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A B S T R A C T

Skull stripping or brain extraction on magnetic resonance imaging is a crucial step for structure analyses. In spite
of good performances of conventional methods on adult brains, the skull stripping for T1-weighted imaging
(T1WI) images on the neonatal brain remains a challenge because of the low image contrast. Therefore, this
paper proposes a multi-view pyramid skull stripping network (PSSNet) for neonatal T1WI. To achieve superior
skull stripping performance, the conventional pyramid scene parsing network was modified through (1) adding
the spatial information of raw feature maps by squeezing the channel information during the feature extraction;
(2) increasing the receptive field and adding boundary repair block instead of direct up-sampling; (3) obtaining
the final mask through a fusion module on multi-view 2D slices. The 3D skull stripping problem was decomposed
into multi-view 2D segmentation tasks to improve the efficiency. We enrolled T1WI images of 70 neonates from
the local hospital and 7 infants from the publicly available dataset NeuroBrainS12 (MICCAI 2012). Images of 51
and 26 subjects were used for model training and validation. We compared the proposed method with 7 com-
monly used methods by using the Dice ratio, sensitivity, specificity, and efficiency. The proposed multi-view
PSSNet with the highest Dice ratio (95.44–97.33%) was superior to other methods. Meanwhile, the sensitivity
(93.19–97.02%), specificity (97.52–99.68%), and efficiency (8.59–9.30 s per subject) of the proposed method
were comparable with the state-of-the-art method. In conclusion, the proposed skull stripping network was
robust on neonatal T1WI datasets and feasible in clinical applications.

1. Introduction

Magnetic resonance imaging (MRI) is widely used in neonatal ex-
aminations and researches on the brain development due to its ad-
vantages of safety and relatively high spatial resolution [1,2]. Many
neurodevelopment and psychiatric disorders are associated with the
abnormal brain development in neonates [3]. Evaluation of neonatal
brain structures by T1-weighted imaging (T1WI) can quantitatively
characterize the brain development, which holds the potential to pre-
dict outcomes [4,5]. Skull stripping or brain extraction of T1WI images
is a critical step in structure analyses [1,6]. The accuracy of skull
stripping is one of the factors potentially influencing the subsequent
morphological analyses [1,7]. Therefore, it is of great significance to

perform accurately skull stripping on the neonatal MRI.
Manual segmentation by radiologists is always considered as the

“gold standard” [8]. However, manual labeling each voxel of 3D T1WI
images is time-consuming. Apart from the manual segmentation, var-
ious automatic skull stripping methods have been proposed. Some of
them have been widely used, such as the brain extraction tool (BET)
[9], 3dSkullStrip [10], and brain surface extractor (BSE) [11]. BET uses
a deformable spherical mesh model to fit the brain surface through the
local adaptive evolution [9]. 3dSkullStrip [10] is a modified version of
BET that addresses the shortcomings of errors around ventricles and
eyes. BSE uses anisotropic diffusion filters, edge detection and mor-
phological operations to complete the segmentation [8]. However,
these methods do not work well on neonatal T1WI images due to the
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lower contrast than adults. To improve the performance of the skull
stripping on pediatric subjects, brain extraction meta-algorithm is de-
veloped [12] and has been integrated into the infant brain extraction
and analysis toolbox (iBEAT) [6]. This algorithm combines BET and
BSE to optimize the parameters, and uses a level set based label fusion
algorithm to get the final segmentation results. In addition, another
strategy to repair the BET results has been proposed based on the two-
level Markov-Gibbs random field and the geometric model of brain
isosurfaces [13]. The hybrid method attempts to combine features of
multiple methods to get better segmentation results. The classifier with
combined multiple atlases [14] holds obvious advantages than con-
ventional methods. However, these methods require registration of
atlas as a preprocessing step [15]. The target position alignment,
parameter setting and initialization would seriously affect the seg-
mentation quality.

Recently, deep learning enables the convolutional neural networks
(CNN) to automatically learn the distribution of data [8], which pro-
vides suitable strategy for the neonatal skull stripping. Among different
networks, U-net holds fewer parameters than fully convolution net-
works, which is suitable for the segmentation task of medical images.
For parsing the context information of 3D images, 3D U-Net [16] uses
3D convolution to replace the 2D convolution, enabling end-to-end
voxel segmentation. By using the 3D convolutional layers, a brain ex-
traction algorithm has been performed on adults [8]. Furthermore,
Auto-Net uses the previous segmentation result obtained by the net-
work as the auxiliary context information to improve the segmentation
accuracy [17]. However, these deep learning-based methods, especially
the 3D models, require a mass of computing resources. Moreover, these
methods also face the problem of low efficiency during training.

