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Abstract

High resolution structure determination of biological
macromolecules by electron microscopy is central to un-
derstand their biological function. These structural analy-
ses involve processing thousands projection images taken
from the specimen at different orientations. Regularized
iterative reconstruction methods are well suited to deal
with the extremely noise conditions found in those studies,
but they are computationally expensive. Parallel computing
then emerges as a natural solution for those problems al-
lowing huge jobs to be run in clusters of workstations. This
work describes and analyzes the parallel implementations
of five 3D iterative reconstruction algorithms, including si-
multaneous and block-iterative methods. The evaluation of
the parallel approaches is carried out in terms of speedups
and computation versus communication times. It is shown
that there are specific iterative methods that are specially
well suited for parallelization, with a great level of scala-
bility and fast convergence rates. This work draws the con-
clusion that the use of those parallel reconstruction meth-
ods is going to be central to afford “grand challenge” prob-
lems currently unapproachable in structural biology, such
as structure determination at close-to-atomic resolution by
electron microscopy.

1. Introduction

Electron microscopy (EM) is central to the study of
many structural problems in BioSciences. Combined with
image processing and three-dimensional (3D) reconstruc-
tion techniques, EM yields quantitative information about
the 3D structure of biological specimens [7, 8], which is
critical to understanding biological function at all levels of
detail. This work focuses on the macromolecular domain
(specimens with sizes around 200-100 A, such as proteins).
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Structural analyses of macromolecules involve process-
ing thousands EM projection images taken from the spec-
imen at very different orientations. In order to preserve as
much detail as possible, the specimens are imaged at very
low electron doses, which makes the EM images extremely
noisy (SNR in the order of 0.1). The EM images are com-
bined together through reconstruction algorithms to derive
the 3D structure at enough resolution (typically in the range
of 6-20 A) to discern important structural features [7, 8].

Rigorous structural analyses require that image recon-
struction introduces as little noise and artifact as possible
at the spatial scales of interest, for a proper interpretation
of the structure. Weighted back-projection (WBP) [16] is
the standard method, whose relevance stems mainly from
its computational simplicity. Its disadvantages, however, are
(i) the sensitiveness to limited tilt angle conditions found in
electron microscopy, and (ii) that it does not implicitly take
into account the noise conditions nor the transfer function.

Series expansion reconstruction methods constitute one
of the main alternatives to WBP to image reconstruction,
and are getting increasing interest in this field [14, 6]. In
general, these methods (i) yield smoother solutions un-
der extremely noisy conditions and (ii) exhibit better be-
haviour under limited-angle conditions than WBP, which
make them better suited for the problem of high-resolution
structure determination of macromolecules. Despite their
potential advantages [14], they still have not been exten-
sively used due to their computational costs.

Series expansion methods can represent the density dis-
tribution in the volume by means of basis functions more
general than the traditional voxels. During the nineties [13,
15, 14], overlapping spherically symmetric volume ele-
ments (blobs) with smooth transition to zero were thor-
oughly investigated as alternatives to voxels for image rep-
resentation, concluding that blobs are better suited for repre-
senting natural structures. The use of blobs provides recon-
struction algorithms with an implicit regularization mecha-
nism, very appropriate for working under noisy conditions,



yielding smoother reconstructions where artifacts and noise
are reduced with relatively unimpaired resolution [6].

This work addresses the parallelization of blob-based se-
ries expansion methods in structure determination of macro-
molecules. It analyzes the use of traditional series expan-
sion methods [12], such as Algebraic Reconstruction Tech-
niques (ART), as well as other recently developed methods:
such as Averaging Sequential Strings (ASS) [3] or Compo-
nent Averaging methods (CAV) [4] characterized by a fast
convergence. Parallel computing is used to face the huge
computational requirements of all these methods, thus re-
ducing the processing time. An analysis of the efficiency of
the parallel approaches is carried out in terms of speedups
and computation versus communication times.

