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Quo Vadis, Atlas-Based Segmentation?

Torsten Rohlfing 1, Robert Brandt 2, Randolf Menzel 3,
Daniel B. Russakoff 4, Calvin R. Maurer, Jr. 5

11.1 Segmentation Concepts

There are many ways to segment an image, that is, to assign a semantic label to each

of its pixels or voxels. Different segmentation techniques use different types of image

information, prior knowledge about the problem at hand, and internal constraints of

the segmented geometry. The most suitable method for a given case depends on the

image data, the objects imaged, and the type of desired output information.

Purely intensity-based classification methods [31, 82, 87] work locally, typically

one voxel at a time, by clustering the space of voxel values (i.e., image intensities).

The clusters are often determined by an unsupervised learning method, for example

k-means clustering, or derived from example segmentations [47]. Each cluster is iden-

tified with a label, and each voxel is assigned the label of the cluster corresponding to

its value. This assignment is independent of the voxel’s spatial location. Clustering

methods obviously require that the label for each voxel is determined by its value. Ex-

tensions of clustering methods that avoid overlapping clusters work on vector-valued

data, where each voxel carries a vector of intensity values. Such data is routinely

generated by multi-spectral magnetic resonance (MR) imaging, or by combination of

images of the same object acquired from different imaging modalities in general.

There are, however, many applications where there is no well-defined relationship

between a voxel’s value(s) and the label that should be assigned to it. This observation

is fairly obvious when we are seeking to label anatomical structures rather than tissue
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types. It is clear, for example, that different structures composed of the same tissue

(e.g., different bones) cannot be distinguished from one another by looking at their

intensity values in an image. What distinguishes these structures instead is their loca-

tion and their spatial relationship to other structures. In such cases, spatial information

(e.g., neighborhood relationships) needs to be taken into consideration and included

in the segmentation process.

Level set methods [40, 71, 81, 92] simultaneously segment all voxels that belong

to a given anatomical structure. Starting from a seed location, a discrete set of labeled

voxels is evolved according to image information (e.g., image gradient) and internal

constraints (e.g., smoothness of the resulting segmented surface). Snakes or active

contours [91] use an analytical description of the segmented geometry rather than a

discrete set of voxels. Again, the geometry evolves according to the image information

and inherent constraints.

In addition to geometrical constraints, one can take into account neighborhood

relationships between several different structures [80, 90]. A complete description of

such relationships is an atlas. In general, an atlas incorporates the locations and shapes

of anatomical structures, and the spatial relationships between them. An atlas can, for

example, be generated by manually segmenting a selected image. It can also be ob-

tained by integrating information from multiple segmented images, for example from

different individuals. We shall discuss this situation in more detail in Section 11.4.3.

Given an atlas, an image can be segmented by mapping its coordinate space to

that of the atlas in an anatomically correct way, a process commonly referred to as

registration. Labeling an image by mapping it to an atlas is consequently known as

atlas-based segmentation, or registration-based segmentation. The idea is that, given

an accurate coordinate mapping from the image to the atlas, the label for each image

voxel can be determined by looking up the structure at the corresponding location in

the atlas under that mapping. Obviously, computing the coordinate mapping between

the image and atlas is the critical step in any such method. This step will be discussed

in some detail in Section 11.3.

A variety of atlas-based segmentation methods have been described in the litera-

ture [3, 11, 12, 15, 16, 22, 24, 26, 42, 45]. The characterizing difference between most

of these methods is the registration algorithm that is used to map the image coordi-

nates onto those of the atlas. One important property, however, is shared among all

registration methods applied for segmentation: as there are typically substantial shape

differences between different individuals, and therefore between an individual and
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an atlas, the registration must yield a non-rigid transformation capable of describing

those inter-subject deformations.

In this chapter, we in particular take a closer look at an often neglected aspect of

atlas-based segmentation, the selection of the atlas. We give an overview of different

strategies for atlas selection, and demonstrate the influence of the selection method on

the accuracy of the final segmentation.

11.2 From Subject to Atlas: Image Acquisition and
Processing

We illustrate the methods and principles discussed in this chapter by segmenting con-

focal microscopy images from 20 brains of adult, honeybee workers. The methods

and principles apply equally well to commonly acquired clinical images (e.g., MR

images of the human brain). Confocal laser scanning microscopy is a type of fluo-

rescence microscopy, where a focused laser beam deflected by a set of xy-scanning

mirrors excites the fluorescently stained specimen (i.e., the dissected brain). The emit-

ted fluorescence is then recorded by inserting a so-called “confocal pinhole” into the

microscope’s optical path. This pinhole ensures that only light from the focal plane

reaches the detector, thus enabling the formation of an image that can be considered

an optical section through the specimen. By moving the position of the specimen

along the optical axis of the microscope a three-dimensional (3-D) image is gener-

ated [8, 74, 94]

The staining of the bee brains depicted in this chapter followed an adapted im-

munohistological protocol. Dissected and fixated brains were incubated with two pri-

mary antibodies (nc46, SYNORF1) that detect synapse proteins [30, 50]. Because

cell bodies in insects reside separately from fibers and tracts, this staining ensures

response from those regions in the tissue that exhibit high synaptic densities, i.e., neu-

ropil, while somata regions remain mostly unstained. A Cy3-conjugated secondary

antibody sensitive to the constant part of the primary antibody was subsequently used

to render labeled regions fluorescent. After dehydration and clearing, the specimen

were mounted in double-sided custom slides.

The brains were imaged with a confocal laser scanning microscope (Leica TCS

4D). The chromophor was excited with an ArKr laser, and the fluorescence was de-

tected using a longpass filter. The intensity of the fluorescence was quantized with

a resolution of 8 bits. Due to the size of the dissected and embedded brain (about
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Table 11.1: Anatomical structures of the bee brain with abbreviations used in this

chapter.

Abbreviation Structure Abbreviation Structure
PL-SOG protocerebral lobes r-medBR right medial basal ring

CB central body l-latBR left lateral basal ring
l-Med left medulla r-latBR right lateral basal ring
r-Med right medulla l-medColl left medial collar
l-Lob left lobula r-medColl right medial collar
r-Lob right lobula l-latColl left lateral collar
l-AL left antennal lobe r-latColl right lateral collar
r-AL right antennal lobe l-medLip left medial lip

l-vMB left mushroom body r-medLip right medial lip
r-vMB right mushroom body l-latLip left lateral lip

l-medBR left medial basal ring r-latLip right lateral lip

2.5 × 1.6mm laterally and about 0.8mm axially), it cannot be imaged in a single

scan. Therefore we used multiple image-stack acquisition (3D-MISA) [94]. The en-

tire brain was scanned in 2×3 partially overlapping single scans, each using 512×512

pixels laterally and between 80 and 120 sections axially. The stacks were combined

into a single 3-D image using custom software or a script running in Amira (see next

paragraph). Because of the refractive index mismatch between the media in the optical

path, images exhibit a shortening of distances in axial direction that was accounted for

by a linear scaling factor of 1.6 [7].

Post-acquisition image processing was done with the Amira 3-D scientific visual-

ization and data analysis package (ZIB, Berlin, Germany; Indeed – Visual Concepts

GmbH, Berlin, Germany; TGS Inc., San Diego, CA). Image stacks were resampled

laterally to half of the original dimensions in order to increase display speeds and al-

low interactive handling of the data. The final image volume contained 84–114 slices

(sections) with thickness 8 µm. Each slice had 610–749 pixels in x direction and

379–496 pixels in y direction with pixel size 3.8 µm. In most cases no further image

processing was necessary. In a few cases unsharp masking filters were applied in order

to enhance contours.

