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Abstract

The role of magnetic resonance imaging (MRI) anal-
ysis is critical in medical diagnoses for performing a
noninvasive diagnostic technique. The raw data of
MRI consists of series of complex numbers that rep-
resent phases and amplitudes of signals. The recon-
struction procedure of the MRI requires lengthy com-
putational time and complicated procedure due to the
heavy discrete Fourier transformation. A parallel al-
gorithm is developed for the cluster of heterogeneous
computers and analyzed based on its performance, fo-
cusing on communication overhead and granularity.
Granularity and scalability are critical factors to de-
termine the performance of parallel reconstruction al-
gorithms. The performance of fine granularity is more
efficient compared to the one of coarse granularity, if
its input and output( I/O) processing is fast enough
to handle messages from all slave processors.

1 INTRODUCTION

Magnetic resonance imaging (MRI) has been rec-
ognized as an inevitably important diagnostic tool in
the field of medical science for more than two decades.
Schizophrenia, Alzheimer’s disease and other various
mental disorders are examples of those that depend
on the neuro-imaging techniques [6, 7]. However, the
reconstruction procedures of MR images are not triv-
ial due to the complicated nature of MRI [1]. Fur-
thermore, the process is computationally intensive and
takes a large space of memory due to the heavy discrete
Fourier transformation and lengthy sequence of com-
putation. Other medical imaging techniques, such as
computerized tomography (CT) [3, 9], positron emis-
sion tomography (PET) [4, 8], and single photon emis-
sion tomography (SPECT) [2, 14] are implemented in
parallel algorithms and their efficiencies are reported.
Although it is demanded at many places, the func-
tional MRI has not been parallelized except for Lee’s
research [12].

A sequence of MRI consists of 3-D volume data.
The reconstruction is critical to the success of MRI
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analysis because the greater the ratio of signal to noise
(S/N) of the MRI is, the better the results are. Fortu-
nately, the structure of raw data resembles the natural
composition of the 3-D volume. A series of complex
numbers represents the 2-D slice data from top to bot-
tom. The 2-D slices are overlapped to construct the 3-
D volume. These volume data are taken sequentially to
capture the change of signal strength inside the body.
Thus, the 200 volumes of data contain around 6000 or
more slices.

Reconstruction of 3-D volume images from raw data
requires exhaustive computation of discrete Fourier
transformation with complex numbers. The process-
ing time is closely related with the performance of sys-
tems due to lengthy processing. For example, Sun Ul-
tra SPARC 5 took about 80 seconds to reconstruct a
single volume, while a fast Sun server machine took
about 30 seconds. If a single scan contains 200 vol-
umes, and a diagnosis for one subject needs ten scans,
2000 volumes should be reconstructed before any anal-
ysis. To reconstruct all volumes will take almost two
days with a slower processor. However, the data are
natural to the parallel reconstruction method because
computation of each volume is completely independent
of each other.

The purpose of this research is two-fold: to develop
a parallel reconstruction algorithm for MRIs, and to
analyze the factors that affect its performance on the
network of workstations. A parallel reconstruction al-
gorithm for MRI is developed for networks of worksta-
tions and its performance is presented in this paper.
The remainder of this paper is organized as follows:
The problem with heterogeneous network is analyzed
in Section 2. An adaptive parallel algorithm is de-
scribed comparing coarse and fine granularity meth-
ods in Section 3. Experimental results are discussed
in Section 4. Finally, Section 5 concludes the paper.

2 HETEROGENEOUS NETWORKS

It is common to add newer systems to an existing
network of workstations. To build a larger network



in this manner is economically practical. The clus-
tered networks of the workstation provide an excellent
parallel processing environment with robust process-
ing powers, memory and storage units. However, the
network does not have homogeneity in terms of sys-
tem resources, such as processor power, memory and
network transfer speed.

Since the performance of parallel algorithms de-
pends on those system resources, it is difficult to imple-
ment optimized parallel algorithms for heterogeneous
networks. Communication delay, which varies from
120 ms, may cause a severe delay for computation due
to the synchronization required during a sequence of
computation. Furthermore, the system’s load of each
node within the network is different, depending on
users from the outside because the target network is
assumed to be opened to public. Thus, it is an eminent
problem to design parallel algorithms that utilize every
processor of a network of heterogeneous workstations.

In this section the effect of heterogeneity of net-
works is described. Some criteria that should be con-
sidered for the parallelizing of algorithms in this sit-
uation are described. In particular, the focus will be
on factors that affect the performance of the algorithm
and the system environment.

