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Abstract
Three diﬀerent systematic approaches to generate multiple classiﬁers in atlas-based biomedical image segmentation
are compared. Diﬀerent atlases, as well as diﬀerent parametrization of the registration algorithm, lead to diﬀerent atlasbased classiﬁers. The classiﬁer outputs are combined and compared to a manual ground truth segmentation. Classiﬁer
combination consistently improved classiﬁcation accuracy with the biggest improvement from multiple atlases. We conclude that multi-classiﬁer techniques have a natural application to atlas-based segmentation and increase classiﬁcation
accuracy in real-world segmentation problems.
 2005 Elsevier B.V. All rights reserved.
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1. Introduction
Combinations of multiple independent classiﬁers can be substantially more accurate than the
individual classiﬁcations. Numerous applications
of this principle have been reported in the pattern
recognition literature over the past dozen years.
*
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Xu et al. (1992) evaluated diﬀerent combination
schemes of classiﬁers for the recognition of unconstrained handwritten numerals. They observed an
increase of the recognition rates from 93% (best
out of four individual classiﬁers) to 98.6% for
several of their combination methods. Similarly,
Kittler et al. (1998) combined four classiﬁers for
optical character recognition of uppercase letters
and digits, and found the classiﬁcation rate to
improve from 95% (best individual classiﬁer) to
over 98% for a combined classiﬁer.
A common problem with the application of this
principle is the construction of independent classiﬁers. A generic solution for this problem has been
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proposed by Breiman (1996) under the name
‘‘bootstrap aggregation’’, or simply ‘‘bagging’’. If
the training of a classiﬁer is unstable, that is, sensitive to the training set, multiple classiﬁers can
be generated by using diﬀerent training sets. In this
paper, we propose and evaluate a classiﬁer approach to atlas-based image segmentation. This
approach allows for the systematic generation of
a virtually unlimited number of classiﬁers in a natural way, similar to the bagging method.
The particular classiﬁcation method we look at
in this paper, atlas-based segmentation, has proven especially successful in current applications
to segment three-dimensional (3D) biomedical
images (Collins et al., 1995). The segmentation of
an image is performed by computing an anatomically correct coordinate transformation between
the image and an already segmented image, the
so-called atlas. The process of computing the
transformation between the two images is called
registration, and is itself the subject of active research. A good overview of the ﬁeld is given, for
example, by Hajnal et al. (2001).
When comparing atlas-based segmentation to
classiﬁer techniques, the atlas assumes the role of
the training set, and training of the classiﬁer is
achieved by computing the registration between
image and atlas. We will take a more detailed look
at the parallels between atlas-based segmentations
and classiﬁers in Section 2.
Analogously to the bagging method, multiple
independent classiﬁers arise in a natural way by
using multiple training sets, that is multiple diﬀerent atlases. Most published work on atlas-based
segmentation uses atlases that were generated by
manually segmenting the image of one individual.
If two atlases are generated from diﬀerent individuals, then the classiﬁers are inherently independent. Likewise, a diﬀerent training method, e.g.,
a diﬀerent registration algorithm, can be used to
generate multiple diﬀerent classiﬁers using the
same atlas. In the absence of multiple working registration algorithms, multiple diﬀerent parametrizations of the same algorithm may be used.
We evaluate three ways to generate multiple
atlas-based classiﬁers. In Section 3, confocal
microscopy images from 17 bee brains are segmented using three individual atlases, or using
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one atlas and three diﬀerent values for each of
two parametrizations of the registration algorithm. In each case, the resulting three individual
segmentations are combined into a ﬁnal segmentation. For each individual and for each combined
segmentation, its recognition rate (relative number
of correctly labeled image voxels) is computed
using a manual ground truth segmentation.
In Section 4 we repeat the same experimental
protocol with publicly available human brain magnetic resonance (MR) images from 10 subjects.
Again, three subjects are used as atlases, and the
images of the remaining 7 are segmented and the
results compared to a manual segmentation. We
conclude this paper in Section 5 with a discussion
of our results, their relevance, and their practical
implications.