Subsequently, for each brain an atlas of the neuropil areas of interest was generated

by tracing them manually on each slice. We distinguished 22 major compartments,

20 of which are bilaterally symmetric on either brain hemisphere [43]. The paired

structures we labeled were medulla; lobula; antennal lobe; ventral mushroom body

consisting of peduncle, α- and β-lobe; and medial and lateral lip, collar and basal ring

neuropil. The unpaired structures we identified were the central body with its upper
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l−latColl

PL−SOG

l−Lob

l−Med

r−Lob

r−Med

r−latLip
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l−medLip

l−medColl
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l−latBR

r−medLip r−medBR
l−medBR

r−latColl

r−vMB CB l−vMB

r−latBR

Figure 11.1: Example of bee brain confocal microscopy (top) and corresponding label

image as defined by manual segmentation (bottom). Following radiological conven-

tion for axial slices, the image is seen from the cranial direction. Every gray level in

the label image represents a different anatomical structure. Due to limitations of repro-

duction different gray levels may look alike. The correspondence between anatomical

structures and abbreviations is listed in Table 11.1. Note that two structures, the left

and right antennal lobes (l-AL and r-AL), are not visible in this slice, but can be seen

in Fig. 11.2.
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Figure 11.2: Three-dimensional rendering of a segmented bee brain. From top to

bottom: View from frontal, top, and back, respectively. Note that the two symmetrical

blue structures in the lower part of the brain in the frontal view (top) are the left and

right antennal lobes (l-AL and r-AL) that were not depicted in Fig. 11.1.
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and lower division and the protocerebral lobes including the subesophageal ganglion.

Examples of confocal microscopy and label images are shown in Fig. 11.1. Three-

dimensional surface renderings of the segmented bee brain are shown in Fig. 11.2.

The labeled structures and the abbreviations used for them in this chapter are listed in

Table 11.1.

11.3 Fundamentals of Atlas-Based Segmentation

Mathematically speaking, an atlas A is a mapping A : Rn → Λ from n-dimensional

spatial coordinates to labels from a set of classes Λ. It is conceptually very similar to

an image in the same coordinate space, which is a mapping from Rn to the space of

gray values, a subset of R. An atlas can therefore itself be considered as a special type

of image, that is, a label image. In order to segment a new image R using an atlas A,

we need to compute a coordinate mapping between them, that is, we need to register

one image to the other. The coordinate mapping must be anatomically correct for the

segmentation to be accurate.

An atlas is often generated by (manually) segmenting an actual image, say F .

Therefore, we typically have access not only to a spatial map of labels, the actual

atlas, but also to a corresponding realization using at least one particular imaging

modality. In case multiple co-registered images from different modalities form the

basis of the atlas, there may even be multiple instances of actual images. An example

of an atlas and a corresponding microscopy image is shown in Fig. 11.1. This dual

character is relevant insofar as, while fundamentally possible, registration of an image

to the label representation of an atlas is a much harder problem than registration to the

corresponding original image.

Let us consider two 3-D scalar images, R : R3 7→ R and F : R3 7→ R. We

assume that each point in one image has a corresponding equivalent in the other. For

any two images, this correspondence is mathematically represented as a coordinate

transformation T that maps the image coordinates of R onto those of F . For a given

location x in the domain of R, we find the corresponding location in the domain of F

as T(x). If F is associated with an atlas A, then we can find the correct label for any

location x in R through the mapping

x 7→ A(T(x)). (11.1)

The transformation T is parameterized by a p-dimensional parameter vector p ∈ Rp.

The process of finding the vector p that describes the “correct” transformation is
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known as image registration. One of the images, R, remains fixed during registra-

tion, while the other, F , is transformed in space. The fixed image R is commonly

referred to as the “reference image”, the transformed image F is called the “floating

image”.

The terminology used in the remainder of this chapter is as follows. We refer to the

already segmented image as the atlas image and the image to be segmented as the raw

image. The coordinates of the raw image are mapped by registration onto those of the

atlas image and thereby provide a segmentation of the former. In the context of non-

rigid registration, the atlas image is to be deformed while the raw image remains fixed.

The correspondence between the common terms for both images in image registration

and in the present context is such that the atlas image acts as the floating image during

registration while the raw image acts as the reference (or target) image.

11.3.1 Entropy-based Image Similarity

It is not usually known a priori, what the correct mapping between the two images

R and F is. Instead, the correctness of any given transformation is usually quantified

by a so-called similarity measure. This measure is a scalar function S : Rp 7→ R
designed so that higher values of S correspond to better matches. That is, if for two

parameter vectors, p1 and p2, we have S(p1) > S(p2), then the mapping T1 param-

eterized by p1 is assumed to be “more correct” than the mapping T2 described by p2.

Again, since the correct mapping is not known, S can only be a more or less suitable

approximation to the true correctness. The registration is performed by finding the

parameter vector p that maximizes S.

A similarity measure that has been empirically found to be particularly well-suited

for many registration applications is mutual information (MI) [39, 83, 86]. It is based

on the information-theoretic entropy concept and is defined as

SMI = HR + HF −HRF , (11.2)

where HR is the entropy of image R, HF is the entropy of image F , and HRF is the

joint entropy of corresponding voxel pairs between the two images. A modification

proposed by Studholme et al. [77], normalized mutual information (NMI), has been

found to be slightly more robust

SNMI =
HR + HF

HRF
. (11.3)

There are many different implementations of both MI and NMI, using different nu-

merical methods to estimate the image entropies. While some use continuous methods
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such as Parzen windowing [83, 86], others estimate the entropies from discrete two-

dimensional histograms [39, 76]. The latter techniques are more easily implemented

and more common.

11.3.2 Rigid Registration

The first iteration of inter-subject registration, such as registration of an image to an

atlas, usually aims at correcting for gross differences in position, orientation, and

size between the individual images. Consequently, we initially apply a 9 degree-

of-freedom (DOF) affine registration algorithm that performs appropriate translation,

rotation, and scaling. A technique described by Studholme et al. [76] has been found

to produce highly accurate (rigid) transformation in an independent, blinded evalua-

tion study [88]. The algorithm optimizes the NMI similarity measure described above

using a simple but robust multiresolution optimization strategy with hierarchically re-

sampled images. For details about our particular implementation of this algorithm, the

interested reader is referred to Refs. [52, 53, 54, 66].

11.3.3 Non-Rigid Registration

There is typically considerable inter-individual variability in the shapes of anatomical

structures in the brains of humans and animals. Figure 11.3 illustrates this for the

microscopy images of bee brains that we are using to demonstrate the methods in this

chapter. For MR images of human brains, Fig. 11.4 provides an analogous illustra-

tion. Therefore, in order to be effective, any registration-based segmentation method

requires a registration algorithm that can compensate not only for different pose and

size, but also for inter-individual shape differences between raw image and atlas (i.e.,

a non-rigid registration algorithm).

Many different non-rigid registration methods have been published [25, 34, 67].

Some of these, such as methods based on optical flow [78] and most methods using

elastic [42, 9] or fluid models [10, 35], typically require both images to be from the

same imaging modality to be able to identify corresponding features. Note that the

motion model, i.e., fluid or elastic, does not require single modality images. However,

most algorithms based in which fluid or elastic differential equations govern the trans-

formation combine these with image similarity terms that are equivalent to the mean

squared difference of image intensities.

Unfortunately, the particular nature of the microscopy images in our example ap-
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Reference Brain Image

Floating Image #1 Floating Image #2 Floating Image #3
After Affine Registration

After Non-rigid Registration

Deformed Coordinate Grid

Deformation Vector Field

Figure 11.3: Illustration of inter-subject differences between several individual bee

brains. Top: Central axial slice from a 3-D microscopy image used as the reference

image for this example. Second row: Corresponding slice from three other bee brains

after affine registration. Third row: Corresponding slices after non-rigid registration.