2.1 Network description

The platform considered in this research is a group
of mixed high and low performance workstations that
are connected with an ordinary internet. This is the
chosen target for a few reasons. First, this type of
networked workstations is commonplace. Second, su-
percomputers are expensive, with limited availability
as compared to the network of workstations. It has
been reported that most of the workstations are idle
up to 80% depending on time of day [15]. These inter-
connected workstations provide emulated parallel ma-
chines with a large aggregate processing power.

Systems that performed the current research con-
sist of Sun UltraSPARC 1s, 5s and Ile. Their clock
speed ranges from 165 Mhz to 500 Mhz and their mem-
ory sizes vary from 64Mb to 1Gb. The workstations
are interconnected with inexpensive switching hubs of
maximum transfer speed of 10Mbps. The current con-
figuration consists of 30 processors. Each has a remote
file service through NFS and share common file system.
The system runs the MPI on the top of the SunOS. The
network performance varies depending on the worksta-
tions. Figure 1 shows bandwidths for slower and faster
workstations.

Maximum bandwidth of slower workstations barely
passes 1Mbytes/sec, while the maximum band-
width of faster workstations reaches approximately
10Mbytes/sec. The size of the messages which cause
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Figure 1: Bandwidth for slow and fast workstations

network saturation are 2'2 and 2'%bytes for slower and
faster workstations, respectively. It is clear that the
message size of 2'2bytes or smaller will be transferred
without major delay.

The different completion time of each workstation
is also a serious problem of parallel algorithm devel-
opment. The execution time for reconstructing 80
volumes ranges from approximately 32 minutes to 95
minutes. The difference in speed is caused by both
the heterogeneity in system resources, such as different
clock speed and memory, and the difference in work-
station load. In conclusion, the workstations have typ-
ical characteristics of a heterogeneous system with low
capacity of network transfer.

2.2 Performance criteria

The system described in the previous section is re-
liable and has an advantageous cost to performance
ratio. However, different system resources, unpre-
dictable system load, and low network bandwidth are
the serious disadvantages. The performance of the
parallel reconstruction depends on how those disad-
vantages are handled. Criteria considered to improve
performance are message passing, load balancing and
scalability.

2.2.1 Message passing

The parallel tool used in this research is MPI(Message
Passing Interface) [5], which performs a parallel task
based on message passing among processors. Every
data and control of a program is processed by message
passing. This method is not favorable for networks
with low bandwidth. The size of raw data for a 150-
volume image is over 470 Mbytes, which requires too
much transmission time and the serious communica-
tion overhead will degrade efficiency.



2.2.2 Load balancing

The goal of load balancing is to maximize the power
of every workstation. Two factors, granularity and job
distribution methods, can control load balancing. The
granularity of parallelism is a good control factor to
achieve load balancing. Piotrowski et al. [4] conducted
experiments on performance sensitivity with variable
granularity. This may introduce additional complexity
in the program flow control, but specific task size can
be distributed to a specific processor. However, their
conclusion is that a fixed granularity performed better
compared to varied granularity.

Task distribution in different sizes can help load bal-
ancing. The structure of the reconstruction algorithm
is a hierarchical tree. One scan for a specific sub-
ject consists of multiple volume; each volume consists
of multiple slices; and each slice consists of multiple
Fourier transformations on each column. Paralleliz-
ing scans, volumes, slices, and columns results in finer
granularity, respectively. The magnitude of the granu-
larity in terms of processing times is 5200, 70, 20, and
0.4 seconds, respectively.

Two different approaches are implemented. The
first approach is to divide the tasks in equal sizes.
The second approach is to apply the concept of the
processor pool. Thus, each slavery processor will re-
quest whenever it has completed the allocated task.
The algorithms are described in Section 3 in detail.

2.2.3 Scalability

In some cases, the number of subjects may be only one,
while in other cases, the number could be more than
twenty. For example, Biomedical Informatics Research
Network (BIRN) [16] often needs to analyze multiple
subjects at multiple sites with different scanning. In
this case, the number of scans is easily over 400 sub-
jects. The algorithm requires good scalability to han-
dle different data sizes. It should also be able to handle
different sizes of workstations. The adaptive algorithm
will perform best in any case.

