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ABSTRACT

Automatic brain extraction or skull stripping from magnetic

resonance images (MRI) is an important pre-processing step

in many image processing pipelines. Most skull stripping

methods are optimized for normal brains and applicable to

single T1-w MR images. However, other contrasts, such

as T2, can provide complementary information about the
boundary. This is especially true in the presence of trau-

matic brain injury (TBI) and other diseases, where lesions

can confound boundary definitions. In this paper, we pro-

pose a deep learning based framework to extract intracranial

tissues from multi-contrast MR images in the presence of

TBI. Our approach is based on state-of-the-art convolutional

neural network architecture to learn a transformation from

multi-contrast atlas MR images to their stripping masks with-

out using any deformable registration. An advantage of our

framework is that it can be applied to different species. We

applied our approach to 19 human patients with mild to se-
vere TBI, as well as 16 normal mice images, and another
10 mice brains with TBI. We compared the approach with 3
separate state-of-the-art human and rodent brain extraction

methods. Using only a few manually delineated atlases, we

showed significant improvement in brain extraction accuracy

in both healthy and pathological human and rodent images.

1. INTRODUCTION

Automated brain extraction or skull stripping of whole head

magnetic resonance (MR) images, which performs a binary

classification of the image intro brain and non-brain tissues,

is often one of the earliest, yet most crucial, processing steps

in brain imaging studies. Subsequent image processing, such

as tissue segmentation, cortical reconstruction, or registration,

are affected by the accuracy of the skull stripping. Many
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skull stripping algorithms for healthy human MR brain im-

ages have been proposed in the literature. However, most are

optimized for T1-w, as these are typically high resolution and
offer excellent soft tissue contrast in clinical studies. There

are two primary categories of skull stripping methods, edge

based and atlas based. Edge based stripping methods, such

BET [1], BSE [2], and AFNI 3dSkullStrip, try to find a
continuous edge between brain and skull based on intensity

gradients. Other edge-based approaches include watershed

[3] and graph cuts [4].

Although edge based skull stripping methods have been

reasonably successful, atlas based methods were shown to

be more accurate [5]. Usually an “atlas” consists of a T1-w
image and its manually drawn brain mask. Multi-atlas ap-

proaches typically deformably register multiple atlases to a

subject and their corresponding brain masks are transformed

to the subject space. The transformed atlas brain masks can

be combined by majority voting [6, 7] or label fusion [8].

The final accuracy of these approaches depends largely on the

accuracy of registrations. Another drawback of multi-atlas

registration methods is that they require significant computa-

tional overhead due to a large number of deformable registra-

tions. Alternately, patch based methods use only a few atlases

and do not require accurate deformable registrations. Atlases

are registered to the subject with only an affine [9, 10] or a

coarse deformable registration [11]. Then the corresponding

atlas brain masks are combined and iteratively refined with

deformable models [9], intensity based segmentation [12], or

patch-based label fusion [11, 10].

Much of the skull stripping literature has focused on hu-

man imaging, but skull stripping in small animal models re-

mains an important and challenging problem, since most hu-

man brain skull stripping algorithms are not directly appli-

cable to small animals. A modified version of BET [1] is

provided with AFNI 3dSkullStrip for rodent brains with
-rat option. Morphological filtering with intensity gradi-
ents based deformable surface reconstruction has been used

for brain extraction [14]. An unsupervised artificial neural
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Fig. 1. The proposed CNN architecture using modified

Google Inception [13] block is shown. Patches from an atlas

MPRAGE and T2-w images are passed through the Inception
block, with the output being a patch of the atlas brain mask

membership.

networks based method, called pulse coupled neural networks

(PCNN) [15, 16], use iterative filtering and morphological op-

erations to obtain brain mask.

Skull stripping methods in both human and animal imag-

ing have generally focused on healthy brains devoid of pathol-

ogy, despite the fact that there is obviously a greater need to

study diseased brains. Our group showed that the use of MRI

multiple contrasts offers an important advantage when per-

forming skull stripping in brains with lesions [11]. Recently,

deep learning [17], or convolutional neural networks (CNN),

have been successfully used in many MR image processing

applications. A CNN based stripping method [18] was pro-

posed for brain extraction from images with tumors. In this

paper, we propose a CNN based skull stripping framework to

extract the intracranial volume from whole head MR images.

We show that using the same framework on both human and

mouse brains with TBI, significant improvement in brain ex-

traction can be achieved over other state-of-the-art methods.

Compared to previous methods, our approach has two key

advantages. First, because of the design of the CNN archi-

tecture, only a few (2 − 4) atlases with manually delineated
brainmasks are required. Second, accurate deformable regis-

tration is not needed, which reduces computational overhead

and increases robustness to the presence of pathology.