Fourth row: Deformed coordinate grids. Fifth row: Deformation vector fields. Note

that only the 2-D projection of the 3-D deformed coordinate grid and vector field are

shown.
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Reference Brain Image

Image #1 Image #2 Image #3 Image #4 Image #5
After Affine Registration

After Non-rigid Registration

Deformed Coordinate Grid

Deformation Vector Field

Figure 11.4: Illustration of inter-subject differences between several individual human

brains. The organization of this figure is identical to Fig .11.3.



Quo Vadis, Atlas-Based Segmentation 12

plication prohibits the use of any such method. While strictly these images are all

generated by the same imaging process, they are subject to imaging artifacts that vary

from acquisition to acquisition. Sources of these artifacts include individual concen-

tration differences of the chromophor, fluctuation of laser intensity, and increasing

location-dependent absorption with increasing tissue depth. We review below a reg-

istration algorithm that has been successfully applied to microscopy images of bee

brains, as well as many other applications [17, 41, 55, 57, 56, 59, 62, 69, 72].

A non-rigid registration algorithm that inherently supports images originating from

multiple imaging modalities was described by Rueckert et al. [69]. It uses the same

NMI similarity measure as the affine algorithm mentioned above. The transformation

model is a free-form deformation [73] that is defined on a data-independent, uniformly

spaced control point grid (CPG) Φ covering the reference image. The CPG consists

of discrete control points φi,j,k, where −1 ≤ i < nx − 1, −1 ≤ j < ny − 1, and

−1 ≤ k < nz−1. Points with i, j, or k equal to either 0 or nx−3 (ny−3 and nz−3

for j and k) are located on the edge of the image data. The spacings between the con-

trol points in x, y, and z are denoted by δx, δy , and δz , respectively. For any location

(x, y, z) in the domain of Φ, the transformation T is computed from the positions of

the surrounding 4× 4× 4 control points:

T(x, y, z) =
3∑

l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)φi+l,j+m,k+n.

Here, i, j, and k denote the index of the control point cell containing (x, y, z), and

u, v, and w are the relative positions of (x, y, z) inside that cell in the three spatial

dimensions:

i =
⌊

x

δx

⌋
− 1, j =

⌊
y

δy

⌋
− 1, k =

⌊
z

δz

⌋
− 1,

and

u =
x

δx
−

⌊
x

δx

⌋
, v =

y

δy
−

⌊
y

δy

⌋
, w =

z

δz
−

⌊
z

δz

⌋
.

The functions B0 through B3 are the approximating third-order spline polynomials

[33]:

B0(t) =
(−t3 + 3t2 − 3t + 1

)
/6,

B1(t) =
(
3t3 − 6t2 + 4

)
/6,

B2(t) =
(−3t3 + 3t2 + 3t + 1

)
/6,

B3(t) = t3/6.
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The degrees of freedom of a B-spline based transformation T, and thus the elements

of the parameter vector p, are the coordinates of the control points φi,j,k.

The optimum parameters of the non-rigid registration transformation T are deter-

mined by a line search algorithm similar to the steepest descent method [48]. The

target function of the optimization is the NMI similarity of the reference and the

transformed floating image. We start by computing a discrete approximation of the

gradient of the target function with respect to the parameters of the transformation T.

This is achieved by a simple finite difference scheme. Despite the high-dimensional

parameter space, gradient approximation can be performed very efficiently; due to

the compact support of the B-spline functions, each parameter of T influences only a

small volume in image space (i.e., the local 4 × 4 × 4 control point neighborhood).

When moving any single control point, all voxels of the floating image outside this

area remain in the same location. Their contribution to the similarity measure can

therefore be precomputed and reused [75].

In order to capture large deformations as well as small ones, the algorithm in-

corporates a multiresolution deformation strategy based on multilevel B-splines [33].

After finishing optimization at one control point resolution, the spacing between the

control points is reduced by a factor of 2 before registration continues. The positions

of the control points in the refined grid are determined in a way that exactly preserves

the current deformation [19, 62]

Using adaptive grid refinement [59, 72] and a parallel multiprocessor implemen-

tation [60], we are able to keep computation times within reasonable bounds. For

example, we can complete a non-rigid registration of an image to an atlas, each about

the size as described earlier in this chapter, within about ten minutes on a modern PC

(Intel Pentium 4, 3.0 GHz, hyperthreading enabled).

11.3.4 Regularization of the Non-Rigid Transformation

Confocal microscopy imaging is a substantially less controlled image formation pro-

cess than typical medical imaging modalities. Varying concentrations of the chro-

mophor within one structure, laser power fluctuations, tiling artifacts, and absorption

of emitted light from deep structures lead to substantial imaging artifacts. As illus-

trated in Fig. 11.5, these artifacts can cause severe problems for the non-rigid registra-

tion, leading to grossly incorrect coordinate transformations. These can to some ex-

tent be prevented by regularizing the image similarity cost function with an additional

constraint term that controls the geometric properties of the coordinate mapping. The
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(a) Reference image (b) Floating image

after rigid

registration

(c) Floating image

after unconstrained

non-rigid

registration

(d) Floating image

after constrained

non-rigid

registration

Figure 11.5: Illustration of the importance of constraining non-rigid registration.

These microscopy images are magnified to focus on the area of the right lobula (com-

pare Fig. 11.1 for an anatomical overview). In the reference image (a), the lobula

appears substantially darker on the lateral side (ellipse). In the rigidly registered float-

ing image (b) from another individual the lobula has a more homogeneous intensity.

Without smoothness constraint, intensity-based non-rigid registration (c) computes a

grossly incorrect deformation (arrows). A constrained non-rigid registration (d) does

not have this problem.
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total optimization function thus becomes a weighted sum of the data-dependent image

similarity and the regularization constraint term:

Etotal = (1− w)ENMI + wEconstraint. (11.4)

In detail, we constrain the deformation to be smooth by adding a biharmonic penalty

term, which is based on the energy of a thin plate of metal that is subjected to bending

deformations [4, 84]. The penalty term is composed of second-order derivatives of the

deformation, integrated over the domain D of the transformation T as follows:

Econstraint =
∫

D

(
∂2T
∂x2

)2

+
(

∂2T
∂y2

)2

+
(

∂2T
∂z2

)2

+

2

[(
∂2T
∂x∂y

)2

+
(

∂2T
∂y∂z

)2

+
(

∂2T
∂z∂x

)2
]

dx. (11.5)

Since the 3-D spline is the tensor product of independent 1-D polynomial functions, its

second-order derivative with respect to one variable, x, is easily computed as follows:

∂2

∂x2
T(x, y, z) =

1
δ2
x

3∑

l=0

3∑
m=0

3∑
n=0

(
d2

du2
Bl(u)

)
Bm(v)Bn(w) φi+l,j+m,k+n.

(11.6)

Computation of the derivatives of T is in fact very similar to computing T itself.

Depending on the derivation variable, the spline polynomials B0 through B3 in the re-

spective dimension are simply replaced by their respective derivatives. These deriva-

tives are easily computed analytically. Mixed second-order derivatives with respect to

two different variables are computed by substituting two spline polynomials with their

respective first-order derivatives, e.g.,

∂2

∂x∂y
T(x, y, z) =

1
δxδy

3∑

l=0

3∑
m=0

3∑
n=0

(
d

du
Bl(u)

)(
d

dv
Bm(v)

)
Bn(w) φi+l,j+m,k+n. (11.7)

Using the above derivative terms, the continuous integral in Eq. (11.5) is approximated

as a discretely sampled sum over a set of points, for example the ND = nx × ny ×
nz voxels in the reference image.

11.4 Atlas Selection Strategies

This section will take a closer look at possible choices for atlases in atlas-based seg-

mentation. Usually, this aspect of atlas-based segmentation receives little attention.
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Selection No. of Atlases Assignment of Atlas

Strategy per Raw Image Type of Atlas to Raw Image

IND single individual fixed

SIM single individual variable

AVG single average fixed

MUL multiple individual fixed

Table 11.2: Categorization of atlas selection strategies by number, type, and assign-

ment of atlases. See Sections 11.4.1 through 11.4.4 for details and Fig. 11.6 for a

schematic overview of the different methods.