2. Atlas-based classiﬁers
This section introduces a classiﬁer view of atlasbased segmentation. Based on this foundation we
then demonstrate the application of multi-classiﬁer
principles to atlas-based segmentation.
2.1. Analogies
Let us ﬁrst take a look at the analogies between
a generic classiﬁer, say a neural network, and an
atlas-based classiﬁer. Table 1 gives an overview
of the related concepts. From an operational perspective, an atlas-based classiﬁer takes as its input
a coordinate x inside the domain of the unsegmented target image, in the 3D case R3 , and produces as its output the label assigned to that
coordinate. It therefore computes a mapping from
the image domain to a label set K = {1, . . . , L}
with L labels (i.e., classes). Internally, this label
is determined by lookup from a discrete label ﬁeld,
or atlas, A, which is a mapping from R3 to K. The
target image and the atlas are related to each other
by a coordinate transformation T. A simple atlasbased classiﬁer thus implements the mapping
x 7! AðTðxÞÞ.

ð1Þ

The parameters of the transformation are the internal parameters of the classiﬁer, so that training the
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Table 1
Analogies between neural networks and atlas-based classiﬁers

Input
Output
Internal structure
Parameters
Parameter adjustment
Learning input
Typical learning algorithm

Neural network

Atlas-based classiﬁer

Pattern
Class
Network topology
Connection weights
Training
Training set
Backpropagation

Coordinate in image domain
Segmentation label
Transformation model
Transformation parameters
Registration
Atlas
Intensity-based non-rigid registration

classiﬁer is equivalent to performing a registration
between the image and the atlas.1
The coordinate transformation T of an atlasbased classiﬁer is continuous, typically even
smooth, and does not in general map grid points
of the image to grid points in the atlas. Label lookup therefore requires an interpolation of labels of
some sort.
The simplest interpolation that can be applied
to non-numerical data such as labels is nearest
neighbor (NN) interpolation, which returns the
unique label of the nearest atlas grid point as the
classiﬁer output. A more sophisticated technique
that is applicable to label data is partial volume
(PV) interpolation, originally introduced by Maes
et al. (1997) for histogram generation in entropybased image registration. Using PV interpolation,
a vector of weights is returned as the classiﬁer output, where each weight represents the relative
share of one label. The classiﬁer therefore becomes
a function that maps to [0, 1]K, i.e.,
x 7! ðw1 ; . . . ; wL Þ;

ð2Þ

where wl for l = 1, . . . , L is the relative weight
(conﬁdence) of x belonging to class l. In a multiclassiﬁer system, each classiﬁer returns a weight
vector of dimension L. In this paper, we use PV
interpolation, and we compute the joint classiﬁer
output for any given input by sum fusion, i.e., by
adding all weight vectors and selecting the class
with the highest weight in the sum.

1
Note that in fact an atlas consists of a gray-value image and
a pixel-wise corresponding label ﬁeld. We use the gray-value
component for registration, but the label ﬁeld for labeling the
image that is being segmented.

From an image processing perspective, PV
interpolation of the label map avoids jagged edges
when generating oblique slices. From the classiﬁer
perspective, the fractional label weights resulting
from PV interpolation in combination with sum
fusion virtually eliminate the possibility of a tie
in the classiﬁer voting, thus greatly reducing the
number of rejected inputs.
2.2. Classiﬁer training: image-to-atlas registration
We use an intensity-based registration method
based on the image similarity measure normalized
mutual information (NMI), introduced by Studholme et al. (1999). The NMI measure quantiﬁes
the similarity of an image I with the gray-value
component of an atlas A under a transformation T.
In order to prevent unrealistic transformations
due to incomplete or noisy data, the optimization
function of the non-rigid registration algorithm is
regularized with a constraint term Econstraint that
enforces smoothness of the deformation ﬁeld.
The overall optimization function Etotal is a weighted combination of the NMI image similarity
measure and the smoothness constraint:
Etotal ½I; A; T ¼ ð1  wÞENMI ½I; A  T
 wEconstraint ½T;