In this paper, we tried to propose a multi-view fusion network
method to solve the above problems. The task of neonatal skull strip-
ping, with simple and clear semantic information, requires the se-
paration of brain parenchyma from 3D T1WI images. Therefore, we
fully considered the spatial dependence between the skull and the brain

parenchyma. This study would use the brain attention mechanism to
focus on the position of brain tissue. We extract features of the brain
region with the multi-scale pooling component to reduce the inter-
ference caused by brain injuries. Then the bounding repairs were made
to refine and aggregate edges of the brain tissue. In order to improve
the efficiency of the algorithm, this study would decompose the 3D
T1WI image into a 2D sequence and carry out the skull stripping layer
by layer. The network conducted the simple binary classification and
integrated predictions of three views to obtain the final segmentation
results. We named this automatic method as the multi-view pyramid
skull stripping network (multi-view PSSNet).

This study compared the proposed method with 7 automatic skull
stripping methods on the local and public datasets. Three out of 7
methods are based on deep learning: 3D U-Net [16], 2D U-net [18], and
Auto-Net [17]. The others have been integrated into publicly available
software: iBEAT [6], BET [9], 3dSkullStrip [10], and BSE [11]. We
hypothesized that the proposed multi-view PSSNet would be effective
for neonatal T1WI images. Meanwhile, it would be robust on neonates
with brain lesions.

2. Materials and methods

2.1. Theory

This study designed a 2.5D hybrid network system to address the
neonatal skull stripping task, named multi-view PSSNet (as shown in
Fig. 1). In this section, we would introduce components of our method
and analyze their roles in the neonatal skull stripping task. Then, other
design details of the method would be described.

2.1.1. Multi-scale attention maps for brain focus
2.1.1.1. Brain focus module. To tackle the issue of neonatal T1WI
images, we firstly consider the semantic information choice in
features. The convolution head is more suitable for brain tissue and

Fig. 1. The workflow of the neonatal skull stripping and the architecture of the multi-view pyramid skull stripping network (PSSNet). GAP stands for the global
average pooling; dense stands for the full connected layer; and conv stands for the convolutional layer.
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skull localization, considering that lower-level features contain more
location information and are able to capture the context for the entire
header. However, the low contrast of neonatal images and variations in
tissue intensity cause that the localization needs more global features.
In addition, channel relationships obtained from the convolution is
essentially local. Therefore, we try to access the entire spatial
information (i.e. channel information) prior to separating the brain
parenchyma. Considering that the fully connected head is spatially
sensitive, the structure of the brain focus module is designed as shown
in Fig. 1. By constructing the dependency between channel information
and multi-scale features, we can obtain the brain attentional features
containing the context and spatial information.

2.1.1.2. Spatial information. To capture the spatial information of raw
feature maps × ×C H WF (C, H, W are the channel number, height,
width of feature maps), this work would squeeze and excitated the
channel information of F firstly [19]. Squeeze uses a global average
pooling (GAP) layer to generate channel-wise statistics × ×C1 1z with
the cth element:

=
×H W

p i j1 ( , )c
i

H

j

W
cz

(1)

where, H, W are the height, width of feature maps. c represents the cth
element in z .

Excitationz is would feed z into two fully connected layers (dense)
for the dimensionality-reduction with a non-linearity activation relu δ
in the middle:

= W W( )2 1z z (2)
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2
C
2 are weights of two fully connected

layers. In other word, the excitation operation encodes the channel
dependencies. Finally, a sigmoid activation layer transfers z to interval
[0, 1]. The extraction of the spatial information depends on the dy-
namic neonatal MRI input, which is helpful to improve the brain tissue
discrimination.