2. lIterative Image Reconstruction M ethods
2.1. SeriesExpansion Methods

Series expansion reconstruction methods assume that the
3D object or function f to be reconstructed can be approx-
imated by a linear combination of a finite set of known and
fixed basis functions b;

J
F(rydi,da) = Y wsby(r, 1, ¢2) ()
j=1
(where (7, ¢1, ¢2) are spherical coordinates), and that the
aim is to estimate the unknowns ;. These methods also as-
sume an image formation model where the measurements
depend linearly on the objectJin such a way that:
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where y; denotes the i-th measurement of f and [; ; the
value of the ith projection of the j-th basis function.

Under those assumptions, the image reconstruction prob-
lem can be modeled as the inverse problem of estimating
the x;’s from the y;’s by solving the system of linear equa-
tions given by Eq. (2). Such systems of equations are typi-
cally solved by means of iterative methods.

2.2. ART and CAV Methods

ART methods constitute one of the best known fami-
lies of iterative algorithms to solve such systems [12]. CAV
methods have recently arisen [5, 4] as efficient iterative
algorithms for solving large and sparse systems of linear
equations. These methods have been derived from ART,
with the important innovation of a weighting related to the
sparsity of the system. This component-related weighting
yields a convergence rate that may be far superior to the
ART methods, specially at the early iteration steps.

Assuming that the whole set of equations in the linear
system (Eg. (2)) may be subdivided into B blocks each of

size S, a generalized version of iterative methods can be de-
scribed via its iterative step from the k-th estimate to the
(k + 1)-th estimate by:
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A, denotes the relaxation parameter.

b = (k mod B), is the index of the block.

i = bS + s, is the i-th equation of the system.

w? denotes the weighting factor.
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The weighting factor is set up to S in the case of ART
methods. In CAV methods, this factor w? is set up to the
number of times that the component z,, of the volume con-
tributes with nonzero value to the equations in the b-th
block.

The processing of all the equations in one of the blocks
produces a new estimate. All blocks are processed in one it-
eration of the algorithm. This technique produces iterates
which converge to a least squares solution of the system
provided that the relaxation parameter is optimized [12, 4].

ART and CAV methods can be classified into the follow-
ing three categories as a function of the number of blocks:

e Sequential. This version cycles through the equations
one-by-one producing consecutive estimates (S = 1). This
method exactly matches the well-known row-action ART
method [12] and is characterized by a fast convergence as
long as relaxation factors are optimized.

e Simultaneous. This version uses only one block (B =
1), considering all equations in the system in every itera-
tive step. This version is inherently parallel, in the sense
that every equation can be processed independently from
the others. Simultaneous methods are characterized by bet-
ter robustness under noise, but with a slow convergence
rate. SIRT (Simultaneous Iterative Reconstruction Tech-
nique) [9] is the simultaneous version of ART. For CAV
methods, that version is simply known as CAV [5].

e Block-Iterative. The Block-Iterative (BI) version repre-
sents the general case. In essence, this version sequentially
cycles block-by-block, and every block is processed in a si-
multaneous way. Bl methods (with .S > 1) also exhibit an
inherent nature for parallelization. The convergence rate is
in-between of sequential and simultaneous versions, and is
higher as block size decreases. SART (Simultaneous Alge-
braic Reconstruction Technique) [1] and BICAV [4] are the
BI versions of ART and CAV methods, respectively.

This work focuses on the simultaneous and block iter-
ative versions because of their inherent parallel nature. In
this work, the blocks are chosen so that the number of equa-
tions is a multiple of the number of pixels in the EM pro-
jection images. In this way, all the equations involved by an
EM image belong to the same block.
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Figure 1. Conceptual scheme of iterative
methods for 3D reconstruction from projec-
tions.

Conceptually, iterative methods (either CAV or ART)
proceed in the following way (see Fig. 1): First, they start
from an initial model, and the model is progressively refined
as iterations evolve. For every iteration and every block:
(1) the corresponding projections are computed from the
current model; (2) the error between the experimental pro-
jections and those computed from the model is calculated;
(3) the model is refined so that the error is minimized. In
essence, this process is the one analytically expressed by

Eq. (3).
2.3. Averaging Sequential Strings

Recently, another iterative algorithmic scheme to solve
linear systems has arisen: Averaging Sequential Strings
(ASS) [3]. This is also a block-iterative approach. The im-
portant difference with respect to the previous ones is that
the equations in every block are processed sequentially,
yielding a partial result, and the final result in the itera-
tion is then computed as the weighted sum of the partial re-
sults. ASS is also inherently parallel in the sense that blocks
can be processed independently. The convergence rate is in-
between of sequential and simultaneous versions of ART
and CAV.

