to-
mosynthesis relies on an image reconstruction algorithm
to recreate the 3D structure of a breast and to enhance
the visibility of features which aid doctors and physi-
cians in the detection and diagnosis of tumorous tissue.
An iterative maximum likelihood (ML) algorithm
Presentlymammographys the most effective tech- was developed in the clinical study of tomosynthesis
nique used in the detection of breast cancer. A digi- mammography [13]. The reconstructed images have
tal mammogram is an image projection produced by a proven to be very effective in distinguishing the over-
distribution of x-ray attenuation through breast tissue. lapped tissues of a breast in the clinical study performed
Some information in three-dimensions may be lost when at MGH. Tumorous tissues that were missed using tra-
it is projected onto a two-dimensional plane. The struc- ditional mammography due to overlapped tissues can be
tural information of a breast can become blurred due to clearly identified in the layered tomosynthesis images.
overlapped and superimposed tissues. Overlapped tisEven since the introduction of tomosynthesis in 2005,

1 Introduction



the number of false-positive callbacks has beenreduced. The complexity of ML estimation increases linearly
High quality and high-resolution image reconstruc- with the size of the detector panel, the number of re-
tion are are needed in practice. A high-definition x-ray construction iterations, and the depth of the 3D volume.
detector panel used by the prototype tomosynthesis sys-The reconstruction assigns each pixel an unsigned-short
tem at MGH yields 190& 2304 pixels. After recon- type and adapts integer computing to enhance its perfor-
struction, the image can reach the size of 1600 pixels mance as well as to decrease memory demands. How-
in width, 2304 pixels in length, and 50 layers in depth ever, the x-ray tracing technique used in the forward and
(where each layer is 1mm thick). A single 3D image backward projection process requires a lot of floating-
reconstruction will consume over 500MB of disk space, point computing to calculate the x-ray beam’s trace.
over 2GB of memory space (during reconstruction) and
more than 3 hours of execution time as run on a Pentiu-2 Paralldization
miV.
The number of clinical cases that require tomosyn- . .
thesis reconstructions is overwhelming even for several. One of the 90&'? for this research is to accelerate th?
fast workstations. The efficiency and usability of to- image reconstruction process and make tomosynthesis

mosynthesis mammography are limited due to the Com_Poretpractlcalhto use ml the Chr!'(;:' A?aly5|_s gf (Ij(;f'
plexity of the image reconstruction. erent approaches can also provide options in building

the tomosynthesis computing components, as well as
a portable high-performance solution. The paralleliza-
tion approach for accelerating ML reconstruction needs
to be general enough to adapt easily to different paral-
lel and distributed systems. Although there is no real-
time deadline imposed on performance, the reconstruc-
L = P(Y[u) tion time of an average sized breast volume should be

, whereY represents the set of acquired x-ray projections less than 15 minutes, so that the whole screening and
andu stands for attenuation coefficients of a 3D volume. diagnosis process can be completed during the same pa-
The maximized solution of = P(Y|u) can produce an ~ Uentvisit.

estimate of the 3D volume that projects an image most

similar toY. However, most analytical solutions to the 2.1 Segmentation method

likelihood function are intractable. Iterative maximum

likelihood estimation is a commonly used algorithm to Image reconstruction of the ML algorithm was orig-
solve such problems. inally implemented at MGH [13]. In an earlier profil-

The basic idea of employing an iterative reconstruc- ing study of the sequential ML implementation, we dis-
tion is to continually correct the initial guess of the 3D covered that 40-60% of the execution time is spent on
volume of an object until the reconstruction closely re- cache misses and page faults. Data partitioning the large
sembles the original object. During each iteration, the dataset can help to reduce the number of cache misses
reconstruction proceeds in two phases: 1) a forward pro-and page faults and improve the performance by paral-
jection, followed by 2) a backward projection (see Fig- lel execution. Our parallelization implements data parti-
ure 1). tioning by using message passing.

Given an initial estimated 3D volume of an object, the Projected images and 3D volumes of an object are
forward projection simulates how x-ray beams are ab- partitioned into multiple segments, which are processed
sorbed when they are traveling through the object, andin parallel on a parallel clustered system. Selecting the
creates estimated projection images. During the back-proper sized partition should help to expose parallelism,
ward projection phase, each value in the 3D volume is and should limit the amount of data required to be ex-
corrected based on differences between the estimatedthanged between processing nodes. The fewer data
projections and the actual x-ray projections. dependencies found across different partitions, the less

