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ABSTRACT
Convolutional neural networks (CNN) have been widely used
for visual recognition tasks including semantic segmentation
of images. While the existing methods consider uniformly
sampled single- or multi-scale patches from the neighborhood
of each voxel, this approach might be sub-optimal as it cap-
tures and processes unnecessary details far away from the
center of the patch. We instead propose to train CNNs with
non-uniformly sampled patches that allow a wider extent for
the sampled patches. This results in more captured contextual
information, which is in particular of interest for biomedical
image analysis, where the anatomical location of imaging fea-
tures are often crucial. We evaluate and compare this strategy
for white matter hyperintensity segmentation on a test set of
46 MRI scans. We show that the proposed method not only
outperforms identical CNNs with uniform patches of the same
size (0.780 Dice coefficient compared to 0.736), but also gets
very close to the performance of an independent human ex-
pert (0.796 Dice coefficient).

Index Terms— non-uniform patch, convolutional neural
network, deep learning, white matter hyperintensity

1. INTRODUCTION

White matter hyperintensities (WMH) are a common finding
on brain MR images of patients diagnosed with small ves-
sel disease (SVD) and several other neurological disorders.
WMHs often represent areas of demyelination found in the
white matter of the brain and are best observable in fluid-
attenuated inversion recovery (FLAIR) MR images, as high
value signals [1].
As manual segmentation of WMHs is laborious and subject to
inter- and intra-rater variability, in the past decade a multitude
of algorithms have been proposed to automate this process.
Most of these methods use either an unsupervised clustering
of WMHs as outliers or a supervised learning approach with
hand-crafted features. None of these methods has been accu-
rate enough to be considered as a stand-alone system [2].
Since the past few years convolutional neural networks

(a) A small positive patch (b) A small negative patch

(c) A large positive patch (d) A large negative patch

Fig. 1: A comparison of visual differences between two ad-
jacent positive and negative patches in a small (11 × 11) and
a large patch size (256× 256). Evidently it is much easier to
differentiate (a) from (b) rather than (c) from (d).

(CNN) have been reported to be the state of the art in most
of visual recognition tasks and in particular in image classifi-
cation and object detection. A popular way to extend image
classifying CNNs for a segmentation problem is to train them
to predict the label for each voxel given a small patch repre-
senting a local neighborhood of that voxel [3]. Nonetheless
the chosen patch size might impose natural limitations hin-
dering success of such segmentation systems in many medical
image analysis applications, where the anatomical location of
the imaging features is of crucial importance; small patches
lack enough contextual information, while larger patch sizes,
apart from higher computational costs, decrease the localiza-
tion accuracy [4]. Figure 1 illustrates this.



(a) Non-uniformly sampled vox-
els

(b) Resulted non-uniformly sam-
pled patch

(c) Uniformly sampled patch
with a similar extent

(d) Uniformly sampled patch
with the same size

Fig. 2: An illustration of the patch sampling process from a
FLAIR slice (α = 0.04).

A way to address this problem is to break the unnecessary
assumption of uniform patch sampling. The human visual
system also non-uniformly perceives the world, with a lot of
details at the focal point but a compact contextual represen-
tation from the surroundings. Inspired by the way our natu-
ral visual system performs, we propose to take non-uniformly
sampled patches to train deep CNNs and we apply such a sys-
tem for segmentation of WMHs, where a comprehensive in-
clusion of contextual information matters for a decent seg-
mentation [5]. We show that this sampling approach outper-
forms similar networks with uniform sampling.

2. METHODS

2.1. Non-uniform patch sampling

Suppose Pi,j,k is a n×n patch that we want to non-uniformly
sample to represent a local neighborhood of voxel coordinate
(i, j, k) from an image I . Then we have:

Pijk(a+ b
n

2
c, b+ bn

2
c) = I(i+ l, j +m, k) (1)

where a and b, integers belonging to the interval [-bn2 c, b
n
2 c),

are offsets from the center of the patch being sampled and l
and m, offsets of the corresponding voxel from the image I ,
are computed as:

l = ba.eα
√
a2+b2 +

1

2
c (2)
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Fig. 3: CNN architectures used in this study. From top to
bottom: single-scale, multi-scale early fusion and multi-scale
late fusion with patches from three scales (S1, S2, S3).
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where α is a controlling factor indicating the extent of the
patch, and α = 0 will result in uniformly sampled patches.
An intuitive way to see these equations is as we get further
away from the center of the patch (larger absolute values for
a and b) the x- and y-axis offsets of the voxels to be sampled
from the image (l and m) grow exponentially. This implies
a dense sampling on the center and less dense sampling from
the sides. Figure 2 visualizes the sampled voxels for the men-
tioned non-uniform patch creation (2a) and the resulted non-
uniformly sampled patch (2b) and compares it with uniformly
sampled patches with a similar patch extent (2c) and the same
patch size (2d).