2.1.1.3. Multi-scale global information. Unlike the channel attention
mechanism [19], this study would enhance the multi-scale context
feature maps rather than the raw feature maps F to cater to neonatal
T1WI images. According to the pyramid scene parsing network
(PSPNet) [20], the pyramid pooling structure is used to generate
multi-scale feature maps. Specifically, this work defined 4 global
average pooling layers with different kernel sizes of 1×1, 2×2,
3× 3, and 4×4. The differences in the receptive field size of the multi-
level pooling control can make the feature map include multi-scale
changes between different regions [21]. We denote the feature map
through the multi-level pooling as P . Finally, we use the bilinear
interpolation to directly upsample the P to the F size. In addition to
properly representing medical images for localization, the pyramid
pooling structure can also reduce the impact of highlighted lesions on
segmentation. This is because that expanding the scale of pooling will
weaken the lesion information and enhance the neighborhood
information. The brain focus module combines F and P as multi-
scale global feature mapsM . Then, we would multiply the output of
the channel attention branch by M to obtain the multi-scale attention
feature map. The multi-scale attention feature map is the input of the
boundary repair module.

2.1.2. Boundary repairs for brain score maps
2.1.2.1. Semantic score map. The structure of the boundary repair
module is shown in Fig. 1. The per-pixel classification requires the
effective receptive field of feature map, large enough to cover the entire
object [22]. And the convolution with a large kernel can directly
increase the size of the receptive field. Therefore, we apply a large
separable convolution layer (LC) with 2 output channels [23,24] to

generate the final semantic score map based on the multi-scale
attention feature map.

This layer is the sum of 1× n+ n×1 and n×1+1× n con-
volution. It can instead of n× n convolution, which would reduce
parameters about n

4
times. The brain tissue is usually at the center of the

image. Global convolutional network (GCN) [24] has proved that the
large separable convolution layer could learn the relationship between
pixels within the segmentation object. We assume that it has boundary
sensitivity, which would be verified in this study.

2.1.2.2. Boundary repair. For the boundary pixels of the target, the
performance is mainly affected by the network locating capability [24].
We hypothesized that the edge of the target would be better fitted by
combining semantic features of each pixel and the neighborhoods. The
boundary repair (BR) block is composed of two 3× 3 convolution
layers and an relu activation layer in the middle. Results in the ablation
experiment section demonstrated the improvement by adding the BR
block.

2.1.3. Mask fusion module
The proposed framework combines two dimensional networks (as

shown in Fig. 1). Considering the consumption of GPU memory, the
proposed method uses multi-view 2D slices. And the discrete 2D pre-
diction probability map in three views is obtained by the boundary
repair module. However, it may reduce the segmentation accuracy
since the 2D network ignores the context of adjacent slices. In order to
further improve the precision of the 2D prediction, the output prob-
ability map is stacked into a 3D entirety, and sent to a 1× 1×1 3D
convolution layer (Fig. 1A).

2.1.4. Inference
The training of the proposed multi-view PSSNet is divided into two

phases. Firstly, probability maps for each 2D slice are predicted and
then stacked into a 3D volume. Secondly, the 3D volume is saved as an
input to the mask fusion module. The softmax cross entropy loss S is
used to train the final classifier. The overall loss function of the multi-
view PSSNet during training is:

= + +pss aux mkfL S S S (3)

where θ is the parameter of the multi-view PSSNet; pssS is the softmax
loss of the whole network; mkfS is the softmax loss of 3D mask fusion
module; auxS is the auxiliary loss. We set α= 0.2 to scale the gradient
according to the results in the ablation experiment, which would speed
up the network convergence.

2.2. Datasets

2.2.1. Neonates from the local hospital
The in-house dataset included 3D T1WI images of 70 neonates from

the local hospital. The median postnatal age at MRI was 1.29weeks
with range from 0.14 to 3.71 weeks. The median gestational age was
37.29 with range from 30.71 to 41.57 weeks. The median post-
menstrual age (gestational age+ postnatal age at MRI) was
38.64 weeks with range from 32.14 to 44.14 weeks. This study was
approved by the local institutional review board. Informed written
consents were obtained from parents of the neonates. The three-di-
mensional fast spoiled gradient-recalled echo T1WI was performed on a
3 T MRI scanner (Signa HDxt; GE Healthcare, USA) with an 8-channel
head coil. Repetition time= 10.468ms; Echo time=4.764ms;
Inversion time: 400ms; Field of view=240×240mm2; Acquisition
matrix= 240×240; Reconstruction matrix= 256×256; Slice thick-
ness= 1mm.

The masks of brains were manually drawn by radiologists as the
“ground truth”. In this work, we included the subarachnoid cere-
brospinal fluid, gray matter, white matter, ventricles and cerebellum.
We divided the data into two kinds, the neonates without abnormalities
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(NeoWA) dataset and the neonates with white matter lesions
(NeoWML) dataset. The lesions were identified as hyperintensity on
T1WI [25,26]. Among the NeoWML data, some neonates were accom-
panied by other lesions, such as the parenchymal and/or extracerebral
haemorrhage.