2.4. Parallelization

In this work, the parallel strategies that have been de-
veloped are based on domain decomposition and the SPMD
model (Single Program, Multiple Data) in which every node

in the system carries out, essencially, the same task over
its own data domain. The parallelization has been focused
on distributed memory computers, in concrete clusters of
workstations, using the message-passing paradigm.

In three-dimensional electron microscopy, the SPMD
model consists of splitting the set of projection images into
groups, and distributing the groups across the computing
nodes. Fig. 2 shows a conceptual scheme of this approach.
The nodes then process the images in parallel, and once per
iteration, they communicate the results to obtain the solu-
tion at the current iteration. The data distribution and the
processing of the groups depends on the iterative methods.
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Figure 2. Conceptual Parallelization Scheme

The parallelization of the simultaneous and Bl versions
of ART/CAV then consists of distributing the EM images
of the current block of equations into the computing nodes.
Every node then computes its partial result following a si-
multaneous scheme with its equations. Finally, the nodes
communicate each other to yield the final result through
a weigthed sum of the partial results. Then, a new block
is processed and so forth. Therefore, simultaneous algo-
rithms require only a global reduction operation per iter-
ation, whereas Bl methods require a number of commu-
nications per iteration which is inversely proportional to
the block size. With this parallelization approach, paral-
lel simultaneous and Bl methods are guaranteed to yield
the same results as the corresponding sequential version.



In other words, the convergence rate of the method is pre-
served.

The parallelization of ASS follows a different approach.
In each iteration, the blocks of equations are distributed
across the nodes, i.e. each node receives a block of equa-
tions. Every node then computes its partial result following
a sequential or a Bl scheme over its equations. Finally, the
nodes communicate each other to yield the final result by a
global reduction operation. Conceptually, this paralleliza-
tion approach is equivalent to “independent” reconstruc-
tions computed by the different nodes and they are com-
bined together in every iteration. This strategy proves to be
interesting to analyze from the mathematical point of view
due to the implications in the convergence rate of the algo-
rithm. Parallelization allows to reduce the computation time
per iteration but, however, may reduce the convergence rate
of the algorithm. It has been formulated a heuristic rule over
the relaxation parameter of the algorithm so that the sequen-
tial convergence rate is maintained [2]:

)‘Np = )\Seq X Np

where N,, denotes the number of processors, Aseq IS the re-
laxation parameter used in the sequential version and Ay,
is the value that should be used in the parallel version to get
similar convergence rate.

3. Results

This section is intended to show the efficiency of the par-
allelization approaches above described in their application
to three-dimensional electron microscopy. Speedups, com-
putation and communication times have been computed for
the different reconstruction methods parallelized here.

A model of Bacteriorhodopsin, the first macromolecule
solved at atomic resolution by electron microscopy [11] has
been used to perform the reconstructions. A set of 1000 pro-
jections, randomly distributed in projection space and con-
taminated with Gaussian noise at SNR=1/3, was calculated
from the model. Then, the set of projections was used to
compute the reconstructions by following the different par-
allel iterative methods. Fifty iterations of each method were
used to calculate speedups and times. The reconstructions
and the projections were 64 x 64 x 64 voxels and 64 x 64
pixels in size, respectively.

Five different reconstruction algorithms have been
tested: ASS, SIRT, CAV, SART and BICAV. For BI al-
gorithms (SART and BICAV), two different block sizes
have been tested: 16 and 48 projections (called in this pa-
per SART-16, SART-48, BICAV-16 and BICAV-48, re-
spectively). That way, the impact of block sizes on the
parallelization could be measured.

A 8-nodes (uniprocessor) Linux cluster of workstations
has been used to run the experiments. The characteristics of
this cluster are:

e 8 nodes: PIIl 933 Mhz. 512 MB RAM, 20 GB HDD,
2 X 1Gb Ethernet NICs. Cross-mounted /home filesys-
tem.

e 1 Server Node: 2x 2.66 Ghz PIIl Xeon. 2 x 73 GB
SCSI-320. 2 GB RAM. 2 x 1 Gb Ethernet NICs.