Yet, the decision what atlas to use has a substantial impact on the segmentation accu-

racy, and simple methods are not always the best as we will see below.

We describe and compare here four different atlas-based segmentation strategies

with different atlas selections: segmentation with one single individual atlas, segmen-

tation with varying single individual atlases, segmentation with an average shape atlas,

and simultaneous segmentation with multiple atlases. These four strategies can be cat-

egorized according to the number of atlases used per raw image (one or multiple), the

type of atlas used (individual or average), and the assignment of atlases to raw images

(fixed, i.e., same atlas(es) for all raw images, or variable, i.e., different atlas image

selected for each raw image). A schematic graphical comparison of the four methods

is given in Fig. 11.6, and a textual summary of the categorization can be found in

Table 11.2.

For each strategy, the resulting segmentation accuracy was evaluated. Automatic

segmentations were compared to a manual gold standard segmentation. A detailed

description of the methods used for validation and accuracy evaluation, together with

the results for the four atlas selection strategies, are presented in Section 11.5.

11.4.1 Segmentation with a Fixed, Single Individual Atlas

The most straight forward strategy for selection of an atlas is to use one individual

segmented image. The selection can be random, or based on heuristic criteria such as

image quality, lack of artifacts, or normality of the imaged subject. This strategy is by

far the most commonly used method for creating and using an atlas [27]. It requires

only one atlas, which greatly reduces the preparation effort as compared to the more

complex methods described below.
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Raw image Segmented image

Registration Labeling

Single individual atlas

IND: Segmentation using a single individual atlas.

Multiple individual atlases "Most similar" individual atlas

SIM: Segmentation using the “most similar” individual atlas.

Shape averaging Average atlas

AVG: Segmentation using an average shape atlas.

Multiple segmentations

Decision fusion

Multiple individual atlases

MUL: Independent segmentation using multiple individual atlases with decision

fusion.

Figure 11.6: Depiction of the atlas selection strategies discussed in this chapter. The

strategies are also categorized in Table 11.2. Note that the basic atlas-based segmen-

tation with a single atlas (IND, gray box) occurs in different stages in the other three

strategies, in the MUL case replicated for each atlas.
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Out of the 20 bee brains in our population, we picked the one that was judged to

have the best image quality and least artifacts. We then used this atlas brain to segment

the remaining 19 brain images. Each of the 19 raw images was registered non-rigidly

to the microscopy image of the atlas, and labeled using the accordingly transformed

atlas label image.

11.4.2 Segmentation with the Best Atlas for an Image

Suppose that instead of a single atlas, we have several atlases that originate from

several different subjects. For each image that we are segmenting, there is one atlas

that will produce the best segmentation accuracy among all available atlases. It is

obviously desirable to use this optimum atlas, which is most likely a different atlas for

each image.

The problem is that we do not know what the correct segmentation for an un-

segmented image is. Therefore, we can only hope to find a more or less successful

heuristic for selecting the best atlas for a given image. There are at least two easily

accessible characteristic numbers that describe the similarity between an image and

an atlas. One is the final value of the registration criterion, or image similarity mea-

sure, after either affine or non-rigid registration. The other is the magnitude of the

deformation (i.e., non-rigid transformation) that is required to map the coordinates of

the image onto that of the atlas.

Based on these two concepts, we have compared four different criteria for selecting

the single atlas that is most likely to produce the best segmentation of a given raw

image. These criteria are:

• NMI affine: Image similarity after affine registration. The atlas image with

the highest NMI similarity to the raw image after affine registration is selected and

used for its segmentation. This criterion requires only an affine registration to be

computed between the raw image and each of the atlases. It is therefore consid-

erably less computationally expensive than the remaining three criteria described

below.

• NMI non-rigid: Image similarity after non-rigid registration. The atlas with

the highest NMI value after non-rigid registration is selected and used for segmen-

tation.

• DEF avg: Average deformation of the atlas over all voxels. After non-rigid

registration, the magnitude of the deformation between the raw image and each
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individual atlas is computed and averaged over all voxels. The atlas with the small-

est average deformation is selected and used for segmentation. Whereas the above

criteria are based on intensity similarity, this criterion is based on geometric (i.e.,

shape) similarity.

• DEF max: Maximum deformation of the atlas over all voxels. This criterion is

identical to the previous one, except that it uses the maximum deformation over all

voxels rather than the average. This criterion pays more attention to outliers. The

idea is that atlases that match well overall may be substantially inaccurate in some

regions.

Segmentations were generated for each of the 20 bee brains, with the remaining 19

brains as possible atlas candidates in each case. For each raw image, one of the atlas

candidates was chosen using each of the criteria above. The accuracy of a segmenta-

tion was computed as the SI between the segmentation and the manual gold standard.

Figure 11.7 shows a graph of the percentages of structures segmented with varying

levels of accuracy. For comparison, this graph includes results achieved when using

the best atlas according to the a posteriori SI values for each raw image (leftmost col-

umn, Best SI). In other words, this column shows the best possible result that can be

achieved using only a single individual atlas, where the selection of this atlas is gov-

erned by the knowledge of the resulting segmentation accuracy (SI value). Obviously,

this is not a strategy that is available in practice. However, it provides the upper bound

for the segmentation accuracy that can be achieved using any criterion for selection of

the best atlas for a given raw image.

Among the four criteria that do not depend on the a posteriori accuracy evaluation

and thus a gold standard, the NMI image similarity after non-rigid registration per-

formed slightly better than the other three. It was therefore selected as the criterion

used for the SIM atlas selection strategy in the comparison to the other three strategies

later in this chapter (Section 11.5.4).

11.4.3 Segmentation with an Average Shape Atlas

As we stated in the previous chapter, atlas-based segmentation is an easier task if

the atlas is similar to the image that is to be segmented. Smaller magnitudes of the

deformation between image and atlas that the non-rigid registration algorithm has to

determine typically result in a higher accuracy of the matching. If the atlas is itself

derived from an individual subject, then the risk is high that this individual is an outlier
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Figure 11.7: Percentages of structures segmented with accuracy better than given SI

thresholds using different “most similar” atlas selection criteria. Each column repre-

sents one criterion (see text for details). The stacked bars from bottom to top show

the percentages of structures that were segmented with SI better than 0.95 through

0.70. For comparison, the leftmost column shows the results when the atlas with the

best a posteriori SI segmentation result is used for each raw image. This is the upper

bound for the accuracy achievable with any criterion for selection of the best single

individual atlas.

in the population. In such a case segmenting other subjects using the atlas becomes

a more difficult problem. A better atlas would be one that is as similar to as many

individuals as possible. Such an atlas can be generated by creating an average over

many individuals.

For the human brain, such an average atlas is available from the Montreal Neu-

rological Institute (MNI) as the BrainWeb phantom [5, 13]. Note, however, that the

BrainWeb phantom is an atlas of brain tissue types, so as we discussed in Section 11.1,

it is not as useful for atlas-based segmentation as an atlas of brain structures. For the

human heart, an average atlas derived from cardiac MR images [49] has been used for

atlas-based segmentation [38]. Similarly, an average atlas of the lung has been derived

from CT images [36].

For demonstration in this chapter, we have therefore generated an average shape

atlas of the structures of the bee brain using a technique outlined below [55].
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11.4.3.1 Iterative Shape Averaging

One way of obtaining an average shape atlas from a population of subjects is to gener-

ate an active shape model (ASM). In short, an ASM provides a statistical description

of a population of subjects by means of an average shape and the principal modes

of variation [14, 37]. Generating an ASM typically requires the identification of cor-

responding landmarks on all individuals, a tedious and error-prone process despite

recent success in automating this step using non-rigid registration [21]. Other meth-

ods are based entirely on non-rigid registration, such as active deformation models

(ADM) [20, 68] and a method described by Guimond et al. [23]. Most of these, how-

ever, require not only non-rigidly registering several individuals, but also inverting the

transformations between them.

