Discrete Multi Atlas Segmentation using Agreement Constraints
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Atlas-based segmentation describes a class of methods based on the reg-
istration of an annotated representative volume to a target one. When a
single atlas is used a segmentation of the target image is obtained by warp-
ing the annotations using the deformation field found by the registration
process. Recently, it has been shown that performing multiple such reg-
istrations allows for much improved results comparing to the single atlas
case. In Multi Atlas segmentation the target image annotations are pro-
duced by fusing the multiple hypotheses either in a local [2, 4] or a global
[1] fashion. In most methods, the segmentation problem is solved in two
discrete steps and registration is merely seen as a fixed preprocessing step.
In this paper, we aim to couple the registration and segmentation
problem through a unified formulation for multi-atlas segmentation. Reg-
istration terms seek optimal visual correspondences between atlases and
target volumes while imposing smoothness. Segmentation terms seek
voxel-wise consensus on the labeling of the target with respect to the de-
formed segmentation maps. Prior per voxel probabilities, produced by
learning of local features, are taken into account in a seamless manner. In
order to mathematically formulate these components, we adopt a pairwise
Markov Random Field (MRF) graphical model where each atlas is asso-
ciated with a deformation field, while the target image is associated with
a segmentation map.
MREF Energy The dicrete pairwise energy function takes the form of:
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Graph Structure. Graph G is made of a set of N isomorphic grid graphs
Gp={Gp,,---,9p, , } thatrepresent deformation fields and a set of nodes
Vs that represent segmentation. Nodes p € Vp, encode control points.
The solution space around a control point is quantized and indexed by a
discrete set of variables Lp. This set represents possible control point dis-
placements. We refer to a potential control point displacement attributed
to a deformation node by /4. The edge system of each grid in Gp , Ep, is
created by a regular connectivity scheme.Each node p € Vg corresponds
to a random variable. The set of possible solutions for nodes of Vg, Lg
represents the set of anatomical regions augmented by the background
label.
The energy in Eq.1 can be seen as broken into 4 terms:
Matching. The matching term, quantifies how well an atlas matches the
target image.
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Di”" is the transformation induced by the movement of the control point p
in the ith deformation grid by the displacement lg,,. The weighting func-
tion @), determines the contribution of the point x to the unary potential
of the control point p.

Deformation smoothness. [3] shows that deformation regularization can
be efficiently modeled by pairwise potentials by:
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where dILP]i is the displacement applied to node p in the i-th deformation
grid, indexed by 14,.

Segmentation. This term takes into account a per-voxel probability dis-
tribution 7, (/) and is incorporated in the MRF model by setting the unary
potentials of the segmentation grid for every label to the negative log-
probability of the respective class:
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Figure 1: Graph structure of the proposed pairwise model.

where @4 (x) denotes the support of the segmentation node. For our ex-
periments we have corresponded each segmentation node to a voxel, but
a coarser or softer assignment could be envisaged.

Integrated Segmentation and Multi-Atlas Registration. To encourage
the agreement between the estimated segmentation and the warped seg-
mentation we penalize control point displacements of grid Gp, that result
in the warped segmentation mask corresponding to atlas i not agreeing
with our final segmentation:
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where p; belongs to the grid Gp, and gg belongs to Gs. Ind(x,y) =1
except from Ind(x,x) = 0.
Validation. Comparing to independent pairwise registrations, our method
is shown to increase registration quality in terms of overlap and harmonic
energy. In addition, concensus between hypotheses is enforced leading
to more concordant pairwise registrations, rejecting agressive deforma-
tion fields produced merely by good matchings.In addition, classical la-
bel fusion methods are outperformed by the annotations produced by our
method.
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