2. DATASET
The proposed skull stripping method was evaluated on three

sets of multi-contrast images. The first set consists of 19
patients with mild to severe TBI, having T1-w MPRAGE

(Siemens 3T, TR = 2.53 s, TE = 3.03 ms, TI = 1.1 s,
flip angle 7◦, resolution 1 × 1 × 1 mm3) and T2-w fast

spin echo images (TR = 3.2 s, TE = 409 ms, flip angle
120◦, resolution 0.98 × 0.98 × 1 mm3). For training and

evaluation, the T2-w images were rigidly registered [19]

to the MPRAGE, and binary brain masks were drawn on

the registered T2-w images. The second set consists of 16
normal mice and the third set contains 10 mice used in a
closed head model of repetitive TBI (rTBI). Each mouse

underwent 3 injuries using a controlled cortical impact de-

vice to study the physiological and behavioral impact. The

mouse dataset consists of multi-echo 3D RARE scans with

TR/TE = 4000/(10/30/50/70/90/110) ms, resolution of
0.125×0.125×0.75mm3 for normal and 0.1×0.1×0.6mm3

for rTBI. We used two echoes at TE = 10 and TE = 70 ms
for our experiments. Brain masks were delineated on the first

echo (TE = 10 ms). All human images were corrected once
for intensity inhomogeneity with N4 [20], while the mice

images, having more severe inhomogeneity, were corrected

twice. The increased inhomogeneity in mice images is due to

the use of surface coils for animal experiments.

3. METHOD
The proposed CNN based framework is shown in Fig. 1. The

network learns an intensity transformation from MR images

to the brainmask using multiple atlases. An atlas consists of

multiple contrasts (T1-w and T2-w in the case of human sub-
jects) and its manually drawn brainmask. We extract p1×p2×
p3 patch-pairs from the two atlas MR images. For every at-

las MR patch-pair, the network predicts a membership of the
corresponding brain mask patch. The training data consists of

MR patch-pairs as well as the target brain mask membership

patch. The membership of the brainmask is generated simply

by applying a 3×3×3Gaussian filter to the binary segmenta-
tion. As we are interested in the boundary between subarach-

noid space and the meninges and skull, a narrow band region

of width 5 voxels is first defined on the brain mask bound-
ary. Then training patches from MR images and brainmask

membership are extracted in such a way that the center voxel

of a patch lies within that narrow region of interest. This en-

sures that all the training patches contain relevant information

about the brain boundary.

We employed a recent state-of-the-art CNN architecture

called Inception, proposed by Google [13]. Traditional CNN

models, such as AlexNet [21], employs serial combinations

of convolution, pooling, and downsampling/upsampling lay-

ers. The number of free parameters can increase exponen-

tially with the number of layers. This can cause optimization

instability when the number of training data becomes fewer

than the number of parameters. The Inception block, shown

in Fig. 1 tries to resolve this issue by parallelizing the convo-

lution and pooling layers as well as employing downsampling

by introducing a 1×1×1 (denoted 13) convolution. This oper-
ation essentially downsamples the number of filters from the

previous layer. The originally proposed Inception block [13]

contains parallel pathways to 33 and 53 convolution filters as
well as maximum pooling, preceded by 13 convolutions. We
modified the Inception architecture by adding a concatenation

of 33 average pooling layers and 33 convolutions, which acts
as a downsampling layer without actually decreasing the size

of patch. Therefore the size of the patch before and after ev-

ery layer is identical to the input MR and output brainmask

patch size. The proposed network is fully convolutional, i.e.,

no fully connected layers are included, thereby reducing the

number of free parameters.

688



MPRAGE T2 BEAST SPECTRE ROBEX PROPOSED MANUAL

Fig. 2. Example brainmasks of 3 subjects are shown for 4 competing methods, BEaST [10], ROBEX [9], SPECTRE [12], and
the proposed CNN based algorithm.

The model is generalizable to both 2D and 3D patches.

The number of filters in the first 53 convolution is 128, while
the number of filters in the Inception block is kept the same

as proposed in the original paper [13]. We added the average

pooling layer followed by 32 filters of size 33. The Inception
block is followed by one 53 filter to keep the input and output
patch size consistent. The filter parameters are learned by

stochastic gradient descent via Adam [22]. For the human

TBI brains, we used 3D 19×19×19 patches since the images
were isotropic. For mice brains, we used 2D 41× 41 patches
for both normal and rTBI mice, since the slice thickness is

6 times the in-plane resolution. The learnt 2D models are

applied slice by slice on the mice images.