Values within the 3D volume, representing features communication.
of the object, are strengthened at the corresponding ge- During the reconstruction process, the 3D volume
ometry locations during each iteration. This process typ- data and the projection images will reference each other
ically takes 8 to 10 iterations to optimize the image qual- when accessing boundaries of the x-ray beam. The for-
ity, so that most of structural information can be assessedward projection simulates how x-rays are absorbed, and
qualitatively by doctors and physicians. estimates in the projected images where the x-ray beams

1.1 Reconstruction method

The ML algorithm defines the probability likelihood
function as:
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pass through. The backward projection corrects datain Figure 2. 3D volume segmentation

the 3D volume, and then this correction is computed in  method.

all projections. Therefore, if partition edges could be

aligned with the x-ray beam'’s direction, there would be

fewer internode data references, as seenin Figure 2. sjze only depends on the geometry of the segment.

As the x-ray source shifts, there is more than one x-  After the forward projection has been computed, data
ray beam traveling through a point inside the 3D volume in the boundary region of the estimated projection needs
of an object. Even when we partition a 3D volume along to be updated. After the backward projection has been
the direction of the x-ray beam, we can not avoid cutting computed, data in the extension region of the 3D seg-
through another x-ray beam because the beam movesment needs to be updated too. To update extension re-
Since the x-ray source moves in the Y-axial direction gions of a segment, we introduce three models:
over 5¢ when taking x-ray projection images, (see Fig-
ure 1), partitioning along the Y-axial direction will lead
to the least cross-segment data references. Thus, we
choose to project each image and 3D volume in the Y- o Overlap with inter-communication model, which
axial direction. computes part of the extension locally and transfers

In Figure 2, the 3D volume data is partitioned in a the rest from neighboring segments.
cone shape, as each layer of the 3D volume is partitioned
evenly on the Y-axial direction.

As the x-ray source shifts, some x-ray beams will
travel through the edges of two neighboring segments.  The three methods differ from each other by how ex-
Data whose geometry locations lie on or next to such x- tension regions are updated: computation, inter-process
ray beams will be referenced by both segments. Whencommunication, or both.

a new value is assigned to the data in one segment af-
ter computing the forward or backward projection, the 2.2 Non inter-communication model
other segment also needs to be updated.

Two subregions are added to each segment of the 3D  The no inter-communication model computes two ex-
volume, with only a single extension being added for tension regions for each 3D segment (see Figure 3),
the two segments located on the boundaries of the ob-instead of acquiring them from neighboring segments
ject. The extension region of a segment contains all which also compute the values in the extension regions.
data which will be referenced in the reconstructed seg- The corresponding extension region projections are also
ment. The estimated projections and other temporarycomputed locally. This model treats the segment and its
data used in reconstruction have corresponding exten-extension regions as one consolidated object, with the
sions too. The size of the extensions on each segmentxception that its geometry is based on the partition of
can be pre-calculated before reconstruction, because thé¢he original object.

e No inter-communication model, which computes
both extension regions locally.

e Non-overlap model, which transfers data in both
extension regions from neighboring segments.
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constructed segments are reassembled together, and data

in extension regions is ignored. Considering that the

overhead due to inter-process communication could be Extension

very expensive on some slow networks, this model can
eliminate the inter-process communication by allowing
each partitioned segment to be reconstructed indepen
dently. This method is a coarse-grained parallelization
which can be implemented as a task-level parallel appli-
cation and deployed on most of distributed systems.
During each reconstruction iteration, the reconstruc-

tion of each 3D segment and its extensions are indepen-
dent from computations for other segments. We can as-

Figure 4. Overlap with inter-
communication model.
Extension
region of region of .
segment i segment |
i Transferred

Segment i region

[ N / Detecior panel X

Y
Computing volume
for segment i

sume that there are no contents outside the extension re-

gion. Values calculated by the ML algorithm in an ex-
tension region are different from the corresponding part
in the neighboring segment. Therefore, the final results
reconstructed by the no inter-communication model dif-
fer from the sequential (non-parallel) algorithm.
However, research has shown that there is no signifi-

cant image quality difference between the reconstructed

3D images of the no inter-communication model and the
non-parallel reconstruction [14]. All major tissue fea-
tures and structural information can be observed clearly.

Because two extension regions need to be computed

with each 3D segment, this model increases the amoun
of computational workload per process. The extension
regions are overlapped by neighboring segments, and re
dundant computation is introduced. This added compu-
tation can introduce some performance loss.

2.3 Overlap with inter-communication
model

Figure 5. Non-overlap model.

neighboring segments (see Figure 4). Each segment ob-
tains part of its extension region from the corresponding
neighboring segment after each iteration of the recon-
struction is completed. This method helps to keep the
rest of the extension region computed locally.