In general, non-rigid transformations are not easily inverted. Even for bijective

mappings there is typically no closed-form inverse. An iterative method for generating

average shape images that does not require inverse computations was first suggested

by Ashburner [2]. It also does not require the explicit computation of an average

transformation, the definition of which is not trivial for non-linear mappings. Instead,

the average deformation is generated by the iterative process itself. This technique

was later extended to segmented atlas images and applied to generate an average shape

atlas of the bee brain [55].

The central idea is to first map all original individual images onto to a common

reference and then generate an average image. After that, the original images are

mapped onto the average, and a new average image is generated. This process pro-

duces a sequence of average images that converges to an average shape image. Note

that convergence and average shape in this context are not defined in a strict math-

ematical sense. However, the result of this iteration is sufficient for the purpose of

obtaining an average atlas for atlas-based segmentation, as we will demonstrate be-

low.

In the first step of the iteration, there is not yet an average image to register the

original images to. One of the latter is therefore chosen as the reference for the initial

registration. In order to avoid bias of the averaging iteration by the choice of the

initial reference, the first registration is affine only, thus correcting for pose and size

differences but leaving object shape unchanged. For the subsequent steps, the average

image resulting from the previous registration step is chosen as the reference image of

non-rigid registrations, while the individual images are used as floating images, one

at a time. As a result, all floating images are independently mapped into the same
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Figure 11.8: Propagation of transformations through the iterative shape averaging

algorithm. For each individual image, the transformation (affine or non-rigid) used

to generate the current average image is propagated to the next iteration as the initial

estimate for the next transformation. [reproduced from [55]]

reference space, thus enabling the generation of the next average image.

11.4.3.2 Propagation of Transformations

It is well known that intensity-based image registration algorithms, both rigid and non-

rigid, fail when started with an initial transformation estimate outside the “capture

range” of the desired local optimum of the similarity measure. A wise choice of

the initial transformation is therefore beneficial for the robustness of the registration

method.

During the iterative averaging process, there are only minor changes in the overall

shape of the average brain from one iteration to the next. Consequently, for all im-

ages n and all iterations i, the transformation T(i+1)
n differs from the preceding T(i)

n

only by a small additional deformation. A similar situation, although for different

reasons, is encountered when registering images from a time series to a common ref-

erence; temporally consecutive images typically differ from each other by a smaller

amount than they differ from the common reference. In the context of temporal image
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Figure 11.9: Comparison of deformation magnitudes between subjects vs. between

a subject and the average shape atlas. The diamonds show the average deformation

(over all foreground voxels) in µm when registering the respective raw image to the

average shape atlas. The vertical lines show the range of average deformations when

registering the respective raw image to the remaining 19 individual atlas images. The

boxes show the 25th and 75th percentiles of the respective distributions.

sequence registration, a framework to incorporate deformations from previous steps

into the current registration was recently proposed [62, 63].

For the iterative average image generation described here, we follow a similar

approach. Our registration algorithm at each iteration takes as the initial transforma-

tion estimate the mapping found during the previous iteration (Fig. 11.8). This is the

mapping used to generate the current average image. For the transition from affine

to non-rigid registration, incorporation of the previous transformation is achieved by

initializing the control point grid with control point positions transformed according

to the individual affine transformations. For the transition from one non-rigid itera-

tion to the next, the deformation is taken as is and used as the starting point for the

optimization.

11.4.3.3 Distance to the Average Shape

Let us recall the rationale behind the creation of our average shape atlas: by minimiz-

ing the deformation required to map the atlas onto a given individual, the segmentation

accuracy would be improved. So does the atlas produced by the method outlined above

in fact minimize this deformation? Indeed, Fig. 11.9 illustrates that the differences be-
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tween a raw image and an individual atlas are on average substantially larger than the

differences between a raw image and the average atlas. Most raw images are more

similar in shape to the average shape atlas than to any (or at least the majority) of the

remaining 19 individual atlas images. Since the individuals registered to the average

shape atlas were the same that built the atlas in the first place, this finding is not too

surprising. However, it was important to show that at least for the “training set”, our

shape averaging does in fact produce a reasonable approximation to the population

average shape.

11.4.3.4 Noise and Artifacts in the Average Atlas

In Fig. 11.10, we compare some individual images that were used to build the average

shape atlas with the average shape atlas itself. It is easy to see that, in addition to rep-

resenting an average shape, the average atlas also comes with an average microscopy

image. The latter is easily generated by averaging the gray values of the appropri-

ately deformed original microscopy images. The average image shows substantially

reduced noise and imaging artifacts. It also shows a more homogeneous distribution

of the chromophor compared to the individual brains. All these properties can poten-

tially make registration of the atlas to a given raw image easier, and thus may aid in

further improving segmentation accuracy.

11.4.4 Multi-Atlas Segmentation: A Classifier Approach

We can look at an atlas combined with a coordinate mapping from a raw image as a

special type of classifier. The input of the classifier is a coordinate within the domain

of the raw image. The classifier output, determined internally by transforming that

coordinate and looking up the label in the atlas at the transformed location, is the label

that the classifier assigns to the given raw image coordinate.

As we have briefly mentioned before, using a different atlas leads to a different

segmentation of a given raw image. From a classifier perspective, we can therefore

say that different atlases generate different classifiers for the same raw image. In the

pattern recognition community, it has been well-known for some time that multiple in-

dependent classifiers can be combined, and together consistently achieve classification

accuracies, which are superior to that of any of the original classifiers [29].

Successful applications of multiple classifier systems have been reported in recog-

nizing handwritten numerals [32, 89] and in speech recognition [1, 70]. In the medical
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Average Shape Atlas
Average Microscopy Image Corresponding Label Field

Individual Microscopy Images, Mapped to Average Shape
After Non-Rigid Registration After Affine Registration

1

2

3

Figure 11.10: Comparison of individual microscopy images and average shape at-

las. Note that the average microscopy image of the average shape atlas also has a

better signal-to-noise ratio and generally fewer artifacts than the original individual

microscopy images (three randomly selected examples shown as rows 1 through 3 in

this figure).
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image analysis field, this principle has been applied for example to multi-spectral seg-

mentation [46] and to computer-aided diagnosis of breast lesions [18, 51]. In related

work, Thompson and Toga [79] used a database of atlases to generate a probabilistic

segmentation of a subject.

The particular beauty of applying a multi-classifier framework to atlas-based seg-

mentation is that multiple independent classifiers arise naturally from the use of mul-

tiple atlases. In fact, multiple classifiers also arise from using the same atlas with a

different non-rigid registration method. However, adding an additional atlas is typ-

ically easier to do than designing an additional image registration algorithm. One

could, however, also apply the same basic registration algorithm with a different reg-

ularization constraint weight (see Section 11.3.4), which would also lead to slightly

different segmentations.

For the demonstration in this chapter, we performed a leave-one-out study with

only one registration method, but a population of independent atlases. Each of the 20

bee brains was taken as the raw image and automatically segmented using every one

of the remaining 19 brains as an atlas. This resulted in 19 segmentations per brain.

These 19 segmentations were then combined into a final segmentation.

The most straight forward method for combining multiple classifications into one

is the so-called “Vote Rule” decision fusion [28]. For each voxel in the raw image, the

outputs of the individual atlas-based classifiers are determined. Their “votes” are then

counted, and the label that received that highest number of votes is assigned to the

voxel. It is worth, however, to take a closer look at the way an atlas-based classifier

works: by looking up a label according to a transformed image coordinate. The label

map is discrete, arranged on a 3-D grid of labeled voxels. Yet the coordinates of the

raw image voxels that we are trying to label hardly ever directly fall on grid points in

the atlas. Therefore, looking up the correct label requires some sort of interpolation.

