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Abstract—Biomedical image registration, or geometric align-
ment of two-dimensional and/or three-dimensional (3-D) image
data, is becoming increasingly important in diagnosis, treatment
planning, functional studies, computer-guided therapies, and
in biomedical research. Registration based on intensity values
usually requires optimization of some similarity metric between
the images. Local optimization techniques frequently fail because
functions of these metrics with respect to transformation parame-
ters are generally nonconvex and irregular and, therefore, global
methods are often required. In this paper, a new evolutionary
approach, particle swarm optimization, is adapted for single-slice
3-D-to-3-D biomedical image registration. A new hybrid particle
swarm technique is proposed that incorporates initial user
guidance. Multimodal registrations with initial orientations
far from the ground truth were performed on three volumes
from different modalities. Results of optimizing the normalized
mutual information similarity metric were compared with various
evolutionary strategies. The hybrid particle swarm technique
produced more accurate registrations than the evolutionary
strategies in many cases, with comparable convergence. These
results demonstrate that particle swarm approaches, along with
evolutionary techniques and local methods, are useful in image
registration, and emphasize the need for hybrid approaches for
difficult registration problems.

Index Terms—Evolutionary strategies, global optimization,
image registration, local optimization, particle swarm optimiza-
tion.

I. INTRODUCTION

MEDICAL imaging provides insights into the size, shape,
and spatial relationships among anatomical structures.

For instance, computer-assisted tomography (CT) is very useful
for imaging bony structures and dense tissue, whereas mag-
netic resonance imaging (MRI) and ultrasound (US) provide
views of soft tissues. Additionally, functional imaging is be-
coming increasingly important both clinically and in medical re-
search. For example, positron emission tomography (PET) and
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single-photon computed tomography (SPECT) imaging provide
information on blood flow and metabolic processes. Very often,
areas of the body are imaged with different modalities. These
images are used in a complimentary manner to gain additional
insights into a phenomenon.

For these different modalities to be useful, they must be ap-
propriately combined, or fused. Before images can be fused,
they must first be geometrically and/or temporally aligned. This
alignment process is known as registration. One of the most
important applications of registration is image-guided therapy,
and registration in neurosurgery and orthopaedic surgery is now
common [1]. Registration is also used in treatment planning
[2]–[4], in functional brain imaging [2], [3], [5], and in brain
atlases and mapping [2]. Developing applications include mul-
timedia patient records [1], postgenomic registration to charac-
terize gene function [1], registration of intra- and preoperative
images in surgical interventions [1], and treatment monitoring
[2].

There are many approaches to biomedical image registration.
The “gold standard” utilizes markers placed on the subject
[2], [3]. Other approaches include matching extracted features
or surfaces [2]. Much work has recently focused on inten-
sity-based approaches, in which the intensity values (color, or
gray level) are used to compute similarity measures between
the images. Such metrics are called voxel (volume element)
measures. Intensity-based registration does not generally re-
quire extensive preprocessing, such as segmentation or feature
extraction. In intensity-based registration, there are generally
three important considerations [3], [6].

1) The search space is the class of potential transformations,
such as rigid body and elastic, used to align the images.
Three-dimensional (3-D) rigid-body registration has six
degrees of freedom: , , and translations (denoted as

, , and , respectively), and rotations about the , ,
and axes (respectively, denoted as , , and ). The ad-
dition of shearing and scaling results in an affine transfor-
mation. The most general class of transformations, non-
linear registrations includes nonlinear mapping functions
(e.g., polynomials), where curved lines are mapped onto
other curved lines.

2) The similarity metric is an indicator of how closely the
features or intensity values of two images match. The
sum of squared intensity difference [7], generalized cor-
relation coefficient [8], ratio image uniformity [7], and
information theoretic measures [2], [3], [9]–[11] are com-
monly used similarity measures.
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3) The search strategy optimizes the similarity metric. Ex-
amples include local or global searches, multiresolution
approaches or other optimization techniques.