ð3Þ

where w 2 R with 0 6 w < 1. The negative sign of
the constraint term reﬂects the need to minimize
the constraint while maximizing the similarity
term.
The constraint weight can be thought of as
controlling the ‘‘stiﬀness’’ of the non-rigid transformation, i.e., the resistance of the coordinate
space to deformation. Larger weights increase this
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resistance and lead to smoother deformations, but
make it more diﬃcult to model actual shape diﬀerences. Smaller weights decrease the resistance and
make it easier to model the actual diﬀerences
between both images, but increase the danger of
incorrect transformations, or even folding of the
coordinate space.
The coordinate mapping T between image and
atlas is computed by a non-rigid registration algorithm introduced by Rueckert et al. (1999).2 The
transformation model is a free-form deformation
(FFD) deﬁned on a uniformly spaced grid of discrete control points (Sederberg and Parry, 1986).
The degrees of freedom of this transformation
model are the 3D positions of the control points,
which move independently of each other. Control
points in the image background are identiﬁed
using a simple entropy-based criterion (Rohlﬁng
and Maurer, 2001) and are kept ﬁxed during registration to reduce the number of degrees of freedom
and reduce computation time. A smooth deformation ﬁeld is interpolated between the control points
using approximating third-order B-splines. As detailed by Rohlﬁng et al. (2003), the smoothness
constraint Econstraint can be eﬃciently computed
from the derivatives of the B-spline polynomials.
In the classiﬁer training step, we compute the
^ between image I and the graytransformation T
value component of atlas A as
^ ¼ arg max Etotal ½I; A; T
T
T

ð4Þ

by optimizing over the space of all FFD transformations with a given control point lattice. The
search for the optimal parameters in our implementation is a simple but eﬃcient steepest-ascent
optimizer.
To improve segmentation accuracy and robustness, and to be able to model both small and large
deformations, we employ a multi-resolution defor2
Non-rigid registration is an active ﬁeld of research and
many algorithms have been reported (Bro-Nielsen and Gramkov, 1996; Thirion, 1998; Christensen and Johnson, 2001; Shen
and Davatzikos, 2002). We chose the Rueckert algorithm
because it is the one that we have the most experience with, and
we have found it to be accurate, robust, and eﬃcient for a wide
range of applications. Any other eﬀective non-rigid registration
algorithm could be applied instead of the one we are using.
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mation strategy. A coarse initial control point grid
is repeatedly reﬁned until a ﬁnal resolution is
reached. This ﬁnal resolution, i.e., the ﬁnal spacing
between the FFD control points, is one important
parameter of the algorithm.
It is important to note that other non-rigid
registration algorithms can also be used for atlasbased segmentation. The method used for the
present paper is merely one example of a technique
that we have empirically found to be accurate and
computationally eﬃcient for a wide variety of
biomedical applications.
2.3. Bagging of atlas-based classiﬁers
The principle idea of bagging as originally described by Breiman (1996) is to generate multiple
independent classiﬁers by exploiting instability of
classiﬁer learning under changes to the learning
set. In addition, one can exploit instability under
diﬀerent internal parametrization of the classiﬁer.
In the context of atlas-based segmentation,
using a diﬀerent learning set means using a diﬀerent atlas to register the unsegmented image to.
The non-rigid registration algorithm used in this
paper has operating parameters that inﬂuence its
behavior. Two of these parameters are the spacing
of the control point grid (or rather, the ﬁnal spacing in a multi-resolution strategy), and the relative
weight of the regularization term in the overall
cost function (Eq. (3)). Changing either of these
parameters changes the registration outcome,
and therefore results in a diﬀerent classiﬁer, even
when applied to the same atlas.
In particular, we evaluate the following strategies for multiple classiﬁer generation:
(1) Multiple training sets (atlases): closely following the original idea of bagging, we generate multiple classiﬁers by using diﬀerent
independent training sets. In our context,
this means using multiple atlases derived
from diﬀerent reference subjects. Each of
the images to be segmented is registered independently to each of three atlases.
(2) Multiple regularization constraint weights:
this results in variation of the ‘‘stiﬀness’’ of
the coordinate transformation.
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(3) Multiple FFD control point grid spacings: in
addition to a variation of the spatial resolution of the deformation, changing the spacing also leads to a shift of control points.
As mentioned above, the classiﬁers internally use
PV interpolation from their respective label maps
to obtain for each input a weight vector that
assigns a conﬁdence value to each of the possible
output classes. All classiﬁer combinations are computed by sum rule fusion of these weights.