2.2.2. NeoBrainS12
The public dataset was the preterm infant brain segmentation

competition dataset, NeoBrainS12, including 7 subjects (2012 MICCAI:
http://neobrains12.isi.uu.nl/). The MRI images were obtained at the
term equivalent age (postmenstrual age=40weeks). The median ge-
stational age was 27.57 with range from 25.57 to 30.86weeks. The
median postnatal age at MRI was 12.43 weeks with range from 9.14 to
14.43 weeks. Considering that the postmenstrual age=40weeks,
contrasts of these T1WI images were the neonatal pattern.

2.2.3. Datasets grouping
2.2.3.1. Image quality evaluation. We calculated the signal-to-noise
ratio (SNR ) and tissue contrast (Contrast) to evaluate the image
quality of datasets. The SNR is defined as: =SNR

R

B
, where, R is

signal in the brain region of MRI; B is the signal in the background
region. Also, assuming that the averaged value of the pixel intensity in
the brain region is bL , and the averaged value of the pixel intensity in
the skull region is sL , the Contrast is defined as: =Contrast b

s
L

L
. As

shown in Fig. 2 and data in Table 1, datasets of NeoWA, NeoWML, and
NeoBrainS12 have different mean and standard deviation ofSNR and
image contrast. These differences are related to scanning protocols and/
or brain lesions. Variations of the image quality across different datasets
may bring challenges to the skull stripping. We will validate the
generalization capabilities of algorithms for different datasets.

2.2.3.2. Training and validation datasets. In total, this study used images
of 77 subjects (70 local and 7 public subjects) for model training and
validation. These samples were divided into two groups: training
samples (n=51) and validation samples (n=26). For the NeoWA
dataset, the training dataset included 24 subjects, while the validation
dataset included 10 neonates. In NeoWML dataset, the training dataset
included 25 neonates, while the validation dataset included 11
neonates. For the NeoBrainS12 dataset, 2 and 5 subjects were
considered as the training and validation data, respectively.

All the 7 methods were compared with the proposed multi-view
PSSNet on the same validation datasets.

2.3. Data processing and analysis

2.3.1. Preprocessing
To prevent overfitting of the model, this study used strategies of

data enhancement [22]. Firstly, random flip and crop were used to
convert the data [27]. Then, the same transformation was applied on
their masks. In addition, for NeoBrainS12, we found that one case of the
training set had an offset between the data and the mask. Thus, we
reposition the mask to the brain by using the alignment method [28]
prior to the model training. And for the local datasets, the image was
cropped to retain only the head area, so that the effects of noise and
artifacts on the training would be reduced.

2.3.2. Evaluation of the performance
In order to evaluate the performance of the proposed method, the

Dice ratio, sensitivity and specificity would be used:

= ×
+ × +

Dice TP
FP TP FN

2
2 (4)

=
+

Sensitivity TP
P FNT (5)

=
+

Specificity TN
TN FP (6)

where, TP is the true positive rate, FP is the false positive rate, TN is the
true negative rate, and FN is the false negative rate. The higher the Dice

Fig. 2. Instances of T1WI images for neonates with brain lesions and those without MRI abnormalities.

Table 1
Single-to-noise ratio (SNR) and tissue contrast (Contrast) of three datasets.

Dataset SNR Contrast

NeoWA (n=34) 20.31 (± 5.82) 0.84 (±0.17)
NeoWML (n=36) 15.01 (± 4.36) 0.88 (±0.89)
NeoBrainS12 (n= 7) 13.52 (± 10.37) 1.14 (±0.05)

Note: NeoWA: neonates without abnormalities; NeoWML: neonates with white
matter lesions; NeoBrainS12: 2012 MICCAI infant brain segmentation compe-
tition dataset.
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coefficient obtained in the segmentation result, the better the skull
stripping. Sensitivity describes how sensitive the algorithm is to brain
tissues. It shows that probability of brain tissues being correctly iden-
tified. Specificity describes another aspect, probability of non-brain
tissue being correctly identified. We averaged the FP, FN, and absolute
errors across subjects to generate mean maps of these metrics.