The focus of the current paper is the search strategy (opti-
mization) for maximizing the similarity metric for registering
single slice biomedical images to 3-D volumes, where the im-
ages were obtained from different modalities. Single slice to 3-D
registration is useful in such areas as image-guidance during
interventional procedures. It is challenging because of the low
amount of data from which to compute the similarity metric.
In addition, registration of two-dimensional (2-D) modalities
(e.g., X-ray scans) to 3-D tomographic data is a rapidly de-
veloping research area. Specifically, particle swarm optimiza-
tion (PSO) is proposed as a global optimization approach for
biomedical image registration. To the authors’ knowledge, PSO
has not yet been applied to registration. PSO is a paradigm that
includes many variations, and in this paper, several such vari-
ants are employed. Additionally, a new PSO approach specif-
ically tailored to the image registration problem is proposed.
This method makes use of the initial user-specified orientation
of the images to be registered. In practice, registration success
is heavily dependent on the initial orientation before any opti-
mization is applied [2], [3], [7]. The proposed PSO technique
assumes this orientaion to be “in the general vicinity” of the
correct transformation, and also employs local optimization.

The paper is organized as follows. First, the registration
problem is formulated. Following is a brief discussion of
similarity metrics and of other optimization techniques. Next,
adaptation of PSO to image registration is described, and
the proposed PSO improvement for registration is presented.
Experiments to test the new algorithm are described in the
next section. The results are compared with seven evolutionary
strategies. Performance analysis, including accuracy and effi-
ciency, is then given, and a discussion of the results concludes
the paper.

II. IMAGE REGISTRATION PROCESS

In the discussion that follows, it is assumed that an “image”
can have two or three dimensions. Let denote the spatial
transformation that maps features or coordinates (spatial loca-
tions) from one image or coordinate space to another image
or coordinate space. Let and denote coordinate points
(pixel locations) in images and , respectively. The image
registration problem is to determine so that the mapping :

results in the “best” alignment
of and [2]. For 3-D rigid body registration, the mapping
of coordinates into can be for-

mulated as a matrix multiplication in homogeneous coordinates
[7], as shown in (1) at the bottom of the page. Because digital
images are sampled on a discrete grid, but generally maps to
continuous values, interpolation of intensities is required [2].

Although elastic transformations are more realistic (as most
body tissues are deformable to some degree), rigid body reg-
istration is generally performed to initially determine global
alignment, followed by local elastic registration [12]. Further-
more, many nonlinear registration methods align small blocks
of the floating image to the reference image in a linear manner
[13], [14]. Thus, because of its wide applicability, and to demon-
strate the efficacy of using PSO methods in registration, rigid
body transformations are considered in the current study. That
is, the goal of the optimization is to determine the parameters

, , , , , and .

A. Similarity Metric (Objective Function)

Similarity metrics for image registration must be robust; that
is, they should attain a global maximum (or a very distinct local
maximum) at the correct registration. The “best registration”
is very often a local (not global) optimum [2], [7]. Thus, in
addition to exercising care when selecting an initial orienta-
tion [7], other features, such as intensity gradient information,
should also be utilized [15]. However, in this paper, it is assumed
that the global optimum is attained at the correct registration
transformation.

Much of the current work on biomedical image registration
utilizes information theoretic voxel similarity measures, in par-
ticular, mutual information based on the Shannon definition of
entropy [9], [10]. Mutual information has been shown to be ro-
bust for multimodal registration, and does not depend on the
specific dynamic range or intensity scaling of the images. It is
a measure of the relative independence of two images [7]. High
values indicate high dependence. The mutual information of two
images and is given as

(2)

where denotes Shannon entropy. For an image with
pixels and with each intensity value , occurring with
frequency , the Shannon entropy is computed as

(3)

For each intensity, the can be estimated with Parzen win-
dows [10], histograms, or other probability density estimators.

(1)
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Fig. 1. (a) Slice from abdominal histological volume. (b) Corresponding simulated US image. (c) Normalized mutual information as a function of translation
errors. (d) Normalized mutual information as a function of rotation errors.

is computed with an estimate of the joint density. Nor-
malized mutual information , given as

(4)

is less sensitive to the size of the partal overlap between the 2-D
image and the volume [11]. As optimization in image registra-
tion is to maximize similarity, similarity metric values, as func-
tions of transformation parameters, comprise the objective func-
tion, henceforth denoted as . Many optimization problems
are formulated as minimization problems and, thus, without loss
of generality, it is understood that for image registration, the goal
is to minimize . Figs. 1–3 show slices from 3-D volumes,
2-D images to be registered with these volumes, and for

, , , , , and misalignments. For each curve, consisting
of 1000 misregistrations, a single parameter was varied, while
the other five parameters were held constant. Although the min-
imum values are well-defined, the functions are not smooth, and
are characterized by many local minima, particularly evident in
Fig. 1(c). Also, the effect of gray level interpolation is demon-
strated in Fig. 2(c) by the ripples in the curve.