MPICH 1.2.5 was installed as Message-Passing Interface
(MPI) library [10]. To assure exclusive access to nodes so
times cannot be altered by other users, a batch schedul-
ing policy has been implemented on both server and nodes.
Therefore, jobs remain queued until requested resources are
available so they can be assigned to it in exclusive mode.
OpenPBS was used as the batch scheduling system.

3.1. Speedupsand execution times

Speedup is the most often used measure of parallel per-
formance, and was computed in this work to assess the effi-
ciency of the parallel approaches. Speedup is defined as the
ratio between the turnaround times in the sequential and in
the parallel version of the program. Table 3.1 represents the
speedups obtained for the different algorithms tested and us-
ing up to 8 processors.

2p. | 3p. [ 4p. [ 5p. [ 6p. | 70 | 8p.
ASS 20 | 298 | 388 | 4,88 | 58 | 6,72 | 7,63
CAV 20 | 208 | 302 | 4,94 | 585 | 6,75 | 7.67
SIRT | 20 | 3 | 389|489 582|671 749
BICAV-48 | 1,91 | 2,73 | 3,56 | 4,11 | 4,86 | 525 | 6,19
SART-48 | 1,92 | 2,73 | 357 | 4,01 | 4,77 | 5,22 | 5,97
BICAV-16 | 1,83 | 242 | 3,12 | 314 | 33 | 3./5 | 454
SART-16 | 1,85 | 2,37 | 3,08 | 3,07 | 3,21 | 3,72 | 4,36

Table 1. Speedups for the different recon-
struction methods and number of processors

Fig. 3 shows a graph with the speedup curves for the dif-
ferent methods versus the number of processors. It is clearly
observed that ASS, and the simultaneous algorithms, SIRT
and CAV, exhibit the best speedup curves with a nearly lin-
ear behaviour. However, the Bl methods SART and BICAV
exhibit poorer speedups, and the behaviour is worse as the
block size decreases. This is justified by the fact that Bl al-
gorithms require a number of global reduction operations
per iterations proportional to the number of blocks. In order
to quantify the cost of these operations, the following sec-
tion presents the time devoted to communications for the
different algorithms.

Both Fig. 4 and Table 2 show the average execution
time (including computation and communication) per iter-
ation for the different tested algorithms. This figure is in-
tended to compare the computation costs of the different al-
gorithms. It is clearly seen that ASS, SIRT and CAV require
less time per iteration. However, Bl algorithms are more ex-
pensive, and their demands depend inversely on the block
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Figure 3. Speedup vs no. processors

size. Fig. 4 shows that BICAV algorithms are significantly
more demanding than SART due to the computation and
transmission of the weights for each block.
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Figure 4. Average execution time per iteration

1p. 2p. 3p. 4p. 5p. 6p. 7p. 8p.

ASS 465.7 | 229.9 | 1539 [ 117.3 | 92.7 [ 7746 | 66.3 58
CAV 516.6 | 254.7 | 170.8 | 129.3 | 101.9 | 8544 | 736 | 64.3
SIRT 466.3 | 229.9 | 153 | 1172 | 926 | 77.3 | 66.6 | 59.2
BICAV-48 | 695.6 | 361.7 | 252.3 | 192.6 | 166.8 | 140.3 | 129.7 | 109.4
SART-48 [ 4632 [ 2401|1675 1273|1128 | 942 | 859 | 746
BICAV-16 | 705.9 | 383.8 | 289.5 | 223.8 | 222.3 | 211.2 | 185.46 | 152.7
SART-16 | 4731 [ 2541|1974 | 151 | 151.7 | 145 | 12452 | 105.8

2p. | 3p. | 4p. | 5p. | 6p. | 7p. | 8p.