2.3.3. Implementation and the ablation experiment
2.3.3.1. Implementation. iBEAT, BET, 3dSkullStrip, and BSE are
publicly accessible software. And the source codes for 3D U-Net, U-
net, and Auto-Net are also available. Therefore, we implemented these
7 methods by using default parameters. The proposed and the other
deep learning methods were implemented by using the same
hyperparameters and training strategies. We used the default values
for parameters of the deep learning algorithm optimizer. The
initialization of network parameters was performed by using the
method of Xavier [29,30], where the magnitude=2. According to
the reference [20], the “poly” learning rate policy was used to
dynamically update the learning rate for model convergence, where
the learning rate= 0.001, momentum=0.9, weight decay=0.0001.
The mini-batch stochastic gradient descent [29] was used to optimize
the network. All experiments were implemented on a personal
computer of Intel core i7-7700k CPU and NVIDIA Geforce GTX 1080ti
GPU.

In order to determine effects of the multi-view PSSNet architecture
and parameters on the performance of the skull tripping, this study
conducted the ablation experiment. In this section, we would discuss
the block selection by the module analysis (including the selection of
the proportion α of the auxiliary loss), the kernel size selection in the
LC, and the kernel size selection in the 3D convolution layer.

2.3.3.2. Module analysis. The proposed method was based on the
PSPNet [20]. The baseline head was the dilated residual network
(ResNet) [31]. Three depths of 50, 101, and 152 were tested. Table 2
showed that the Dice ratio of PSSNet increased from 95.38% to 96.30%
when the depth of ResNet increased from 50 to 101. However, when the
depth increased to 152, the performance of the network decreased.
Therefore, we chose the ResNet101 with the highest Dice ratio as the
pre-trained model. In Table 3, the Dice ratio, sensitivity and specificity
of PSP ResNet101 were 95.86%, 95.73% and 97.76%, respectively.
Then, we added Sinfo, LC, and BR block, respectively. As shown in
Table 3 and Fig. 3, the LC is more beneficial to the pixel classification
for the object center, while the BR can improve the classification

accuracy of the boundary. Additionally, we found that the symmetric
surface distance decreased from 1.62 ± 0.36 to 1.20 ± 0.18 after
adding the LC and BR. Note that the complete multi-view PSSNet
architecture held the highest Dice ratio of 96.33% in this ablation
experiment. It achieved a better trade-off between sensitivity and
specificity. To determine the proportion α of auxiliary loss, Dice
ratios were calculated for different selections. Dice ratios for α of 0,
0.2, 0.4, 0.6, 0.8, 1.0 were 96.30% ± 0.67%, 96.33% ± 0.25%,
96.22% ± 0.31%, 96.32% ± 0.30%, 96.18% ± 0.57%, 96.22% ±
0.97%, respectively. Therefore,we set the α= 0.2 to scale the gradient.

2.3.3.3. Kernel size selection in the LC. Dice ratios for the kernel size of
3×3, 7×7, 11× 11, 15× 15, 19× 19, 23× 23, 27×27, and
31× 31 were 97.20% ± 0.76%, 85.81% ± 6.56%, 97.21% ±
0.85%, 87.40% ± 1.61%, 97.21% ± 0.73%, 97.00% ± 0.92%,
97.30% ± 0.30%, and 97.36% ± 0.57%, respectively. Therefore, the
kernel size of 31×31 held the highest Dice ratio and was selected in
this work.

2.3.3.4. Kernel size selection in the 3D convolution layer. The Dice ratios
for the kernel size of 1×1×1, 3× 3×3, 5×5×5, and 7× 7×7
were 96.33% ± 0.69%, 96.21% ± 0.55%, 96.20% ± 0.52%, and
96.27% ± 0.53%, respectively. Therefore, the kernel size of
1×1×1 held the highest Dice ratio and was selected in this work.

2.3.4. Statistical analysis
The Wilcoxon signed rank test in MATLAB (7.11, MathWorks,

Natick, Massachusetts, USA) was used to investigate differences in the
Dice ratio, sensitivity, and specificity between the proposed method and
other methods. P values< 0.05 were considered as the statistical sig-
nificance.

3. Results

3.1. Visual evaluation

Figs. 4, 5, and 6 showed the representative skull stripping results of
different methods on three datasets. All algorithms were compared on
the same slice of the same neonate.