3 PARALLEL RECONSTRUCTION

Currently, there are several different kinds of recon-
struction methods available [1, 13]. A heuristic recon-
struction algorithm has also been developed [10]. The
methods depend on the specific MRI hardware system,
acquisition protocol (software), and analysis purpose.
However, a general reconstruction method has com-
mon procedures. This section will describe the general
reconstruction method, followed by the description of
two parallel reconstruction methods.
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Figure 2: Flowchart of reconstruction
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3.1 Sequential reconstruction method

A core of sequential reconstruction method is de-
picted in Figure 2. MRI scans often acquire partial
k-space to reduce scan time by reducing the number of
phase encodings. The partial k-space can be recovered
by either filling or padding zeros or phase correction
and conjugate synthesis. The raw data is fed into FFT-
Shift operation followed by the 1-D Fast Fourier Trans-
form (FFT) as the stream of 1-D inputs and builds
correlation outputs.

The phase correction has to be made before the
k-space symmetry can be exploited to synthesize the
skipped data. Generally new data are synthesized by
the conjugate symmetry for the missing data, such as
M(kx,ky) = M x (—kx,—ky). The phase correction
function used is a unit amplitude image with a phase
that is the conjugate of m;(x,y), which is the magni-
tude at a given location.

Then, the correlation result updates the k-space and
is fed into the 2-D FFT after inverse FFT has been per-
formed. Image volumes are not in order for most of
the scanners because images are acquisited in an inter-
leaved fashion. The idea is to separate the odd volumes
from the even volumes before passing through the 2-
D FFT. Then, the FFT shift operations are applied to
the outputs of 2-D FFT. Finally, the resulting volumes
are combined together in proper order to build a 3-D
volume data.

3.2 Parallel reconstruction method

Both coarse-grain and fine-grain algorithms are de-
veloped. Assuming the size of scan data is large, two
methods may be considered: a volume-based and a
slice-based parallel algorithm. The size of a single vol-
ume is about 1Mbytes for 128 x 128 x 32 resolution.



A slice is considered 2-D data representing one slice
at the Cartesian coordinate. Since the order is not
sequential from the raw scanning, the computation of
slices slightly interferes with other slices. The typical
size of a single slice would be 32Kbytes for the above
resolution. Details of algorithms are described in the
following sections.

3.2.1 Processor utilization

It is apparent performance would be improved at a
higher processor utilization. The simple way to par-
allelize reconstruction method is to distribute equal
number of tasks to each processor. This method can
be implemented easily by distributing data in equal
sizes. However, the utilization of fast processors will
be low. Thus, it is expected to see unbalanced load due
to different processing power and preoccupied outside
tasks in the event the network is opened to public.

The processor farming technique is an excellent tool
to create higher processor utilization. This technique
has been used by Lee and Lim [11]. The higher uti-
lization can be achieved by distributing tasks when-
ever a slave processor requests a new task. A master
processor controls the distribution and considers the
group of slave processors as a processing farm. Both
coarse-grain and fine-grain methods adapt the process-
ing farm technique to achieve better utilization of pro-
cessors.

3.2.2 Coarse-grain method

This method parallelizes reconstruction algorithm by
distributing volumes, a relatively large task. The de-
tail algorithm is described in Figure 3. The pseu-
docode of the coarse-grain method consists of two
blocks: an if block for a master processor and a while
block for a slave processor. Initially, the master allo-
cates a volume to each slavery processor sequentially
by sending volume number k. Then, the mast pro-
cessor waits requests from slaves. As soon as it re-
ceives a message from a slave processor, it distributes
a new volume number. It repeats the same steps un-
til all volumes are distributed. After all volumes are
distributed, the master distributes a DONE signal to
each slave processor.

The while block in the pseudocode specifies for the
actual reconstruction. Initially, every slave processor
will get at least one task inside the first if block of
Figure 3. Since it has already received a volume iden-
tification number k from the master node, it can recon-
struct a volume by calling getVolume(). The getVol-
ume() moves the file pointer to the corresponding k-
th volume location and constructs each slice sequen-
tially. The single execution time of getVolume() is ap-

proximately 0.8sec, which makes the algorithm coarse.
Once each volume is reconstructed, get Volume() writes
the result image after combining and reordering every
slice. Then, the slave processor sends its own pro-
cessor identification number to the master, instead of
receiving a next volume number. A slave processor
reconstructs volumes until the received volume num-
ber is not the DONE signal. Thus, it did not need
to send any message to a master. However, a mas-