4. RESULTS
For the human TBI dataset, we arbitrarily chose 3 subjects
as atlases, and trained the network separately for each of the

atlases to generate 3 trained models. Then for every subject,
each of the trained models are applied to generate 3 member-
ships. The memberships are averaged and thresholded at 0.5
to obtain a binary segmentation. We compared with 3 other
state-of-the-art atlas based stripping methods, BEaST [10],

ROBEX [9], and SPECTRE [12]. All of them use T1-w im-

ages to estimate the mask. Examples of 3 subjects are shown
in Fig. 2. The top two rows show subjects with a hemor-

rhage and enlarged ventricles, where BEaST consistently un-

derestimates the mask, and SPECTRE overestimates it. The

Table 1. Quantitative comparison with respect to Dice, Jac-
card, positive predictive value (PPV), and volume difference

(VD) between 4 competing methods on the three dataset, hu-
man TBI, normal mice, and rTBI mice. Bold indicates signif-

icant improvement (p < 0.05) over all the other methods.

Metrics

Dataset Method Dice Jacc PPV VD

Human TBI BEasT 0.8848 0.8036 0.9348 0.1284

SPECTRE 0.9002 0.8295 0.9054 0.0745

ROBEX 0.8866 0.8045 0.8380 0.1394

Proposed 0.9719 0.9454 0.9963 0.0477
Normal Mice AFNI 0.9067 0.8488 0.8731 0.1000

PCNN 0.8573 0.7606 0.7739 0.2683

RATS 0.8459 0.7406 0.8905 0.0770

Proposed 0.9486 0.9022 0.9436 0.0196
rTBI Mice AFNI 0.9217 0.8450 0.9090 0.0420

PCNN 0.9160 0.8486 0.9503 0.0719

RATS 0.8405 0.7309 0.9410 0.1830

Proposed 0.9543 0.9128 0.9612 0.0329

third row shows a subject where the dura and marrow have

a similar intensity as GM, which is why both SPECTRE and

ROBEX include it inside brainmask. Our proposed method,
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Fig. 3. Example brain masks of 3 mouse images are shown for 4 competing methods: AFNI 3dSkullStrip, PCNN [16],

RATS [14], and the proposed method. Top row shows a normal mouse brain, while the bottom two rows have rTBI.

using multi-contrast images, shows better stripping masks in

all 3 subjects.

For both mice datasets, the binary brainmasks were gener-

ated as before. We compared to AFNI 3dSkullStrip with
-rat option enabled, PCNN [16], and RATS [14]. We used 4
and 2 atlases for normal and rTBI mice, and generated brain-
masks on 12 normal and 8 rTBI mice, respectively. Fig. 3
shows examples of a normal (top row) and two rTBI mice

(middle and bottom row). AFNI and RATS perform similar

to the proposed method on the normal mouse, while PCNN

shows some underestimation. Note that for the rTBI cases,

the point of injury is near the frontal lobe, where the tissue is

swollen (red arrow). AFNI includes part of the frontal lobe,

while PCNN and RATS shows significant underestimation.

The proposed method provides more accurate segmentations

in each case.

For quantitative comparison, we used Dice, Jaccard, posi-

tive predictive value (PPV), and volume difference (VD). Ta-

ble 1 shows the mean values of the metrics on all of the three

datasets. For human TBI data, the proposed method showed

significant improvement (p < 0.05) over all the competing
methods for all 4 metrics. For the normal mouse dataset,

the proposed method achieved the highest Dice, Jaccard,

and PPV compared to the other three methods (p < 0.05).
Although the volume difference is lowest for the proposed

method, it is not significant w.r.t. RATS. Similar performance

was observed in the rTBI data, where our method achieved

significantly higher Dice and Jaccard (p < 0.05), while PPV
for PCNN and VD of AFNI are statistically not different

from our method. Note that our method had the highest Dice,

Jaccard, PPV, and lowest VD among all the methods.

5. DISCUSSION

We have proposed a CNN based brain extraction framework

for skull stripping based on multi-contrast MR images in the

presence of TBI in both humans and small animals. Exper-

iments on both human and mouse MR images show signif-

icant improvement in skull stripping accuracy over 3 state-
of-the art methods. The primary advantage of our method is

twofold. First, we showed significant improvement with just

3 atlases, whereas BEaST uses 10. Similarly, only two at-
lases were used in rTBI data. Second, we did not need any

deformable registration between subject and atlas. While the

training with one atlas takes about 10 hours, prediction of a
new brainmask takes less than a minute on an Nvidia Titan X

GPU.

On average, all methods performed better on rTBI mice

images compared to the normal ones. We hypothesize that

this is partially due to the fact that inhomogeneity was not

completely removed from all the normal mice images. Sig-

nificant signal loss was observed near the posterior regions,

causing all methods to either overestimate or underestimate

in that region. Also PCNN and RATS need initial thresholds

for intensities and volume, which may not be optimal for all

datasets, as MR intensities are not standardized. Further ex-

ploration is needed to fully identify the performance differ-

ence. Our future work include determination of the optimal

number of atlases and patch size. We plan to release this soft-

ware freely for public use.
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