3.1.1. NeoWA dataset
Results in Fig. 4 demonstrated that iBEAT, 2D U-net, and 3D U-Net

had slightly over-segmentation problems on neonates without ab-
normalities. There were partial masks covering non-brain tissue. The
under-segmentation phenomenon of BET was obvious. The masks only
covered part of the brain tissue. The results of BSE and 3dSkullStrip
were a complete coverage of the entire brain including the skull. Ac-
cording to the visual evaluation, results of the proposed method were
closest to the ground truth.

3.1.2. NeoWML Dataset
For the NeoWML dataset, the key is whether it can successfully

segment the areas with brain lesions. Size of white matter lesions varies

Table 2
Performances (Dice ratio, sensitivity, and specificity) of the pre-trained model
with different depths (%).

Method (depth) Dice Sensitivity Specificity

ResNet(50) 95.38 (± 0.66) 97.79 (±1.86) 95.92 (± 1.22)
ResNet(101) 96.30 (± 0.62) 97.20 (±2.10) 97.37 (± 0.97)
ResNet(152) 96.19 (± 0.76) 96.22 (±1.95) 97.83 (± 0.80)

Note: ResNet: residual network.

Table 3
Performances (Dice ratio, sensitivity, and specificity) of models with different structures in the ablation experiment (%).

Method Dice Sensitivity Specificity

PSP ResNet101 95.86 (± 0.46) 95.73 (± 2.14) 97.76 (±1.03)
PSP ResNet101+Sinfo 96.10 (± 0.65) 94.82 (± 2.46) 98.04 (±0.84)
PSP ResNet101+Sinfo + LC 96.30 (± 0.65) 95.81 (± 2.46) 98.23 (±0.84)
PSP ResNet101+Sinfo + BR 96.00 (± 0.68) 95.32 (± 2.61) 98.16 (±0.91)
PSP ResNet101+Sinfo + LC+BR 96.30 (± 0.67) 97.20 (± 2.28) 97.37 (±1.05)
Multi-view PSSNet 96.33 (± 0.69) 97.02 (± 2.18) 97.52 (±0.96)

Note: PSSNet: pyramid skull stripping network; PSP: pyramid scene parsing; ResNet: residual network; LC: convolution layer; BR: boundary repair.
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across regions and/or individuals. The larger the lesion, the greater the
impact on the accuracy of segmentation. Especially for the learning-
based methods, they automatically learn the texture, intensity and
other characteristics of images. The similarity in intensity between the
skull region and the lesion region could affect the segmentation accu-
racy. The proposed multi-view PSSNet performed better on NeoWML
data than other CNN methods (as shown in Fig. 5). The multi-view
PSSNet only had false positives at locations with subtle gaps in ground
truth. This suggests that the effective spatial aware representation is
important for the segmentation of regions with lesions. The deformable
model-based approach was robust to brain lesions. However, it was
difficult to achieve appropriate parameters for neonatal MRI, which led
to over-segmentation and/or under-segmentation.

3.1.3. NeoBrainS12 dataset
Consistent with results on local datasets, the proposed multi-view

PSSNet performed well on the NeoBrainS12 dataset. Note that the 3D U-
net also held similar results. However, jagged edges of the 3D U-net had
disadvantage of missing some brain tissues. Though the 2D U-net had
comparatively smooth edges, there were obvious false negative detec-
tions on the brain tissue. The edges of masks by iBEAT and BET were

wavy. This may be associated with the complexity of the cerebral sur-
face. The robustness of Auto-Net and BSE was poor. Two extremes
could be found on Fig. 6.

3.2. Quantitative analysis

Besides the visual evaluation, this study calculated the Dice ratio,
sensitivity, and specificity for different methods. The results in Fig. 7
and Table 4 revealed that the proposed method had good performance,
with the highest Dice ratios on all datasets (P < 0.05). The Dice ratio
for 3D U-Net was also prominent. In addition, the Dice ratios of 2D U-
net, iBEAT, and BET on the NeoWA dataset were higher than 90%.
However, Dice ratios of these three methods on NeoBrainS12 were
87.13%, 84.28%, and 87.03%, respectively. The performance of iBEAT
suggests that the combination of BET and BSE parameters by the meta-
method could improve the reliability of segmentation. But the accuracy

Fig. 3. Representative slices of the skull stripping in the ablation experiment.

Fig. 4. Representative slices of the skull stripping by using different methods on
neonates without abnormalities (NeoWA).

Fig. 5. Representative slices of the skull stripping by using different methods on
neonates with white matter lesions (NeoWML).
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of iBEAT is limited by the ability of the combined algorithms them-
selves. The Dice ratio of Auto-Net was obviously low, compared to other
methods. The performances of Auto-Net varied across slices, which led
to the low Dice ratio.