3. Evaluation study: confocal microscopy images
3.1. Methods
We ﬁrst evaluate bagging of multiple atlas-based
classiﬁers by segmenting 3D confocal microscopy
images from 20 bee brains. The image acquisition
details were previously described in (Rohlﬁng
et al., 2004). In summary, each image contained
84–114 slices with thickness 8 lm and each slice
had 610–749 pixels in x direction and 379–496
pixels in y direction with pixel size 3.8 lm. The
image dimensions and pixel sizes are relevant insofar as the image resolution determines the ranges of
meaningful values for various parameters of the
non-rigid registration, most notably the FFD control point spacing. For each image in the population, a trained expert performed a complete
manual segmentation into 22 anatomical structures
(see Fig. 1 for an example microscopy image with

corresponding ground truth segmentation). This
segmentation can either serve as an atlas to segment other images, or as a ground truth to quantify
the accuracy of an automatic segmentation.
From all individuals, a random subset of three
individuals was designated for use as atlases. The
images from the remaining subjects serve as the
images to be segmented. The manual segmentations for these subjects serve as the ground truth
used to evaluate the atlas-based segmentations.
The registration parameters were 60 lm ﬁnal control point spacing, and 0.1 as the smoothness constraint weight. We previously found these values to
produce satisfactory segmentation accuracies
(Rohlﬁng et al., 2004).
Out of the three selected atlases, one was randomly selected for the single-atlas experiments.
In the ﬁrst single-atlas experiment, three registrations were run for each image with smoothness
constraint weight 0.05, 0.1, and 0.3, respectively.
The ﬁnal control point spacing was 60 lm.
For the second single-atlas experiment, three
diﬀerent control point spacings of the nonrigid registration algorithm were used, 50, 60,
and 70 lm (which translated to control point numbers between 16,000 and 51,000). The smoothness
constraint weight was 0.1 for all registrations in
this experiment.
3.2. Results
The results of the three bagging methods applied to confocal microscopy segmentation are

Fig. 1. Example of bee brain confocal microscopy image (left) and corresponding label image generated by manual segmentation
(right). Each gray level in the label image represents one of 22 diﬀerent anatomical structures. Due to limitations of reproduction,
diﬀerent gray levels may look alike. From Rohlﬁng et al. (2004).
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Fig. 2. Relative improvements of recognition rate by classiﬁer combination for confocal microscopy image segmentation: (a)
compared to the best of three individual classiﬁers; (b) compared to the average of three individual classiﬁers.

compared in Fig. 2. The actual recognition rates of
mean and best individual classiﬁers as well as the
combined classiﬁcations are given in Table 2.
Combining the results from three diﬀerent atlases,
the combined classiﬁer had a higher recognition
rate than the best individual classiﬁer for all but
one segmented image. For all subjects, the combined classiﬁer had a better recognition rate than
the average of the three individual classiﬁers. On
average, the recognition rate improved by 0.16%.
For diﬀerent smoothness constraint weights, the
combined classiﬁer had a better or equal recognition rate compared to the best individual classiﬁer
for all 17 segmented images. However, the recognition rate on average improved by only 0.04%.
Using diﬀerent control point spacings, the combined classiﬁer had a better or equal recognition
rate compared the best individual classiﬁer for 8
out of 17 segmented images. On average, the com-

Table 2
Total recognition rates for confocal microscopy image
segmentation
Bagging method

Individual

Combined

Mean

Best

Atlas
Constraint
Spacing

0.9724
0.9723
0.9725

0.9757
0.9733
0.9728

0.9773
0.9738
0.9727

Each value is the average over segmented images from 17 different subjects.

bined classiﬁer performance was virtually identical
to the best individual classiﬁer performance.