The simplest label interpolation method is nearest neighbor (NN) interpolation, result-

ing in a single unique label per atlas-based classifier. These can easily be combined

using vote fusion as described above.

A slightly more complex interpolation technique that can be applied to labels is

partial volume (PV) interpolation as introduced by Maes et al. [39]. Here, the labels of

all eight neighbors of the interpolated coordinate are determined and weighted with the

trilinear interpolation coefficients of their respective grid nodes. Therefore, the output

of an atlas-based classifier using PV interpolation is a vector of weights between zero

and one, which are assigned to each of the possible labels. One can interpret the
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weights as the confidence of the classifier in the respective label being the correct

answer. These weighted decisions from all classifiers can be combined by so-called

“Sum Rule” fusion [28]. The weights for each label are added over all classifiers, and

the label with the highest sum is taken as the combined decision.

11.5 Quantifying Segmentation Accuracy

In addition to presenting selected algorithms for atlas-based segmentation, this chapter

provides a quantitative comparison among different methods. For each segmentation

that we perform, its accuracy is computed. The accuracies achieved for each image

are then compared among different methods in order to illustrate quality differences

and to identify superior algorithms.

Computing the accuracy of a segmentation requires a gold standard, or ground

truth. That is, the correct segmentation needs to be known for an image in order to

be able to compute the accuracy of an automatically generated segmentation of that

image. While not at all guaranteed to be correct, it is commonly accepted today to use

a manual segmentation by a human expert, supported by advanced semi-automatic la-

beling techniques such as intelligent scissors [44], as the gold standard that automatic

segmentation methods are measured against.

11.5.1 Similarity Index

Figure 11.11 provides a visual impression of the segmentation result for two repre-

sentative slices from one segmented bee brain image. However, in order to effectively

compare different segmentation methods, we need to quantify the segmentation accu-

racy. One possible measure of segmentation quality is the similarity index (SI) [93].

For a structure s, the SI is computed from the set V
(s)
auto of voxels in s according to

the automatic segmentation and the set V
(s)
manual of voxels in s according to the (gold

standard) manual segmentation:

SI(s) =
2

∣∣∣V (s)
manual ∩ V

(s)
auto

∣∣∣
∣∣∣V (s)

manual

∣∣∣ +
∣∣∣V (s)

auto

∣∣∣
. (11.8)

For perfect mutual overlap of both segmentations, manual and automatic, the SI has

a value of 1. Lesser overlap results in smaller values of SI. No overlap between the

segmentations results in an SI value of 0. A major advantage of the SI measure is that
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Figure 11.11: Example of segmentation using non-rigid image registration (MUL at-

las selection paradigm). The two columns show axial images at two different slice

locations. Top row: Overlays of segmentation contours (shown in white) after non-

rigid image registration. Bottom row: Difference images between manual and auto-

matic segmentation. Voxels with different labels assigned by manual and automatic

segmentation are shown in black.
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Figure 11.12: Dependence of SI values on size for spherical objects. The squares

show SI values computed from discrete numerical simulation of dilation by one voxel.

The solid line shows SI values for the continuous case (Eq. (11.9)). Note that while

the units on the horizontal axis are voxels for the discrete case, they are arbitrary units

for the continuous case.

it is sensitive to both over-segmentation and under-segmentation, that is, it recognizes

both false positives and false negatives among the voxels of a given structure.

11.5.2 Bias from Structure Volume

In order to understand the SI values computed later in this chapter and to compare

them with other published values, we investigated the dependence of SI values on

object size. We performed a numerical simulation in which discretely sampled spheres

of various radii were dilated by one or two voxels and the SI values between the

original and dilated spheres were computed. The resulting SI values are plotted versus

object radius in Fig. 11.12. It is also easy to derive a closed-form expression for the

continuous case. The SI between two concentric spheres, one with radius R and the

other dilated by d, i.e., with a radius of R + d, is

SI =
2(R/d)3

2(R/d)3 + 3(R/d)2 + 3(R/d) + 1
. (11.9)

The SI values for the discrete and continuous cases are almost identical (Fig. 11.12).

The SI value between a sphere and a concentric dilated sphere approximates the SI

value for a segmentation error consisting of a uniform thickness misclassification on
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Figure 11.13: Volumes of anatomical structures and corresponding segmentation ac-

curacies. The gray bars show the volumes (in numbers of voxels) of the 22 anatomical

structures, averaged over the 20 bee brains. The black vertical lines show the range

of SI values achieved by the automatic segmentation (MUL paradigm) over all seg-

mented raw images. The diamond shows the median over all segmented raw images.

the perimeter of a spherical object. Inspection of Fig. 11.12 and Eq. (11.9) shows that

SI depends strongly on object size and is smaller for smaller objects. A one voxel thick

misclassification on the perimeter of a spherical object with a radius of 50 voxels has

an SI value of 0.97, but for a radius of 10 voxels the SI value is only 0.86. Thus it is not

surprising that Dawant et al. [16] reported mean SI values of 0.96 for segmentation of

the human brain from MR images and mean SI values of only 0.85 for segmentation

of smaller brain structures such as the caudate.

In Fig. 11.13, the average volumes of the anatomical structures in the bee brain im-

ages under consideration are shown with the actual segmentation accuracies achieved

for them using one of the segmentation methods discussed later (MUL). It is easy to

see that the larger a structure, the more accurately it was typically segmented by the

atlas-based segmentation. This confirms the theoretical treatment above and illustrates

the varying bias of the SI metric when segmenting structures of different sizes.

11.5.3 Bias from Structure Shape

A simple numerical measure that characterizes the shape of a geometrical object is

its surface-to-volume ratio (SVR). For a discrete set of labeled voxels in a segmented

structure, we can approximate the SVR ρ as the ratio of the number of surface voxels
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between SVR and SI for erosion by one and 1/2 voxel, respectively.

Ns to the total number of voxels Nt, that is,

ρ ≈ Ns

Nt
(11.10)

A surface voxel is easily defined as one that has a neighbor with a label different from

its own. When the entire surface of a structure is misclassified, this can be seen as

an erosion of the structure by one voxel. The SI value computed between the original

structure and the eroded structure represents the SI resulting from a segmentation

that misclassifies exactly all surface voxels. From the structure’s SVR ρ and its total

volume V , this SI can be computed as

SI =
2V (1− ρ)

V + (1− ρ)V
=

1− ρ

1− ρ/2
. (11.11)

Similarly, we can estimate the result of an erosion by two voxels, corresponding to

a segmentation error of two voxels. Figure 11.14 shows the SVR values computed

for all structures in all brains in our 20 bee brains, plotted versus the SI values of

the automatic segmentations. The figure also shows two curves that represent the

numerical simulation of misclassification by one and 1/2 voxels, respectively, based

on Eq. (11.11).
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Microscopy Manual MUL Difference

Image Segmentation Segmentation Image

Ax

Sa

Co

Figure 11.15: A typical segmented structure: right ventral mushroom body (SI =

0.86). Columns from left to right: microscopy image, contour from manual segmen-

tation, contour from automatic segmentation (MUL paradigm), and difference image

between manual and automatic segmentation. The white pixels in the difference image

show where manual and automatic segmentation disagree. Rows from top to bottom:

axial, sagittal, and coronal slices through the right ventral mushroom body.
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Figure 11.16: SI by label for segmentation using a single individual atlas (IND atlas

selection strategy). The diamond shows the median value over 19 segmented images.

The vertical lines show the range of values, while the boxes show the 25th and 75th

percentiles of the respective distributions. [modified from [56]]

For a typical segmentation result of a single structure, a detailed comparison of

manual and automatic segmentation is shown in Fig. 11.15. The structure shown here,

a right ventral mushroom body, is typical in that its volume and its surface-to-volume

ratio are close to the respective means over all structures (volume 141,000 pixels vs.

mean 142,000 pixels; SVR 0.24 vs. mean 0.36). The segmentation accuracy for the

segmentation shown was SI = 0.86, which is the median SI value over all structures

and all brains.