The success of registration algorithms also depends on the
similarity metric. Although there is yet no proof for the op-
timality of information-theoretic measures [2], because of its
robustness and good results in previous studies [2], [7], [13],
normalized mutual information was selected as the similarity

measure in the current study. This metric is robust, in the sense
that it usually attains its maximum at correct alignment, but is
still generally nonsmooth and prone to local optima, as is the
case with other metrics. For this reason, global optimization
approaches are warranted.

B. Optimization of Similarity Metrics

Local methods, such as Powell’s direction set method [16],
[17], conjugate gradient [17], Levenberg–Marquardt [17], or the
Nelder–Mead simplex algorithm [16], [17], are generally used
in image registration. Because many similarity metrics, as func-
tions of transformation parameters, are generally irregular and
rough (especially for multimodal registration), local methods
are most accurate when the initial orientation is very close to
the transformation that yields the best registration.

One approach to address this issue is to apply multiresolu-
tion techniques, whereby images are registered at increasing
resolutions with initial orientations from the preceding (lower)
resolution [16], [18]. These methods still frequently become
trapped in local optima, as the global optimum may not
be present in lower resolutions [2], [19]. Therefore, global
optimization is often required. Such global approaches in-
clude simulated annealing [20], genetic algorithms [20], [21],
evolutionary strategies [19], [22], and the tabu search [23]. In
registration, evaluating (4) can be very costly, as joint density
estimation and interpolation are all involved. Therefore, the
number of objective function evaluations must be as low as
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Fig. 2. (a) Slice from head histological volume. (b) Corresponding CT image. (c) Normalized mutual information as a function of translation errors. (d) Normalized
mutual information as a function of rotation errors.

possible. Efficiency is the primary reason that local techniques
are preferred for registration. However, efficient global opti-
mization may gain acceptance if a marked improvement in
accuracy can be demonstrated [19]–[23].

III. IMAGE REGISTRATION USING PSO

PSO is a relatively new population-based evolutionary com-
putation technique [24], [25]. In contrast to genetic algorithms
(GAs) and evolutionary strategies (ESs,) which exploit the com-
petitive characteristics of biological evolution (e.g., survival
of the fittest), PSO exploits cooperative and social aspects,
such as fish schooling, birds flocking, and insects swarming.
Starting from a diffuse population, now called a swarm, in-
dividuals, now termed as particles, tend to move about the
search space, eventually clustering in regions where minima
are identified. Investigation into the theoretical properties of
PSO is an active research area [25]–[27]. Practical applications
of PSO have also appeared, including NC programming [28],
process biochemistry [29], optimizing power flow [30], neural
network training [25], and tremor analysis [25].

In PSO, at each iteration, the th particle , ,
( is the number of particles) moves by addition of a velocity
vector , which is a function of the best position (the position
attaining the lowest objective function value) found by that par-

ticle, ( , for personal best) and of the best position found so
far among all particles ( , for global best). , , , and
are -dimensional vectors. At iteration , the position of the th
particle is given as [25]

(5)

where is the inertial weight, the are acceleration
constants, and the are uniformly distributed
random numbers. To keep the within reasonable bounds,
velocities are often clamped to a maximum velocity :

. (Full implementation details are found in
[25].)

The performance of PSO is dependent on the parameter
settings: inertial weights , acceleration constants , the
maximum number of iterations , and the initialization of the
population. The inertial weight is usually a monotonically
decreasing function of the iteration . For example, given a
user-specified maximum weight and a minimum weight

, one way to update is as follows:

(6)
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Fig. 3. (a) Slice from T1 MRI head volume. (b) Corresponding T2 image. (c) Normalized mutual information as a function of translation errors. (d) Normalized
mutual information as a function of rotation errors.