4. Evaluation study: human brain MR images
4.1. Methods
As a second evaluation study, we apply bagging
of atlas-based classiﬁers to publicly available
human brain MR images from the Internet Brain
Segmentation Repository (IBSR). For this purpose, we obtained T1-weighted anatomical images
from ten subjects. We also obtained the corresponding manual segmentations with 43 anatomical structures. All images had the same size,
256 · 256 · 128 voxels, with coronal slice orientation. The in-plane pixel size was either 0.9 mm or
1.0 mm. The slice thickness of all images was 1.5
mm. For an example MR image with corresponding segmentation see Fig. 3.
As before, three subjects were randomly selected as atlases. The images from the remaining
seven subjects served as test cases for the segmentation. The manual segmentations of the test cases
provided the ground truth for performance evaluation. Since the image dimensions and properties
the human brain MRI are fundamentally diﬀerent
from confocal microscopy images of bee brains,
the parameters of the non-rigid registration algorithm were adapted accordingly. The registration
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Fig. 3. Example of human brain MR image (left) and outlines of the corresponding ground truth segmentation (right). The MR image
and the ground truth segmentation were obtained from the Internet Brain Segmentation Repository (IBSR).
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numbers between 178,000 and 555,000). The
smoothness constraint weight was 0.1 for all registrations in this experiment.
4.2. Results
The results of the three bagging methods applied to human brain MR images are compared
in Fig. 4. The actual recognition rates of mean
and best individual classiﬁers as well as the combined classiﬁcations are given in Table 3. Combining the results from three diﬀerent atlases, the
combined classiﬁer had a higher recognition rate

Recognition Rate Combined – Average
Individual Classifier

Recognition Rate Combined – Best
Individual Classifier

parameters for multi-atlas segmentation were 30
mm ﬁnal control point spacing and smoothness
constraint weight 0.1.
In the ﬁrst single-atlas experiment, three registrations were run for each image with smoothness
constraint weight 0.03, 0.05, and 0.1, respectively.
The initial control point spacing was 30 mm,
which was reﬁned three times to a ﬁnal spacing
of 3.75 mm.
For the second single-atlas experiment, three
diﬀerent control point spacings of the non-rigid
registration algorithm were used, 3.125, 3.75, and
4.375 mm (which translated to control point

(b)
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Fig. 4. Relative improvements of recognition rate by classiﬁer combination for human brain MR image segmentation: (a) compared to
the best of three individual classiﬁers; (b) compared to the average of three individual classiﬁers.

T. Rohlﬁng, C.R. Maurer Jr. / Pattern Recognition Letters 26 (2005) 2070–2079
Table 3
Total recognition rates for
segmentation
Bagging method

Atlas
Constraint
Spacing

human brain

Individual

MR

image

Combined

Mean

Best

0.9651
0.9622
0.9646

0.9673
0.9676
0.9663

0.9735
0.9682
0.9678

Each value is the average over segmented images from 7 different subjects.

than the best individual classiﬁer for all 7 segmented images. On average, the recognition rate
improved by 0.6% over the best classiﬁer.
For diﬀerent smoothness constraint weights,
the combined classiﬁer had a better or equal recognition rate compared the best individual classiﬁer
for 6 out of 7 segmented images. The recognition rate on average on average improved by
0.1%.
Using diﬀerent control point spacings, the combined classiﬁer had a better recognition than the
best individual classiﬁer for 5 out of 7 segmented
images. On average, the combined classiﬁer performance improved by 0.2%.