Procedure coarseGrainMethod
Input rawdata
Output resultImg
if ( node==master ) { /# dedicated master */
/* initial distribution */
for( p=0; p<noProc; p++ )
send( p, p )
/* distribute jobs to requesting nodes */
for( p=nProc; p<=noFrame; p++ ) {
recv( des, ANY$_SOURCE );
send( p, des );
}
for( p=0; p<nProc; p++ ) /* all done */
send( DONE, p )
}
else { /* slave processor */
while (true) {
recv( k, MASTER )
if ( k==DONE )
break
for( j=0; j<noSlice; j++ )
getVolume( k, j, image ) /* get kth frame */
for( j=0; j<noSlice; j++ ) {
combineImage( resultImg, image )
writeImg( resultImg )
}
send( myId, MASTER)
}

Figure 3: Pseudocode for the coarse-grain method

ter is waiting for a slave’s request and allocates new
volumes only to the requesting processors in the adap-
tive method. Thus, this allocation method keeps every
slave processor continually busy.

The flow control of the adaptive method is guaran-
teed not to enter either a deadlock or a starvation sit-
uation. Every slave processor will receive at least one
task initially. As soon as the slave processor completes
the allocated task, it sends the next volume request. If
there are more tasks to be distributed, the master will
send a volume number to the requesting processor. If
all volumes are already allocated to other slave pro-
cessors, the slave processor will receive a DONE signal
and close the entire process properly.



3.2.3 Fine-grain method

In this method the distributed task is divided into a
smaller size than the coarse-grain method. Although
the number of volumes is relatively large, the execu-
tion time for parallelizing volumes is long, as the dif-
ference of time duration between slow processors and
fast processors is critical to overall performance. A
single volume data consists of multiple slices. The re-
construction of slices requires little interaction with
other slices. Thus, the reconstruction algorithm can
be further parallelized at the slice level of reconstruc-
tion. The pseudocode in Figure 4 describes the func-
tions of a master and a slave processor of the fine-grain
method.

Each slice within a specific volume is distributed to
the requesting nodes. Distributed slices may not be-
long to the same volume. In order to handle multiple
slices from different volumes, a data type, taskInfo is
defined. It holds information about a slice number, a
volume number, and a task type. Initially, the master
processor distributes slice numbers to all slave proces-
sors in the first for block. Then it waits until the earli-
est slave processor returns the constructed slice image
in the second for block.

Slave processors receive task information and con-
struct slices until the task type is an end signal DONE
in the while block. Once slice and volume numbers are
obtained, the slave processor constructs slices that are
assigned to themselves called calcImg(). Then they
return the constructed slices with corresponding task
information. If a single volume consists of 28 slices,
28 processors are involved to reconstruct that single
volume. The algorithm is considered as a fine-grain,
because a single volume has been reconstructed by a
single processor in the previous algorithm.

The number of message passing is also 28-times.
Another difference between this method and the pre-
vious method is that the master processor writes down
the slice images. Thus, each slave processor can con-
tribute a whole processor time to the computation of
reconstruction. However, the master processor must
be designated as a dedicated master, which distributes
slice numbers, receives data, and writes down results.

The size of a single slice depends on the image res-
olution. Both communication and I/O overhead affect
the efficiency of algorithms. The pseudocode in Fig-
ure 4 may be changed so that each slave processor
writes down the reconstructed data instead of send-
ing it to a master processor, if the communication
overhead is larger than the I/O processing time. The
recv(slice, taskInfo) inside the if block of a master sec-
tion and the send(slice, MASTER) inside the while
block of a slave section in Figure 4 transfer data from
a slave processor to a master processor. If those two

Procedure fineGrainMethod
Input rawdata
Output resultImg
if ( node==master ) { /* dedicated master */
/* initial distribution */
for ( p=0; p<noProc; p++ ) {
update (taskInfo)
send( taskInfo, p )
}
/* distribute jobs to requesting nodes */
for ( s=nProc; s<noFrame+nProc; s++ ) {
recv( taskInfo, ANY$_SOURCE )
/* receive the earliest onex*/
recv( slice, taskInfo.src )
if ( s<noFrame*noSlice ) /* checke whether */
task.type = SLICE /* more data exist */
else
task.type = DONE
update( taskInfo ) /* update slice/volume */
send(s, taskInfo.src)/* assign a new task */
writeSlice( slice );/* write down a slice */
}
}
else { /* slave processor */
while (true) {
/* get a new slice # */
recv( taskInfo, MASTER )
if ( taskInfo.type==DONE )
break
/*get a single frame */
slice = getSlice( taskInfo, image )
calcImg( slice ) /% construct 2D image */
send( taskInfo, MASTER ) /* send slice # */
send( slice, MASTER ) /* send a result */
}

Figure 4: Pseudocode for the fine-grain method

statements are removed and the writeSlice(slice) state-
ment is moved from a master section to a slave section,
the pseudocode favors improved I/O processing over
communication overhead.