A. Modifications to the PSO Algorithm

The basic PSO algorithm can be enhanced in a variety of
ways. For example, when updating , the best position in a
neighborhood of , denoted as , can be used in updating the
velocity instead of the global best position; that is, is sub-
stituted for in (5) [31]. Neighborhoods of are defined as

, where is some distance
measure and the threshold is a function of the maximum
distance of all particles from , (denoted as ), and the iter-
ation [31]. An example of a neighborhood rule is that a particle

, , is a neighbor of if [31]

(7)

Here, and and are positive constants. Thus, there are the-
oretically as many distinct neighborhoods as particles.

Another modification to PSO is to add ES/GA operators, such
as mutation and crossover [25], [32]. In this hybrid PSO, after
particle positions have been updated, particles are selected, in
pairs, for crossover with probability . For each pair, two child
particles are generated by a crossover rule and replace the par-
ents, keeping the population size constant. One such crossover
rule for parents and , , is [32]

(8)

The velocities and of the children can be updated from the
velocities of the parents as follows [32]:

(9)

The probabilities in (8) can differ for each parameter of
. Another modification to the hybrid PSO algorithm just

described is to group the particles into subpopulations [32].
Any clustering method, such as k-means clustering, can be
used to determine the subpopulations. In this case, in addition
to , a probability is specified to denote the probability
of intrasubpopulation crossover. Crossover among different
subpopulations occurs with probability [32].

Another modification designed to control the movement of
the is introduction of a constriction coefficient [26]. By
modeling the velocity update (5) as a deterministic system, a
generalized particle swarm model was proposed to control both
convergence and “explosive” particle movements [25]. A simple
constriction model for velocity update is given as [25]

(10)

(11)
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B. PSO Approach for Registration Utilizing Initial Position

In a large amount of the PSO literature (and in optimization
literature in general), standard test functions (e.g., the Rastrigrin
and Griewank functions) are employed for benchmark testing.
In these cases, the initial set of parameters has little impor-
tance. However, in many practical applications, there is usu-
ally at least some knowledge of the characteristics of for
which is the global minimum. Users of biomedical image
registration systems are generally skilled clinical professionals
who have an indication of the correct orientation. These users
can choose an accurate initial transformation. Although regis-
tration is required due to the complexity of medical images and
to human error, registration algorithms can still benefit from
an accurate initial guess. Consider the curve in Fig. 1(c). If
the initial axis orientation is only 15 voxels from the cor-
rect transformation, an optimization algorithm may follow the

slope to a misregistration of 40 voxels. This situation may
also be true of PSO, as and only prevent the from
straying from the region of feasible solutions. However, if the
were drawn back to the user’s (well-placed) initial orientation,
the particles, while “swarming,” may have a higher probability
of discovering a region that contains . In other words, in ad-
dition to the swarming effect around the global best so far
and each particle’s recollection of its personal best , a third
factor, the initial orientation , can also affect the velocity
of each particle. In this case, (5) is modified to become

(12)

where is the acceleration constant for the return to the initial
orientation. Similarly, (10) can be modified to

(13)

(14)

The technique is illustrated in Fig. 4, where a contour plot of
normalized mutual information for 2-D US to 3-D histological
registration is shown. The current , actually a local minimum,
is shown exerting attraction on the other particles, but the effect
of the initial position steers some of the particles in the direction
of the global optimum.

Although stochastic and evolutionary global optimiza-
tion techniques, including PSO, can generally discover the
promising region, or “basin of attraction” of where

is located, they generally exhibit slow convergence to
. As indicated earlier, the complexity of similarity metric

computation necessitates fast convergence. Therefore, a local
method is applied to the best point in the promising region
found by the PSO. Although many local techniques exist,
Powell’s direction set algorithm was chosen. It does not require
derivative computation, and has been shown to be robust and
efficient. It is widely used in registration applications [3], [15].

Fig. 4. Illustration of the proposed PSO algorithm utilizing initial position.
The contours represent the normalized mutual information landscape of 2-D
US to 3-D histological registration. The current global best position g is in the
area of a local minimum. Although the particles begin to swarm around g, some
of the particles (white circles) are veered slightly toward the point representing
the initial orientation, and would eventually find the “basin of attraction” for the
global minimum.

