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1. Evaluation Methodology
Training set voxel-wise restoration accuracy was found

by measuring the percentage of voxels that agreed with a bi-
nary human classification. For the convolutional networks,
we used the restoration provided by the training epoch at
which convergence was observed (i.e., little to no fluctu-
ation in training error for several successive epochs). For
methods whose outputs are real-valued, such as the convo-
lutional networks or diffusion, a threshold was applied to
produce a binary classification. The threshold value was
chosen to maximize accuracy on the training set.

Testing set performance was measured by preserving all
parameters, threshold values, etc., from training set opti-
mization and then measuring voxel agreement on a separate
part of the image that had beeen manually classified by the
same human as for the training set.

Individual samples in voxel-wise accuracy measurement
cannot be considered to truly satisfy independent and iden-
tically distributed (IID) assumptions due to correlations re-
sulting from a contiguous image space. Therefore, the train-
ing and test areas were divided into ten non-overlapping
regions, and accuracy was then measured within each re-
gion. The standard error of measurement was then calcu-
lated from the variance in accuracy among these regions.
Although these image regions are not truly statistically in-
dependent, we expect the correlations in the accuracy mea-
surements of these regions to be relatively weak, so that the
standard error of measurement is a reasonable estimate of
the error bar.

2. Procedures
2.1. Convolutional networks

The filters w and thresholds θ are free parameters of
the algorithm that are chosen by gradient learning, us-
ing a version of the backpropogation algorithm adapted to
multi-layer convolutional networks [7]. We used the cross-

entropy cost function as our optimization criterion.
A stochastic, online gradient learning procedure was

found to be more efficient than batch training (see [3] for
an interesting study of the virtues of online learning meth-
ods). Each training epoch consisted of a random sequence
of 6×6×6 cubes chosen from the training set. The network
parameters were then updated after being evaluated on each
cube in the sequence. This learning procedure was highly
reliable; larger cube sizes decreased training speed but did
not improve training quality. The learning rate of each free
parameter was controlled by a stochastic approximation to
the diagonal of the hessian matrix [8].

Before learning, a weight in filter wkab was initialized to
a random value chosen from a normal distribution with zero
mean and a variance inversely proportional to the square
root of the number of voxels in the filter (e.g., 1√

125
for a

5 × 5 × 5 filter). Although such details were not critical to
the success of the learning procedure, in practice they were
found to speed convergence rates.

2.2. MRF/CRF Models

2.2.1 Inference

Inference with our MRF and CRF models was done by max-
imizing the posterior distribution p(x|y) with respect to x,
which is known as the maximum a posteriori (MAP) esti-
mate.

For finding the MAP with min-cut [4, 5] we constructed
a graph with the nonnegative adjacency weights given
by w and source/sink connections given by max{0,+b̃i},
max{0,−b̃i} respectively, where

b̃i = b+
ξ1 − ξ−1

2σ2

(
yi −

ξ1 + ξ−1

2

)
(1)

for the MRF; and
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for the CRF. To compute the cut we employed the code pro-
vided with [4].

We also tried simulated annealing with a fast annealing
schedule for finding an approximation to the MAP solution
[9, 6]. At each time step, the new value for a randomly
chosen variable xi was sampled from the conditional distri-
bution

P (xi|x−i, yi) ∝ exi({w⊗x}i+b̃i)/T (3)

where x−i denotes all variables except for xi, and T is the
temperature. The initial value for the temperature was T =
10. This value was decreased by 1/20 each timestep for
80 steps. The MAP estimated by simulated annealing was
usually very similar to the MAP computed with min-cut.

2.2.2 MRF Learning

The updates for maximum likelihood estimation of the pa-
rameters w and b for the prior are given by Boltzmann ma-
chine learning updates [1],
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where 〈·〉0 is the average with respect to the empirical dis-
tribution given by the data and 〈·〉∞ is the average with re-
spect to the model distribution given by the parameters w
and b. Because computing the average with respect to the
model distribution requires sampling the entire configura-
tion space it is intractable for the dimensions of our data.
We therefore applied pseudolikelihood learning [2] which
estimates the model distribution average by the mean field
generated by the data,
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where σi = tanh ((w ⊗ x)i + b) is the conditional
P (xi|x−i, yi).

We ran the update 400 times with a learning rate of 0.1.

2.2.3 CRF Learning

The Boltzmann updates for CRF learning are the same as
for the MRF. However, in CRF learning we replaced the
model distribution average by the zero temperature limit
computed by the min-cut algorithm. We used 400 updates
and a learning rate of 0.01.

2.3. Anisotropic diffusion

We applied a 3 dimensional verison of Perona-Malik
anisotropic diffusion to the image, that iterates the follow-
ing discretized update to image x at each position i [10] :
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where ηi denotes a neighborhood for pixel at position i, t
indexes discrete time steps, λ is a diffusion rate, ∇Xt

i,j =
Xt
i −Xt

j and g is the edge-stopping function:
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1
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Parameters λ,K, the number of iterations, and the threshold
value were optimized by grid search to maximize classifi-
cation accuracy on the training set. We also tried cohence-
enhancing diffusion [11], which on this dataset yielded very
similar results to Perona-Malik.

2.4. Segmentation

Segmentations were produced from binary restorations
using a simple 3d connected-components algorithm: the
restoration was converted into an undirected graph, in which
each voxel of the image is a node in the graph and edges are
inserted between two nodes when their corresponding vox-
els are (1) direct neighbors along any of the principle axes
in the 3d image space (i.e., a 6-connected neighborhood)
and (2) share the same binary restoration value. Segmented
domains are then produced by searching for connected com-
ponents of this graph.
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