2.2. CNN architecture and the training procedure

We create input patches with n = 32 and three different val-
ues for the α parameter (α = 0.01, 0.02, 0.04). We use an
eight layers CNN as depicted in the top architecture in Figure
3. This network consists of four convolutional layers that have



20, 40, 80 and 110 filters of size 7×7, 5×5, 3×3, 3×3 respec-
tively. Then we apply three layers of fully connected neurons
of size 300, 200 and 2. Finally the resulting responses are
turned into probability values using a softmax classifier. The
type of non-linearity that we apply to each neuron is a recti-
fied linear unit, which is known to prevent the vanishing gra-
dient problem in deep networks. We do not use pooling as it
results in a shift-invariance property [6], which is not desired
in segmentation tasks.
We train our network with the stochastic gradient descent al-
gorithm with a mini-batch size of 128 and the cross-entropy
cost function. We also use RMSPROP algorithm to speedup
the learning process by adaptively changing the learning rate
for each parameter. Random initialization of the weights is
crucial in order to break the symmetry among the units the
same layer. Thus we randomly sample the initial weights
from a (0, 1√

m
) Gaussian distribution. CNNs are complex ar-

chitectures that are likely to easily overfit training-set-specific
patterns, thus to add a form of regularization and also to pre-
vent co-adaptation of feature detectors, we use drop-out with
a ratio of 0.3 on all of the layers in the network. We train
our network for 10 epochs, which we found was sufficient for
convergence, and we pick the set of weights with the best Az
on a validation set. We utilize the Theano library [7] for the
implementation.

3. EXPERIMENTAL SETUP

3.1. Data

The data used for training, validation and evaluation of the
proposed methods, is provided by the RUN DMC [8], which
is a cohort study including T1 and FLAIR images of SVD
patients. The part of the dataset that we use for this study
consists of 466 cases that were annotated by either one (420)
or two trained readers (46). We use the 46 subjects with two
annotations for testing purposes and separate the rest into two
sets of 378 and 42 for training and validation respectively.
There are several preprocessing steps that have to be taken
before the images are ready for patch extraction: We first per-
form a rigid registration of T1 to FLAIR images. Then we
extract the brains from the T1 images and transfer and apply
the resulting masks to the FLAIR images. A bias field cor-
rection is then performed. We use the FSL package [9] for
the three mentioned steps. Finally we normalized the image
intensities to be within the range of [0, 1]. Extracting patches
from the training and validation sets of subjects results in a
balanced dataset of 3.88M and 430K patches respectively.

3.2. Evaluation and comparison

In order to evaluate the effectiveness of our non-uniform
patch sampling method, we compare it to three alternative
approaches trained and validated with uniformly sampled
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Fig. 4: An ROC comparison of different methods and the in-
dependent human observer.

patches on the same datasets as illustrated in Figure 3:

• Single-scale (Uniform SS): Similar to most of the meth-
ods, we train a similar single-scale network on uni-
formly sampled patches with the same size (32× 32).

• Multi-scale early fusion (Uniform MSEF): As smaller
patches are better for an accurate localization, while
larger patches capture more contextual information, a
CNN given multiple patches with varying sizes would
benefit from both. One possible architecture to fuse the
information from multi-scale patches is to fuse them
in the input layer. For each candidate voxel we extract
128×128, 64×64 and 32×32 patches. Then we down-
sample the two larger patches to 32× 32 and feed them
to a single CNN as different input channels.

• Multi-scale late fusion (Uniform MSLF): Another fu-
sion possibility to leverage the information in the multi-
scale patches, is to input each scale separately into sev-
eral convolutional layers. Then we can fuse the repre-
sentation features from each scale and pass it forward
to more fully connected layer. We use the same three
scales as mentioned for MSEF.

The metrics that we use to compare these methods are Dice
similarity coefficient and area under the receiver operating
characteristic (ROC) curves (Az). We also provide p-values
for a statistical significance test with bootstrapping and mea-
suring the Dice coefficient.

4. RESULTS

Table 1 demonstrates the performance of the proposed algo-
rithm given three different α values. Figure 4 and Table 2



Table 1: A comparison of the non-uniform sampling method
with different α values.

Method Validation Az Test Dice Test Az
α = 0.01 0.9958 0.756 0.9943
α = 0.02 0.9963 0.780 0.9955
α = 0.04 0.9955 0.779 0.9954

Table 2: A comparison of the test set Dice andAz of the non-
uniform sampling method (α = 0.02) to different methods.

Method Dice Az
Uniform SS 0.736 0.9895
Uniform MSEF 0.759 0.9867
Uniform MSLF 0.776 0.9937
Non-uniform SS 0.780 0.9955
Independent observer 0.796 -

compare the best performing non-uniform sampling method
(α = 0.02) to uniform sampling methods and an indepen-
dent human observer with ROC curves, Dice and Az on the
test set. Table 3 shows statistical significance test p-values for
pairwise comparison of different methods.

5. DISCUSSION AND CONCLUSIONS

As shown by the experiments, a CNN with non-uniform patch
sampling can significantly outperform an identical network
with the same amount of uniformly sampled data from the
input image (uniform SS). This happens as non-uniform sam-
pling enlarges the extent of the patch and thus provides more
contextual information to the CNN. Multi-scale approaches
also aim to capture more contextual information with larger
scales and improve over the uniformly sampled single-scale
patches. However, the experimental results suggest an ad-
vantage of single-scale non-uniform sampling over uniform
multi-scale approaches although their sample size is larger by
a factor of 3. This seems to be a consequence of the fact that
a single non-uniformly sampled patch not only contains both
details on the focal part and large context information, but
also demands a simpler model with less weights for training.
As an inherent limitation for this method, we do not know yet
if it is possible to benefit from a practical speed-up by turning
it into a fully convolutional network.
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