As shown in Fig. 7 and Table 4, the multi-view PSSNet, 2D and 3D
U-Net demonstrated relative good balance between sensitivity and
specificity. iBEAT, 3dSkullStrip, and BSE achieved high sensitivity at
the expense of specificity. Their segmentation mask could cover most of
the neonatal brain tissues, while it is likely to cause skull stripping
errors (as shown in Fig. 4). Obvious low specificity of BSE was revealed.
As a comparison, Auto-Net was specific but not sensitive. Similarly, the
specificity of BET was above 95% on all datasets, but sensitivity was

low. The specificity and sensitivity of U-net varied dependent on the
image quality.

The absolute error, FP, and FN were shown in Fig. 8, where absolute
error maps were the sum of FP and FN. It was normalized with the
range between 0 and 1. Higher brightness indicates more severe errors.
We displayed it from top to bottom based on the overall performance of
different methods. The multi-view PSSNet and 3D U-Net were top two
methods with few errors. It was difficult to suppress noise and artifacts
by 2D U-net. It could be seen in Fig. 8 that the 2D U-net held obvious
errors at the top and bottom of the head. Note that locations of errors on
all the maps were spatial symmetrical. This suggests that skull stripping
does not distinguish between the left and right hemispheres. And the
methods always fail at the similar structural position, except for the
Auto-Net.

3.3. Efficiency evaluation

The computation time was averaged across subjects for each method
(Table 5). Results demonstrated that the computation time of the pro-
posed method (8.59–9.30 s per subject) was acceptable during appli-
cations. It should be noted that the time for all methods was measured
on the computer with Intel core i7-7700K CPU and NVIDIA Geforce
GTX 1080ti GPU devices. The 2D U-net architecture was fast on all
datasets. In addition, the splitting time of 3D U-Net was related to the
amount of data. All algorithms that required the registration took a long
time. Both deformable and parametric models were efficient.

4. Discussion

This study proposed a clinically feasible skull stripping method
based on the pyramidal network for the neonatal T1WI. The main
contribution of this current work is to adapt the PSPNet to serve for the
skull striping on neonates. The adaptations of the conventional PSPNet
were as follows: (1) adding the spatial information of raw feature maps
by squeezing the channel information during the feature extraction; (2)
increasing the receptive field and adding the boundary repair block
instead of direct up-sampling; (3) obtaining the final mask through a
fusion module on multi-view 2D slices. Compared with conventional
methods, the proposed multi-view PSSNet achieved great overall per-
formances.

4.1. Model-based vs. deep learning-based methods

Conventional skull stripping methods are always designed for
adults, such as BSE [11], BET [9], and 3dSkullStrip [10]. They are not

Fig. 6. Representative slices of the skull stripping by using different methods on
the public dataset (NeoBrainS12).

Fig. 7. Dice ratio, sensitivity, and specificity of different methods on different datasets. The values of metrics were transformed by an exponential function with the
base of 100.
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satisfactory on the neonatal T1WI. This was revealed in the result
section of this work. The BSE mask produced excessive false positives,
and was not sensitive to noise. In fact, BET performs well on the adult
dataset [11]. However, it often faces problems of under-segmentation
and/or over-segmentation. In addition, the problem with 3dSkullStrip
is similar to BSE. Although the above methods are robust to brain le-
sions, results in this study suggest that they are not suitable for neonatal
datasets. Software iBEAT has been designed for infants. And it performs
well compared with other model-based methods. However, the process
procedure is complex since each image requires preprocessing and re-
gistration.

Compared with model-based methods [9–11], deep learning models
could automatically learn the data distribution and image features

[8,16]. In this study, performances of deep learning methods were re-
latively better than model-based approaches. This is consistent with the
previous findings on adults [8]. The key to the successful segmentation
by deep learning methods is to have an effective global information
representation strategy [32]. The 3D U-Net [16] performs well, which
suggests the importance of the inference combined with spatial in-
formation. There is an exception in the Auto-Net algorithm [17]. The
error of Auto-Net in Fig. 8 is very prominent. The cause may be that it
relies on the output mask in each epoch. During training, the segmen-
tation of the target slice in Auto-Net was guided by the golden standard
and the segmentation result from the upper slice. Therefore, the errors
were easily accumulated across slices, resulting in the instability of
segmentation.