ASS 0 0 0 | 00L | 001 | 0,01 001

CAV 0 0 0 | 00L | 001 00L] 001

SIRT 0 0 0 0,01 | 0,01 | 0,01 | 0,01
BICAV-48 | 0,03 | 0,06 | 0,06 | 0,14 | 0,24 | 0,19 | 0,16
SART-48 0,02 | 0,06 | 0,06 | 0,15 | 0,24 | 0,16 | 0,16
BICAV-16 | 0,07 | 0,15 | 0,16 0,3 0,36 | 0,36 | 0,33
SART-16 | 0,05 | 0,15 | 0,15 | 0,29 | 0,34 | 0,33 | 0,32

Table 3. Ratio communication time vs total

execution times, shown for the different re-

Table 2. Average time per iteration vs. num-
ber of processors.

3.2. Communication times

Communication is usually one of the factors which influ-
ences the degree of parallelism that an application can reach
(scalability). In this section this parameter is analyzed in or-
der to discern which algorithms are more suitable for paral-
lelization and which ones scale badly.

Table 3 represents the ratio between the communication
time and the turnaround time for the different reconstruction
methods and number of processors. Fig. 5 shows a graph
with the curves corresponding to the data in Table 3.

As expected, ASS, CAV and SIRT algorithms are the
least affected by the communication. They perform just a
communication per iteration to share the partial results and,
consequently, the communication time is negligible (less
than 1%) compared to the time dedicated to computation.
Therefore, these algorithms are not strongly affected by
communications and they can thus achieve good scalabil-

ity.

construction methods and number of proces-
sors

However, a different behaviour is found in Bl algorithms
(BICAV and SART) as they perform more communications
as block size decreases. They may be severely affected by
communications, and this effect is stronger as the number
of processors increases. Table 3 show that more than 30%
of the total execution time is dedicated to communication
in SART and BICAV when block size is 48 and more than
4 processors are used. This behaviour makes those Bl algo-
rithms less suitable for parallelization.

There has to be remarked that the communications in
the reconstruction algorithms follow the collective pattern,
which means that all the processes synchronize at a point
and share all-to-all their information. As MPI is being used,
the “MPI_ALLREDUCE” operation, which is optimized for
this kind of operations, has been chosen. It adds the possi-
bility to perform a collective operation over the shared data
like a sum, division, average and others.

We can observe in Fig. 5 that curves behave better for
numbers of processors which are power of two. However,
for other numbers of processors the time for collective
communications is high. This can be explained because a
“MPI_ALLREDUCE” uses tree structures as data distribu-
tion patterns. Number of processors that are not powers of
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two would involve unbalanced trees, which may justify this
poor behaviour.

4. Discussion and Conclusion

This work has described and analyzed parallel ap-
proaches for regularized iterative reconstruction meth-
ods used in three-dimensional electron microscopy. Several
types of algorithms have been parallelized and analyzed: si-
multaneous methods (SIRT, CAV) and block-iterative
methods (SART, BICAV, ASS).

The results that have been obtained show that ASS, SIRT
and CAV exhibit similar behaviour in terms of scalability,
showing a nearly linear speedup. Therefore, all of them are
well suited for parallelization. However, block-iterative al-
gorithm exhibit a poor behaviour in terms of scalability as
the block size is reduced. This is a strong disadvantage as
little block sizes are desirable in order to get fast conver-
gence rates in reconstruction quality [12, 2].

A previous work [2] showed that ASS exhibits the high-
est convergence rate in terms of quality of the reconstruc-
tions. The present work has shown that ASS is one of the
methods with higher scalability. Therefore, the conjunction
of these two facts makes ASS the best method for large-
scale three-dimensional reconstruction from projections.

Therefore, parallel versions of Iterative Reconstruction
Algorithms —ASS in particular— have shown to be effec-
tive enough to substitute sequential versions without loss
of convergence. Previously unaffordable large reconstruc-
tions could then be faced and carried out now in a cluster of
workstations in a relatively short computation time.

The use of parallel computing is becoming essential to
afford “grand challenge” problems currently unapproach-
able in structural biology. High resolution structure deter-
mination of biological specimens by electron microscopy is

currently trying to reach close-to-atomic resolution by com-
bining hundreds of thousands or even one million images of
the specimen under study [8]. The computational costs that
this challenge involves make parallel computing central in
this field. This work has shown that parallel and distributed
computing can be effectively used for image reconstruction,
and proposes ASS as the method of choice.
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