In initial experiments with PSO registration (described below
in the Results section), it was found that the PSO-ES hybrid
and PSO incorporating the constriction coefficient produced
the highest percentage of correct registrations among all PSO
techniques tested. Therefore, the modification utilizing the
initial orientation was applied to those methods, resulting in
three algorithms.

1) Hybrid PSO with crossover: This algorithm utilizes
the crossover operators for positions and velocities,
as described by (8) and (9) [32]. However, for normal
velocity updates, (12) is used. Convergence criteria is

iterations in which there is no im-
provement in , or attaining the maximum number of
iterations . After convergence, Powell’s local optimiza-
tion method is applied to the best point in the swarm.
The resulting point contains the parameters of the final
registration transformation: .
The acceleration constants and in (12) are set
to a fixed value of 2.0. is also initially set to 2.0,
but decreases to 1.0 during the search according to:

. Dynamically changing
in this way decreases the effect of over time.

2) Hybrid PSO with crossover and subpopulations: This
algorithm is the same as that described above, except that
five subpopulations, initially determined with k-means
clustering, were used. Additionally, after convergence
(same criteria as above), Powell’s method is applied to
the best points in each subpopulation, and the resulting
best point is output as the parameter vector of the final
registration transformation.

3) PSO with constriction coefficient and relaxed conver-
gence criteria: This algorithm is the most “controlled”
of the three techniques. A “loose” local optimization with
Powell’s method (convergence is detected when
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TABLE I
VOLUMES AND IMAGES USED IN REGISTRATION EXPERIMENTS

changes by less than 0.05) is applied to , resulting in
. Then, particles are generated around . PSO with

constriction factor is applied, and the velocities are
updated according to (13). Convergence criteria are more
relaxed. If in some iteration , then is
set to , but if , then the iteration is still
considered to be a nonimproving iteration. Convergence
is faster, as the iteration counter is not reset to zero
for improving points very close to . Powell’s local
optimization is applied to after convergence (a function
value change of less than 0.005).

IV. METHODS

To test the performance of the PSO techniques in biomedical
image registration, several registration experiments were per-
formed using a variety of these algorithms.

A. Data

Experiments consisted in registering single slice biomedical
images to 3-D volumes. There were three 3-D volumes, and
four 2-D images to be registered with each volume. The
volume/image modalities, sizes, and properties are shown
in Table I. An abdominal volume (henceforth, denoted as
volume 1) was obtained through the NLM-NIH Visible Human
Project, and consists of histological sections from a deceased
female. Corresponding ultrasound images are realistic B-mode
simulations generated from physical parameters of ultrasound
scattering: the density, size (cross section), and regularity
of the placement of the scatterers in tissue [33]. The image
and volume are shown in Fig. 1(a) and (b). A head volume
(volume 2) was also obtained through the Visible Human
Project, as were corresponding CT images registered to this
volume [Fig. 2(a) and (b)]. In both cases, the images and
volumes were downsampled by 4 and interpolated to reduce
the memory and storage requirements. A realistic simulated
T1 MRI volume of a normal brain (volume 3) was obtained
from the BrainWeb database at McGill University [34], [35].
A section of the T1 volume and corresponding T2 image are
shown in Fig. 3(a) and (b). The purpose of this simulator is to
provide researchers with ground truth data for image analysis
techniques and algorithms.

B. Initial Orientations

Local optimization methods (gradient descent, Powell’s
method, simplex techniques) have proven very successful in
image registration, provided that the initial transformation
is reasonably close to the correct orientation [17]. They are
also susceptible to premature convergence to local minima,
especially for nonsmooth functions. In global optimization
techniques, such as evolutionary paradigms and particle swarm
optimization, such minima may dominate the search. However,
as the global optimum is also a local optimum, the wider search
capabilities of the global techniques facilitates one of the local
optima eventually emerging as the global optimum.

In the registration experiments, each 2-D image was oriented
at 10, 15, 20, and 25 voxels from ground truth translation. In
the context of the volumes that were used in this study, these
distances are relatively “far” from the correct orientation. Thus,
the registrations are considered to be difficult. For each distance,
ten rotational orientations were applied, ranging from 5 to 45
out of plane of the correct transformation. For each 2-D image,
distance, and orientation, ten trials were performed. A different
random number seed, chosen in advance for repeatability, was
used for each trial.