The overlap in the inter-communication model does
ot have to compute the complete extension region,
however, it introduces communication and synchroniza-
tion overheads. After forward and backward projection
computations are completed, each segment sends and re-
ceives part of the updated data to and from its neighbors.
The advantage of this model is that the size of data ex-
changed between neighboring segments can be adjusted
to adapt to the network speed. This model allows a
user to optimize the performance on different systems

The second model reduces the amount of redundantiy changing the amount of data transferred in the exten-

computation by copying the data from corresponding

sion region.



2.4 Non-overlap model
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munication overheads. The amount of data exchanged 4 8 16 32 64
between neighboring segments depends on the thickness Number of processors

of the object and the geometry of the partitioning. The
further from the chest wall the data represents, more data
is transferred (see Figure 2). Generally, over 10MBs of
data is transferred between two neighboring segments.
Unlike the first two models, the non-overlap model pro-
duces the same image as the serial implementation.

In summary, the no inter-communication model is a
coarse-grained parallelization approach. It requires les gram developed at MGH. The program is compiled on
implementation effort, since there is no inter-processor two different operating system environments, Linux and
communication performed during reconstruction. Fur- UNIX (IBM AlX), and is executed on five different par-
thermore, its performance will not rely on a high- allel systems shown in Table 1. The platforms tested in
performance network. our experiments are comprised of a low-end Pentium|V

However, since redundant computation is wasteful cluster to high-end supercomputers of shared memory
the performance of this implementation depends on thearchitecture.

CPU power. The non-overlap model, on the other hand, A phantom dataset used in Tomosynthesis quality
eliminates all redundant computation while requiring control is chosen in our performance tests. The size of
communication and synchronization between all neigh- our image is 1606 2304 pixels. The size of our 3D
boring segments. Its performance depends on both thevolume is 1600« 2304x 45 pixels, where thickness of
CPU speed and on the network bandwidth/latency. the phantom is recorded in 45mm. The size of an exten-

In contrast to the first model, the non-overlapped sion of a segment varies from 10 to 20, depending on the
model uses a fine-grained parallelization approach anddistance from the chest wall to the location of the parti-
is much more difficult to implement. The overlap with tioned segment. Based on the experiments from clinical
inter-communication model can provide a better solu- trials, the parallelized ML algorithm completes in 8 iter-
tion, for both the non inter-communication models and ations. The length of the extension region in the X-axial
the non-overlap model fail to achieve the best perfor- direction is pre-calculated, and varies from 15 to 20 pix-
mance. els.

Figure 6. Performance of three implemen-
tations on number of processors, using
UIUC NCSA's Titan cluster.

3 Experiments and performance analysis 3.1 Performance Evaluation

To find the best parallel implementation of ML-based Figure 6 shows runtime results of our model’s perfor-
reconstruction of tomosynthesis of breast cancerimagesmance when given 4, 8, 16, 32 and 64 processors on the
we developed a parallel version of the tomosynthesis NCSA Titan cluster at UIUC. We observed very similar
reconstruction. The parallelization of tomosynthesis is speedup trends for all three models. The best perfor-
implemented using in Message Passing Interface (MPI) mance was obtained by the non-overlap model running
1.0 [1]. The parallel code is based on a Visual C++ pro- on 64-processor.



Processor Interconnection

Intel P4 Cluster 2.5 GHz Pentium 4 100 Mb/s Ethernet
UIUC NCSA 1.3 GHz POWER 4 Ghit Ethernet
IBM p690 shared memory system
UIUC NCSA 800 MHz Itanium-1 Gbit Myrinet
Intel Titan cluster dual-processor shared L3 cache
SGI Altix 3300 1.3 GHz Itanium-2 NUMA-link interconnect
shared memory systemdual-processor shared memory system
U. of Michigan CAC | 1.7 GHz Athlon 2000MP| Gbit Myrinet
Hypnos cluster dual-processor

Table 1. Processor and interconnection network specificati ons of testing platforms.

In most of our tests, the non-overlap method is able
to outperform the other two models by 200 to 300 sec-
onds. When running on 64 processors, the fast re-
construction process using the non-overlap model only
takes half of execution time when we used the no
inter-communication model. These tests have demon-
strated that the tomosynthesis reconstruction process is
computationally-intensive, and that redundant computa-
tion increases this problem.

The results also demonstrate that the performance of r r
the ML algorithm is very sensitive to the size of the allo- omoverap - Guerap i Nomntercomm
cated memory, even though its computational complex-
ity grows linearly with the size of the 3D volume. In
Figure 6, when the number of processes increases from  Figure 7. Parallelization methods compar-
4 to 8, the size of each segment deceases by half, yetall json, using 32 process on the NCSA Titan
three models can achieve more than two times speedup. cluster at UIUC.