4 EXPERIMENTS

Each method has been implemented with MPICH
1.2.5 and tested on the network of various Sun Ul-
traSPARC workstations described in Section 2.1. In-
put image is selected from a set of functional MRI of
80 volumes. Each volume consists of 28 slices in this
set. Although the test execution was performed dur-
ing non-busy hours, some fluctuations of the system’s
load were observed. A coronal and a sagittal view of
a reconstructed volume are shown in Figure 5.

Figure 6 shows the execution times of the coarse-
grain and the fine-grain parallel algorithms for dif-



Figure 5: Sample of reconstructed MRI
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Figure 6: Execution time of algorithms

ferent numbers of processors. Dramatic reduction in
execution time of parallel algorithms is found around
twelve processors. The pattern of execution time of
each method shows good parallelism.

The fine-grain method distributes slices to slave
processors instead of volumes. In this method, a mas-
ter processor receives and writes every slice image onto
a destination disk. The mast processor will be utilized
100% if the slave processors send slices continuously.
Two curves of fine-grain, slow and fast represent slow
and fast master processors, respectively. The faster
processor is quicker in both I/O processing and com-
putational power. It is obvious the execution time of
the fast master is shorter than the slower one. Fig-
ure 6 also shows that fine granularity is not always
better than coarse granularity. If the number of pro-
cessors is eight or more, the coarse-grain algorithm is
even better for the fine-grain algorithm at a slow mas-
ter processor because the slow master processor cannot
receive slices from a large group of slave processors.

Speed-up of each algorithm in Figure 6 is drawn in
Figure 7. The speed-up of the fixed method slows after
24-processor, while others increase continuously. The
fine-grain algorithm of a slow master processor does
not show a distinct increment after 20-processor. The
speed-up of the fine-grain is dramatic, if the master
processor can handle slices from slave processors.

It is worthwhile to note that the pattern of the
speed-ups for the two methods shows the super-linear
speed-up, for which the performance is better than
the ideal speed-up. For example, speed-ups for 20-
processor are about 30 and 35 for each method. This
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Figure 8: Execution time excluding data transmission

is possible because some slave nodes are faster than
the first slave node, which executed the single proces-
sor data.

It is important to discover the effect of the commu-
nication overhead between the master processor and
slave processors. Data transferring time can be esti-
mated with the saturated bandwidth diagram shown in
Figure 1. Transfer time for a single slice, for which the
size is 32Kbytes, is estimated between approximately
25ms and 250ms on the experimented local network.
The execution time is also measured after removing
the send and recv for data transmission in the pseu-
docode described in Figure 4. Each slave processor
writes down the computed slice image directly to a
file system instead of sending it to a master processor.
Figure 8 displays the execution times of three cases
without data transmission. Curves for Data transfer
show the measured execution time using send/recv op-
erators for the fast and slow master processor, respec-
tively. A curve for No data transfer shows the execu-
tion time for direct storing of slices by slave processors.
Direct storing takes longer for a small number of pro-
cessors, but its performance improves as the number
of processors increases. This is perfectly logical. If



the number of slave processors increases, the master
processor may become a bottle neck to write down all
slice images. It suggests that distributed I/O must be
sought, if the number of processor nodes is large.

5 CONCLUSION

Parallel reconstruction algorithms for functional
MRI were developed and implemented with MPI for
the network of Sun workstations. Primary goals of al-
gorithm development are to reduce unnecessary com-
munication, to achieve good load balancing, and to
maintain scalability. The performance of parallel algo-
rithms indicates improved speed-up. The algorithms
mimic the processor farming model by distributing
tasks to available slave processors. The processor
farming technique works well for the heterogeneous
networks. The performance of algorithms reflects the
behavior of good linear speed up. It is expected that
the speed up will continually increase linearly, if ev-
ery slave processor has an equal amount of comput-
ing power, because the algorithm uses coarse granu-
larity. However, this cannot occur in the network of
low cost workstations. The experiment utilized two
different granularities. The fine-grain method showed
better performance, if the master processor is capable
of handling slices received from slave processors, while
the coarse-grain method is better when the master pro-
cessor is a slow speed processor. The performance of
the mo-data-transfer method was more efficient than
the data-transfer method. This is due to distributed
I/O processing, along with the reduced communica-
tion overhead. It is expected the best performance will
be achieved with fine-grain algorithm with a powerful
master processor in terms of I/O processing.
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