C. Registration Controls

Normalized mutual information was computed by (4) using
64 histogram bins, which generally produces a smooth density
approximation while retaining intensity features [9]. Because
translation and rotation parameters are real-valued, interpola-
tion of voxel intensity values is required, as voxel positions fall
on an isotropic grid. Partial volume interpolation [36], in which
the intensity histogram is updated using weighted intensities of
neighboring voxels, was used in this study, as this method was
found to reduce transients and artifacts in the similarity metric
function [36].

D. Optimization Techniques

Eight PSO techniques were used to perform the registrations.
For comparison, registrations were also performed on seven ES
techniques. The similarity metric in all experiments was nor-
malized mutual information. Results were compared on the fol-
lowing merit measures:

1) Accuracy, as measured by the ratio of correct registrations
to all registrations. A registration is considered to be cor-
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rect if the Euclidean distance from the ground truth trans-
lation and final translation is
less than 2 voxels, and if the maximum absolute value of
the three rotation errors is less than 2 . These values have
been found to be good indicators of registration quality.

2) Efficiency, as measured by the mean number of function
evaluations for correct registrations for each 2-D image
registered to a 3-D volume.

The ES algorithms used for optimization are now described.
For all algorithms, the population size was (an empir-
ically good value). Specific details of the algorithms are indi-
cated by citations of the appropriate literature. In the following
discussion, let denote the th dimension parameter of .
Additionally, for all algorithms, including ES, Powell’s method
was applied for local optimization after convergence criteria for
the global optimization were reached.

1) ES1: A variant of a generational ES with linear crossover
[37], [38]. For each mutation, only one parameter ( ,

, , , , ), chosen at random, was perturbed. The
maximum number of generations was set to 100, with
convergence criteria being nonimprovement of the cost
function for 20 generations. After convergence, the best
was kept for a new “restart” generation, while the other
individuals were reinitialized. The maximum number
of restart generations was set to 10, with convergence
criteria being nonimprovement of the cost function for
three restart generations. The mutation step sizes were
updated according to [38]

(15)

with .
2) ES2: The same as ES1, except that all parameters are

perturbed during mutation [22].
3) ES3: The same as ES1, but with multiple-parents

crossover [39]. Up to parents are possible.
4) ES4: The same as ES1, except that the were updated

by self-adaptation (crossover and mutation). That is, the
control parameters were coded in the gene [38].

5) ES5: The same as ES4, except that the were updated
with Rechenberg’s 1/5 success rule [38].

6) ES6: Steady-state replacement with self-adapting
control parameters [38]. The convergence criterion
was 20 nonimproving generations, up to a max-
imum of 100. The probability of mutation was
updated with a lognormal random number [38]:

, with learning
rates and .

7) ES7: The same as ES6, but with control parameters up-
dated with Rechenberg’s 1/5 success rule.

The following PSO techniques were tested. The total number of
particles was set to .

1) PSO1 (Basic PSO algorithm): For translations, the max-
imum velocity was set to 20, and for rotations, to .
These values were empirically found to give good results
in many trials. The convergence criterion was 20 nonim-
proving iterations, up to a maximum of itera-
tions. The inertial weights were adapted according to (6)

with and . and were set
to 2.0 [31]. For , , and , the maximum velocity was
set to 20.0 voxels, and the maximum velocity for , ,
and was set to radians.

2) PSO2 (PSO with neighborhood operations [31]): The
control parameters were set as in PSO1. In (7),
and .

3) PSO3 (Hybrid PSO with crossover [32]): The empirically
good crossover probability was used.

4) PSO4 (Hybrid PSO with crossover and subpopulations
[32]): The probability of crossover, , was set to 0.4,
and the probability of intrasubpopulation crossover
was set to 0.3. There were five subpopulations, initially
determined with k-means clustering.

5) PSO5: Hybrid PSO with crossover, similar to PSO3, but
with velocities updated according to (12), as described in
Section III-B, with , , , and

initially set to 2.0, and decreased in each iteration as
.