11.5.4 Comparison of Atlas Selection Strategies

The results achieved using the different atlas selection strategies outlined above are

visualized in Figs. 11.16 through 11.19. Each graph shows a plot of the distribution

of the SI segmentation accuracies over 19 segmentations, separated by anatomical

structure. There were 19 segmentations per strategy as one out of the 20 available bee

brain images served as the fixed individual atlas for the IND strategy. Therefore, this

brain was not available as the raw image for the remaining strategies, in order to avoid

bias of the evaluation.

A comparison of all four strategies is shown in Fig. 11.20. It is easy to see from

the latter figure that the widely used IND strategy produced the least accurate results
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Figure 11.17: SI by label for segmentation using the most similar single individual

atlas (SIM atlas selection strategy). For a description of the graphical representation

see Fig. 11.16. [modified from [56]]
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Figure 11.18: SI by label for segmentation using a single average shape atlas (AVG at-

las selection strategy). For a description of the graphical representation see Fig. 11.16.

[modified from [56]]
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Figure 11.19: SI by label for segmentation by combining multiple independent atlas-

based segmentations (MUL atlas selection strategy). For a description of the graphical

representation see Fig. 11.16. [modified from [56]]
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better than given threshold plotted by atlas selection strategy. The series labeled “Best

SI” is the upper bound of all strategies working with a single individual atlas (see text

for details).
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of all strategies. Only slightly better results were achieved by selecting a different

individual atlas for each raw image, based on the NMI after non-rigid registration cri-

terion discussed in Section 11.4.2. The AVG strategy, segmentation using an average

shape atlas, outperformed both the IND and SIM strategies, but was itself clearly out-

performed by the MUL strategy. Our results therefore show that the multi-classifier

approach to atlas-based segmentation produced substantially more accurate segmen-

tations than the other three strategies. This finding is in fact statistically significant

when performing a t-test on the SI values for all structures over all segmentations,

which confirms the experience of the pattern recognition community that multiple

classifier systems are generally superior to single classifiers [29, 89].

Another interesting finding is that both the AVG and the MUL strategies performed

better than the theoretical upper bound of any strategy working with only a single

individual atlas (series labeled “Best SI” in Fig. 11.20). We note that “Best SI” is

the upper bound not only for any method with the best atlas for each raw image, but

also for any possible selection of one atlas for all raw images. Therefore, it is also

the upper bound of the IND and SIM strategies, which in our study can consequently

never outperform the AVG or MUL strategies.

11.6 More on Segmentation with Multiple Atlases

We saw in the previous section that a multi-classifier approach to atlas-based segmen-

tation outperforms atlas-based segmentation with a single atlas, be it an individual

atlas, an average atlas, or even the best out of a database of atlases. Compared to

that, the insight underlying the SIM (“most similar”) atlas selection strategy was that

different atlases lead to segmentations of different accuracies. Combined, both obser-

vations lead to an even more interesting concept: combination of multiple atlas-based

segmentations, weighted by estimates of their individual segmentation accuracy.

In other words, if we had estimates of how well each atlas-based classifier is per-

forming, then we could be more confident in decisions of those classifiers that perform

well, compared to the decisions of those that do not. One would hope that by concen-

trating on more accurate classifiers in the ensemble, the classification accuracy would

be further improved.

The performance of each atlas-based classifier is obviously not known in general,

due to the lack of a ground truth. However, several methods have been proposed

that can estimate the performance parameters, for example using expectation maxi-
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mization (EM) methods. Two of these are outlined below, one based on a per-label

binary performance model [85], and another based on a simultaneous multi-label per-

formance model [64, 65].

For the description of both methods, we assume that an image with N voxels

is segmented by K different (atlas-based) classifiers. For each voxel x, we denote

with ek(x) the decision by classifier k, which is one of the labels assigned in the

segmentation. For the sake of simplicity of the presentation, we assume classifiers

that internally use NN interpolation for atlas lookup and therefore only produce one

unique label as their output. If the (unknown) ground truth for voxel x is i, we say

that x is in class i and write this as x ∈ Ci.

11.6.1 A Binary Classifier Performance Model

An EM algorithm described by Warfield et al. [85] estimates the classifier perfor-

mance for each label separately. The method is based on the common performance

parameters p (sensitivity) and q (specificity), i.e., the fractions of true positives and

true negatives among the classified voxels. The parameters p and q are modeled in-

dependently for each classifier k and each class Ci (label in the segmentation) as the

following conditional probabilities:

p
(k)
i = P (ek(x) = i|x ∈ Ci) and q

(k)
i = P (ek(x) 6= i|x 6∈ Ci). (11.12)

From these definitions, an EM algorithm that estimates p and q from the classifier

decisions can be derived as described by Warfield et al. [85]. From the computed clas-

sifier performance parameters for each label, a contradiction-free final segmentation

E at voxel x can be computed as

E(x) = arg max
i

P (x ∈ Ci|e1(x), . . . , eK(x)). (11.13)

Here, the probability P (x ∈ Ci|e) follows from the classifiers’ decisions and their

performance parameters using Bayes’ rule. For details on the application of this algo-

rithm to classifier fusion, see Ref. [64].

11.6.2 A Multi-Label Classifier Performance Model

In a generalization of the Warfield algorithm to multi-label segmentations [64], the

classifier parameters p and q are replaced by a matrix of label cross-segmentation

coefficients λ
(k)
i,j . These describe the conditional probabilities that for a voxel x in
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class Ci the classifier k assigns label j = ek(x), that is

λ
(k)
i,j = P (ek(x) = j|x ∈ Ci). (11.14)

This formulation includes the case that i = j, i.e., the classifier decision for that voxel

was correct. Consequently, λ
(k)
i,i is the usual sensitivity of classifier k for label i. We

also note that for each classifier k the matrix (λ(k)
i,j )i,j is a row-normalized version

of the “confusion matrix” [89] in Bayesian multi-classifier algorithms. This matrix,

when filled with proper coefficients, expresses prior knowledge about the decisions of

each classifier. Again, the coefficients can be estimated iteratively from the classifier

decisions by an EM algorithm.

In the “E” step of the EM algorithm, the unknown ground truth segmentation is es-

timated. Given the current estimate for the classifier parameters (λ) and the classifier

decisions ek(x), the likelihood of voxel x being in class Ci is

W (x ∈ Ci) =
P (x ∈ Ci)

∏
k λ

(k)
i,ek(x)

∑
i′

[
P (x ∈ Ci′)

∏
k λ

(k)
i′,ek(x)

] . (11.15)

Note that W is a function of two parameters, x and i. The “M” step of the algorithm

estimates the classifier parameters (λ) that maximize the likelihood of the current

ground truth estimate determined in the preceding “E” step. Given the previous esti-

mates W of the class probabilities, the new estimates for the classifier parameters are

computed as follows:

λ̂
(k)
i,j =

∑
x:ek(x)=j W (x ∈ Ci)∑

x W (x ∈ Ci)
. (11.16)

11.6.3 Results of Performance-Based Multi-Atlas Segmentation

The accuracy of the performance parameter estimation using both EM algorithms is

shown in Fig. 11.21. We computed the actual performance parameters for each atlas-

based classifier by comparing its output with the manual segmentation. These a pos-

teriori performances (conceptually equivalent to the recognition rate of the classifier)

were then plotted versus the estimates computed by either of the EM methods. It is

easy to see that there is a very good agreement between the actual and the the es-

timated parameters, with a slightly higher predictive accuracy following the binary

performance model. The Pearson correlation coefficient between true and estimated

performances was 0.94 for the binary expert model, and 0.87 for the multi-label ex-

pert model. The increased quality of the parameter estimation using the binary per-
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Figure 11.21: Accuracy of classifier performance parameter estimation using EM al-

gorithms.

formance model can be explained by the substantially larger number of degrees of

freedom in the multi-label model, due to the inter-label crosstalk coefficients.