5. Discussion
The main advantage of a classiﬁer view of atlasbased segmentation is that it opens the ﬁeld to the
application of multi-classiﬁer decision fusion techniques. We have shown in previous work (Rohlﬁng et al., 2004) that segmentation accuracy can
be signiﬁcantly improved when more than a single
atlas is used. However, multiple atlases are not always available, since their generation is time consuming and tedious. This makes the message of
the present paper ever more important—it has
demonstrated that improvements of segmentation
accuracy are possible with only a single atlas, but
diﬀerent parametrization of the non-rigid registration technique.
This paper has evaluated three diﬀerent ways of
generating multiple atlas-based classiﬁers: use of
multiple atlases, multiple deformation control
point spacings, and multiple regularization constraint weights. Our results suggest that there is a
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quantitatively bigger accuracy gain from using
multiple atlases than there is from using diﬀerent
regularization weights, which itself produced bigger gains than multiple control point spacings.
We believe that the reason for this is that atlases
obtained from multiple reference individuals are
truly independent and also reﬂect, to some extent,
the variability of a population. Whenever possible,
multiple atlases should therefore be used. Of
course, in addition to using multiple atlases, further improvements may be possible by registering
to each atlas several times with diﬀerent registration parameters.
Between the two registration parameters we
considered, control point spacing and smoothness
constraint weight, the latter appeared to have a
bigger impact on the segmentation result. The
fact that decision fusion eﬀectively beneﬁts from
multiple classiﬁers resulting from variations of this
parameter is particularly important as there is no a
priori correct value for it. Since the constraint
weight relates fundamentally unrelated quantities,
image similarity and deformation energy, classiﬁer
fusion allows us to cover a range of possible
values without having to pick one. The eﬀectiveness of variations of the constraint weight is
also relevant, because, unlike the control point
spacing, this type of parameter is also present in
any other registration algorithms based on computing an equilibrium between external forces
(i.e., image similarity) and internal forces (i.e., a
physics-based constraint such as elasticity or volume preservation).
For control point spacing, on the other hand,
we can basically say that ‘‘more is better’’, that
is, the ﬁner the control point grid, the more successfully the transformation can model inter-individual shape diﬀerences, and the more accurate
the registration and thus the segmentation will be
(unpublished results). At least this is true for segmentation of the confocal microscopy images of
bee brains. For human brain MRI, diﬀerent control point spacings seem to be an eﬀective bagging
method. We suspect that this is a result of the more
complex shapes of structures segmented in this
data (compare Figs. 1 and 3), which presumably
makes the segmentation more sensitive to the control point spacing.
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Overall, the relative improvements achieved
through classiﬁer combination reported in this
paper may appear marginal, but there are several
factors that illustrate the eﬀort may still be worthwhile. First and most important, we considered
combinations of only three classiﬁers, which is
the minimal number that can be combined in a
meaningful way. In previous work, the use of a
larger number of classiﬁers produced substantially
better combined classiﬁcation results (Rohlﬁng
et al., 2004). Second, the improvements reported
here are relative to the best individual classiﬁer.
However, the best individual classiﬁer can hardly
ever by identiﬁed without access to the ground
truth classiﬁcation. Therefore, from a practical
point of view, the typical application performance improves more than our numbers may
suggest.
Finally, atlas-based segmentation, due to the
continuous and smooth transformation model,
preserves topology. Errors therefore tend to occur
on and around the surface of segmented structures. If the fraction of surface voxels among the
total image voxels is small, segmentation improvements only lead to small improvements of the total
recognition rate. This is supported by an additional analysis, where we computed the recognition rate improvement for foreground voxels
only. For the confocal microscopy data, the
improvement of combining segmentations using
three diﬀerent atlases over the best individual classiﬁer was 0.9% (2.3% compared to average of individual classiﬁers). For the human brain MR data,
this value was 2.4% (4.5%).
The obvious disadvantage of the suggested procedure is the repeated application of a computationally expensive non-rigid registration step. We
have therefore limited our consideration in this
paper to three segmentations per subject. Even
so, we observed noticeable and consistent accuracy
improvements. In the future, with ever increasing
computer speeds, we consider registration times
to be not too serious of an issue. Furthermore,
non-rigid registration can be parallelized with very
low overhead (Rohlﬁng and Maurer, 2003), and
multiple independent registrations can easily be
performed on a cluster of inexpensive computation
nodes.

Moving past the combination of multiple
atlas-based classiﬁers, our framework provides a
theoretical foundation for combining atlas-based
segmentations with segmentations obtained from
fundamentally diﬀerent methods. They could be
combined, for example, with results generated by
level set techniques, and with such originating
from active contour methods. The more dissimilar
the methods combined, the more likely their errors
are independent.
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