6) PSO6: This algorithm implements the hybrid PSO with
crossover and subpopulations. It is similar to PSO4, ex-
cept that velocities are updated according to (13). The
crossover probabilities are the same as in PSO4, with

, , and initially set to 2.0, and dy-
namically decreased, as in PSO5.

7) PSO7: Basic PSO with constriction coefficient. The
values in (11) were set as follows: , ,

[25], [40]. Therefore, . PSO7
may be considered as a special case of PSO1 with fixed
coefficients.

8) PSO8: This is the PSO with constriction coefficient and
relaxed convergence criteria, described in Section III-B.
The values in (14) were set as follows: , ,

, . These constants were chosen to
maintain the constriction coefficient . was
set lower than the other acceleration constants to prevent
excessive influence from the initial point. A new point
with an improved function value does not cause the im-
provement counter to be reset if the Euclidean distance
between its , , and positions and those of is less
than 1.5, and if the rotational change is less than 0.0698
radians (about 4 ).

V. RESULTS

A. Accuracy

The ratios of correct registrations for the PSO and ES tech-
niques are shown in Fig. 5(a) and (b), respectively. Fig. 5(a)
shows that addition of the constriction factor and the term for

(PSO8) improved registration accuracy. In general, the basic
PSO technique (PSO1) was the worse performer among PSO
methods. Hybridization with the crossover operator also im-
proved accuracy. The three overall best performers [with hy-
bridization (PSO5), hybridization and subpopulations (PSO6),
and constriction coefficient (PSO8)] all utilized . Among the
ES methods, three generational methods (ES1, ES2, and ES3)
had the highest registration accuracy. These methods approxi-
mate multistart algorithms, as, after a number of nonimproving
generations, all but the best orientation are replaced. In image
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Fig. 5. Registration accuracy, as measured by the ratio of correct registrations
for (a) PSO techniques and (b) ES methods.

registration, this added diversity appears to greatly increase the
number of correct registrations.

The effect of the initial Euclidean distance (using , ,
and ) from ground truth was examined, and the results for
each volume for PSO and ES are shown in Fig. 6(a) and (b),
respectively. As expected, there is a general trend of decreasing
accuracy the further is placed from ground truth. The
US-histology registrations, which had the overall best results
for all techniques, also exhibited high accuracy for all distances
(but also decreasing with distance). An interesting result is that
PSO6 (hybrid with subpopulations and term) and PSO8
(constriction coefficient and term) were less sensitive to
than the other PSO methods. For the ES methods, the three best
performers also had the highest accuracy for all distances. The
trend again underscores that registration is sensitive to , even
when global optimization is used.

B. Efficiency

In biomedical image registration, accuracy is the primary
concern, as it useless to converge quickly to incorrect trans-
formations. However, because of the complexity of evaluating
similarity metrics, efficiency is extremely important. The
mean numbers of function evaluations for each initial distance

are given in Table II, and the mean computation times
(900 MHz Pentium processor), in seconds, are shown in

Fig. 6. Registration accuracy as a function of the distance d from ground
truth. d is measured using only translations. (a) PSO methods and (b) ES
methods.

Table III. Because global and local optimization are both
utilized in registration, these values also include evaluations
from local optimizations. As expected, PSO6, which performs
local optimization on all the local best positions, required the
highest number of evaluations. From Table II, the three best
ES methods had similar efficiencies. The efficiency for the
PSO methods compares favorably with ES efficiency, but with
higher standard deviation, indicating that, while some trials
converged quickly, others required many function evaluations.
PSO5 had the fastest mean convergence of the best methods
(but with high standard deviation). PSO8, which was the most
accurate among PSO methods, converged slightly more slowly
than the best ES algorithm (ES1).

VI. DISCUSSION

The proposed modifications to the velocity update (12), (13)
were designed specifically for image registration. As shown in
Figs. 1–3(c) and (d), similarity metric functions are often char-
acterized by many local optima. Although the constriction co-
efficient prevents the particles from straying out of the space
of feasible solutions, the particles have a greater probability of
being drawn out of local optima by the additional term. Al-
though this term improved registration accuracy, in other appli-
cations, there may be no prior knowledge of the location of the
global optimum. Therefore, in some cases, PSO8 may prevent
particles from moving toward the global optimum, and only the
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TABLE II
MEAN NUMBER OF FUNCTION EVALUATIONS (� 1000) FOR ES AND PSO TECHNIQUES.