As Fig. 11.22 illustrates, the accuracy of a multi-classifier segmentation can be

improved considerably when the performance parameters of the individual classifiers

are estimated and taken into account. Overall, the estimation method using a multi-

label performance parameter model was slightly less accurate in estimating the actual

parameters, but produced a slightly better segmentation accuracy than the method

based on a binary performance model.

11.7 Conclusion

This chapter has shed light on some often overlooked aspects of atlas-based segmen-

tation methods. We have compared four different strategies for atlas selection and

demonstrated that the accuracy of atlas-based segmentation can be improved substan-

tially by moving beyond the use of a single, individual atlas.

Recently published works on atlas creation and atlas-based segmentation make

increasing use of standard atlases that incorporate properties of a population of sub-

jects [36, 38, 49]. Our results confirm that this is likely beneficial for improved seg-

mentation accuracy and robustness. However, our results also suggest that the benefits

of applying a multi-classifier strategy are well worth the extra effort.
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Figure 11.22: Recognition rates (foreground only) of multiple classifier systems based

on simple sum fusion, the binary performance model, and the multi-label performance

model.

On a more application-specific note regarding the accuracy of atlas-based segmen-

tation of bee brains, we observe that the mean SI value of segmentations produced

using the MUL method in this chapter is 0.86, which, given the small size of most

of the structures in the bee brains considered, is comparable to the values reported

by Dawant et al. and supports the visual assessment observation (Fig. 11.11) that the

automatic segmentations described here differ from manual segmentations on average

by approximately one voxel. In fact, Zijdenbos et al. [93] state that “SI > 0.7 indi-

cates excellent agreement” between two segmentations. This criterion (SI > 0.7) is

satisfied by virtually all (97 percent) contours generated by our segmentations using

the MUL method (Fig. 11.19). Furthermore, since the image quality of confocal mi-

croscopy images is inferior to clinical MR and CT images in many ways, we believe

that our registration-based segmentation method represents a satisfactory intermediate

solution to a segmentation problem that is appreciably harder than that of segmenting

commonly used images of the human brain.
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11.8 Brainstorming Questions

(Q1) What are the advantages of atlas-based segmentation over other segmentation

techniques?

(Q2) Why is the described non-rigid registration method superior to other techniques?

(Q3) What is the best value for the smoothness constraint weight of the non-rigid

registration (Section 11.3.4)?

(Q4) What if in Section 11.4.2 the atlas most similar to the raw image were selected

using the following criterion I invented: . . . ?

(Q5) When combining multiple atlas-based segmentations, what is the practical dif-

ference between NN interpolation with vote fusion and PV interpolation with

sum fusion?

(Q6) If the MUL atlas selection strategy is so much better than the others, then why

is it not always used?

(Q7) How does atlas-based segmentation compare to manual segmentation?

(Q8) Are there parallels to the multi-atlas segmentation method in pattern recogni-

tion?

(Q9) Could an Active Shape Model be used as an atlas for segmentation?

(Q10) Why does the binary classifier performance model predict actual performance

more accurately, yet the multi-label performance model gives better combined

classification results?

(A1) Which segmentation technique is the best strongly depends on the application.

Atlas-based segmentation is most useful when the spatial location of a voxel,

together with its gray value, determines which class it belongs to. Conversely,



Quo Vadis, Atlas-Based Segmentation 42

atlas-based segmentation should not be applied for problems where the classi-

fication depends purely on a voxel’s gray value, for example when classifying

different tissue types.

(A2) It is not in general superior. Again, the most suitable technique depends on

the application. The reason for using this particular method is that it does not

require single-modality image data. While strictly all images in the application

presented here are confocal microscopy images, the imaging process causes

very different gray value distributions for different individuals. The NMI image

similarity measure is well-suited for this kind of situation, while other measures

(Mean Squared Difference, Cross Correlation) are not.

(A3) Unfortunately, there is no a priori best value for this weight. There is always a

trade-off between the smoothness and regularity of the transformation (higher

weights), and good fitting of the data (lower weights). Choosing the best con-

straint weight is subject to active research, and is by no means a solved prob-

lem. For the bee brain microscopy images, we have found that the best results

were achieved with a value of 0.1, but in other applications with different data

and different objectives [61], the “best” values were very different. It is also

possible to vary the constraint weight during the optimization to achieve better

results [58].

(A4) Sorry, but – no! No criterion for the selection of the most similar atlas can

produce segmentations of higher accuracy than a criterion that has knowledge

of the true segmentation. This is precisely what the “Best SI” criterion is all

about. So in our study at least, whatever the criterion, the SI values would never

be better than using the criterion that selects based on the SI values themselves

(which, let us mention it again, are not available in a real-world application

anyway). Therefore, there is no criterion that would not still be outperformed

by the MUL and even the AVG segmentation strategy.

(A5) By integrating the trilinear interpolation coefficients, PV interpolation leads to

smoother transitions from one label to another and avoids jagged edges when

interpolating oblique slices from an atlas. In general, we found NN and vote fu-

sion to perform better for large numbers of segmentations (more than 30), since

a distribution of samples from a large number of atlases approximates a contin-

uous spatial distribution. PV with sum fusion seemed to perform slightly better

for smaller numbers of segmentations. On a related note, due to the real-valued
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weights, it is much less likely to see a voxel tied between two or more labels

using PV than using NN, so PV can help to reduce “rejected” classifications.

(A6) The MUL strategy has two drawbacks: it requires multiple atlases – a problem

that it shares with the SIM and the AVG strategies. Furthermore, the raw image

needs to be non-rigidly registered separately to each atlas, which again is also

true for some criteria that could be used in a SIM strategy. Non-rigid registration

is computationally expensive, so the bottom line is: for a MUL segmentation

strategy, you need more atlases and more CPU time.

(A7) In short: we do not know. One important question is, how different is an au-

tomatic segmentation from a manual one, compared to the typical difference

between two (or more) manual segmentations. The latter, the inter-observer dif-

ference, can only be determined by repeated manual segmentation of the same

image. This is costly and time consuming and was therefore not done for the

data we have used in this chapter.

(A8) A closely related technique in pattern recognition is the concept of “bagging” [6]

(short for bootstrap aggregation), a method for generating multiple, somewhat

independent instantiations of a classifier by using different training sets. Multi-

atlas segmentation is similar to this method in that it also generates multiple

atlas-based classifiers using multiple training sets. In our case, the different

training sets are the atlases, and the resulting classifiers are described by the

coordinate transformations after registration of each atlas to the raw image.

(A9) Yes. In fact, it would be interesting to use a dynamic atlas during the registration

stage rather than a static one. The dynamic atlas could be the average shape,

with the most significant modes of variations added to it. The weights of all

modes of variation could be incorporated as additional degrees of freedom into

the registration process. So in some sense, this procedure would be similar

to using an average shape atlas by itself, but with the additional benefit that

the atlas could adapt to the individual that is being segmented. Another way

to look at it is as a registration from two sides, where one image is deformed

using a free-form deformation, whereas the deformation of the other, the atlas,

is governed by the more specific ASM.

(A10) The multi-label performance model has substantially more free parameters than

the binary model, and we only looked at one of them per segmented structure
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(i.e., sensitivity). While the binary model can only predict the probability of

an error, the multi-label model actually makes a prediction of what the error

will be. That is, the multi-label model allows us to model situations where,

for example, misclassification of a voxel of class A into class B is much more

likely than into class C. The binary model would only predict the likelihood of

the misclassification, but would not provide any information as to the nature of

the error.
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