To understand the behavior of these three computing
models, we have developed a fully instrumented parallel
implementation in order to capture timing information . )
of specified events during the reconstruction process, in-Partition next to the chest-wall which has the smallest
cluding forward projection, backward projection, syn- extension region as compared to other partitions.

chronization time, communication time, segments col-  Figure 8 shows the performance of the non-overlap
lecting and file 0. model executed on five different platforms using 32 pro-

Figure 7 illustrates the cumulative time of the above Cessors. The 64-bit architecture of the Intel Itanium2
events from the 8-iteration reconstruction process as runProcessor is on the SGI system and introduces the least
on the NCSA Titan cluster at UIUC. Data presented in computation and communication overhead. A Pentium4
Figure 7 is recorded by the root process (process rank iscluster was installed with a 100 Mb/s ethernet switch,
0) of total 32 processes. and experiences the largest communication overhead.

It is clear that the computational work of all three ~ The forward and backward projection results illus-
methods dominates overall performance. Experimentstrate the computing power of five different CPU archi-
of the non-overlap method show that evenly partitioned tectures. Our test results show that the Itanium2 is able
segments lead to well-balanced workloads. However, to run two times faster than the Pentium4 processor.
when extension regions are added to the segmentrecon- Figure 9 compares execution time of the reconstruc-
struction, the overlap with inter-communication model tions on five different platforms, all running on 32 pro-
and the non inter-communication model show increasedcessors. The non-overlap model has achieved the best
synchronization time. The amount of increased synchro- performance among the three parallelization models,
nization is caused by the imbalance of the workloads and this is true on all five different systems. Pentium4
between processes. The master process is assigned thauster suffers significant performance loss when the ex-

Time (sec)
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Figure 8. System comparison using the
non-overlap implementation, running on
32 processors.

Figure 9. Performance test of 3 paralleliza-
tion models on all platforms using 32 pro-
cessors.

tension region is included. This is due to imbalance

between processes. Further investigation is required to

furtherfine-tune the workloads on each process. for practical use. There are some recent projects look-
In Figure 6, we can find that the fine-grained par- ing at parallelizing an ordered subset convex algorithm
allelization is two times faster than the coarse-grained (0SC) on a shared memory computer [4]. However, its

one, as run on 64 processors. However, the performancgmplementation is not portable to tomosynthesis and it
difference between the three methods is barely notice-rejies heavily on a specified architecture to obtain the

able on the SGI Altix platform (see Figure 9). For the gesired performance
SGI Altix system, the computing of an extension seg-  \wy has introduced a coarse-grained parallelization
mentrequires as much time as transferring the data fromapproach in tomosynthesis reconstruction process [14].
neighboring segment. 3D volume rendering of an object and its projection im-
The SGI Altix system has outperformed all others ages are divided into multiple partitions, and part of the
systems in our experiments. However, its performance-region on the boundary of a partition is overlapped by
cost ratio may not be the most attractive. Because thejts neighboring partition. Partitions are reconstructed
current tomosynthesis system is still a prototype, this jndependently on distributed workstations, and then re-
work provides options for the most cost-effective sys- assembled together at the end. Wu’s approach can not

tem design. produce the exact reconstruction results as the sequen-
tial (non-parallel) algorithm, however, no significant vi-
4 Rdated work sual difference have been found in clinical trials. This

research targets a more efficient and generalizable paral-
lelization strategy, whose implementation can be ported
to different computing platforms easily. Our method
can also produce identical results as the sequential algo-
rithm at the expense of intensive inter-process commu-
c;’1icati0n. Performance differences between the coarse-
grained and the fine-grained parallel method are ana-
lyzed.

Parallel and distributed computing are commonly
used to solve computationally intensive problems in a
number of areas. Parallel computing presently plays an
important role in the developing area of biomedical im-
age understanding, where large volumes of data need t
be processed in a short amount of time.

General parallelization methods can be found in the
literature [6, 2]. Parallel image rendering techniques
studied by researchers are only capable of exploiting® Conclusion and Future Work
limited parallelism [9, 7].

In [8], a system is described that can process images Tomosynthesis mammography has been shown to be
over 100 times larger used by tomosynthesis. Recon-a very effective method in the detection and diagno-
struction algorithms used by computerized tomography sis of cancer in breast tissue. However, during clin-
(CT) are not able to produce 3D high-resolution images ical trails, compute-time overhead has been identified
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