THE THREE MOST ACCURATE ES AND PSO TECHNIQUES ARE SHOWN IN BOLDFACE

and should be used for velocity update. If a feasible re-
gion, wherein the correct transformation plausibly lies, cannot
be identified, then other PSO techniques, such as the use of
crossover and subpopulations (PSO6), is recommended.

In addition, it may be argued that the use of local optimization
within the PSO and ES imply a weakness of global methods.
However, local optimization is, in itself, often inadequate for
finding the correct registration. This fact is demonstrated in
Table IV, where the ratio of correct registrations is shown using
only Powell’s method for local optimization. By comparing
these values to those shown in Fig. 6, global optimization
clearly improved accuracy for all .

For the ES methods, the relatively good performance of the
generational approaches suggests the following.

1) Diversity, maintained by replacement of most of the
population in every generation, is important in avoiding
entrapment in local optima.

2) The “restart generations,” in which all but the best indi-
vidual are replaced, also facilitates adequate exploration
of the search space.

3) However, if a good position is identified, the individual
should be “slightly” mutated (only one parameter is
mutated in ES1), encouraging intensive searching around
promising regions.
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TABLE III
MEAN TIME (IN SECONDS) FOR ES AND PSO TECHNIQUES. THE THREE MOST ACCURATE

ES AND PSO TECHNIQUES ARE SHOWN IN BOLDFACE

TABLE IV
RATIO OF CORRECT REGISTRATIONS USING ONLY

POWELL’S LOCAL OPTIMIZATION

For the PSO methods:

1) Some knowledge of the correct orientation can greatly
benefit the search.

2) Both the term and the constriction coefficient prevent
the search from straying too far from the global optimum.

3) Hybridization with ES operators appear to improve accu-
racy by diversifying particle locations.

4) Convergence criteria during the global search can be re-
laxed, as local optimization can find the global optimum
if a particle is sufficiently close to it. Additionally, the
convergence of PSO8 can be potentially be improved by
eliminating the initial Powell optimization.

The PSO method (PSO8) outperformed all ES methods
for CT-histological registrations. For the US-histological
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registrations, accuracy was nearly identical for the three best
PSO and ES methods. In the MRI registrations, ES1 had a
slight advantage over the best PSO methods. However, the
PSO methods were noticeably more accurate than the other ES
techniques.

Both accuracy and efficiency of the PSO methods can be im-
proved by additional modifications, such as better swarm ini-
tialization [41]. However, in the scope of the current study, it
was shown that incorporation of the initial position into the ve-
locity update equation, by itself, greatly increased registration
accuracy.

Finally, registration performance is also highly dependent on
the similarity metric. Although normalized mutual information
was utilized in the present study, other metrics may be more
conducive to optimization [2], [42], and may further enhance
the correctness, accuracy, and efficiency of the PSO (and other)
approaches.

VII. CONCLUSION

A new adaptation of particle swarm optimization specifically
designed for biomedical image registration was proposed in
this paper. An additional term containing the initial user-spec-
ified orientation to the velocity update equation draws the
search away from local optima far from the correct registra-
tion. Although registration success is then more dependent on
the initial position, in actual practice, a good guess is highly
likely. Registration performance for the PSO methods is also
improved by hybridization with crossover operators and with
constriction coefficients. Experimental results for PSO compare
very favorably with ES techniques, both in terms of accuracy
and efficiency. PSO performance was enhanced by addition of
evolutionary operators, indicating that hybrid global optimiza-
tion merits further exploration. In fact, the results presented
in this paper not only demonstrate the efficacy of using PSO
for image registration, but also generally support the use of
stochastic global optimization for biomedical image registra-
tion. Both evolutionary techniques and PSO are inherently
parallel, and computation times can be greatly improved by
utilizing either distributed- or shared-memory architectures.
Incorporation of multiresolution strategies may also improve
performance. Although comparisons must be made with other
global and local optimization paradigms and similarity metrics,
and the methods must also be adapted for nonlinear alignment,
particle swarm optimization has been shown to be promising
for optimization in biomedical image registration.
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