4.2. Multi-view PSSNet vs. other deep learning-based methods

Global-level features are helpful to improve the skull stripping ac-
curacy. The proposed multi-view PSSNet extracted global-level features
through the pyramid pooling [21]. In this study, the 2D U-net, 3D U-
Net, and Auto-Net did not perform well on the skull stripping when the
dataset contained brain lesions. This may be due to the fact that the
context information of the lesion area is not effectively used in the

Table 4
Performances (Dice ratio, sensitivity, and specificity) of different skull stripping methods on three datasets (%). P values reveal the significances for the comparisons
between the proposed method with other methods.

Method Dice P value Sensitivity P value Specificity P value

Neonates without abnormalities
PSSNet 96.33 (± 0.69) NA 97.02 (± 2.18) NA 97.52 (± 0.96) NA
3D U-Net 95.19 (±0.75) 3.7× 10−5 95.83 (± 1.82) 5.1× 10−6 96.91 (± 1.29) 5.1× 10−6

iBEAT 93.02 (±1.87) 1.1× 10−5 96.66 (± 4.06) 5.4× 10−6 93.76 (± 2.94) 5.1× 10−6

2D U-net 92.25 (±1.56) 6.8× 10−5 95.98 (± 3.43) 5.1× 10−6 94.84 (± 1.48) 5.1× 10−6

BET 90.10 (±4.03) 1.7× 10−5 87.37 (± 8.46) 5.8× 10−6 96.40 (± 2.29) 5.2× 10−6

3dSkullStrip 86.70 (±2.54) 3.2× 10−5 97.54(±4.22) 7.6× 10−6 84.06 (± 6.82) 5.1× 10−6

BSE 83.45 (± 10.34) 1.7× 10−5 94.98 (± 7.29) 5.5× 10−6 77.95 (± 23.96) 5.1× 10−6

Auto-Net 57.57 (± 34.90) 1.6× 10−5 48.38 (±35.12) 3.3× 10−5 99.34 (± 0.83) 5.2× 10−6

Neonates with white matter lesions
PSSNet 97.33 (± 0.32) NA 96.79 (± 1.14) NA 99.13 (± 0.50) NA

3D U-Net 96.28 (±0.81) 5.0× 10−4 97.58 (± 0.93) 5.6× 10−6 97.84 (± 0.89) 5.2× 10−6

iBEAT 92.26 (±1.61) 3.0× 10−4 96.88 (± 1.74) 5.3× 10−6 94.32 (± 1.82) 5.3× 10−6

2D U-net 95.68 (±0.81) 1.5× 10−2 97.21 (± 0.91) 6.1× 10−6 97.47 (± 0.85) 5.1× 10−6

BET 89.53 (±3.51) 2.0× 10−5 85.64 (± 7.66) 5.3× 10−6 97.74 (± 2.65) 5.3× 10−6

3dSkullStrip 86.68 (±4.36) 4.0× 10−4 99.17 (± 0.75) 5.3× 10−6 86.95 (± 4.95) 5.2× 10−6

BSE 75.43 (±6.65) 1.8× 10−3 80.38 (± 9.27) 1.9× 10−5 85.68 (± 7.12) 5.2× 10−6

Auto-Net 96.12 (±1.69) 2.6× 10−5 94.83 (± 3.24) 5.8× 10−6 98.97 (± 0.50) 5.3× 10−6

Public dataset (NeoBrainS12)
PSSNet 95.44 (± 1.24) NA 93.19 (± 1.02) NA 99.68 (± 0.12) NA
3D U-Net 93.14 (±4.72) 1.9× 10−3 95.86 (± 1.55) 1.8× 10−2 98.57 (± 1.51) 1.6× 10−2

iBEAT 84.28 (±9.69) 1.6× 10−3 96.62 (± 1.82) 1.8× 10−2 94.83 (± 2.16) 1.6× 10−2

2D U-net 87.13 (±4.35) 3.6× 10−3 83.31 (± 2.64) 1.6× 10−2 98.79 (± 0.59) 1.6× 10−2

BET 87.03 (±9.88) 1.2× 10−3 97.61 (± 0.90) 1.6× 10−2 95.89 (± 2.98) 1.6× 10−2

3dSkullStrip 80.76 (±8.12) 2.9× 10−3 99.73 (± 0.38) 1.6× 10−2 92.35 (± 1.57) 1.6× 10−2

BSE 46.79 (± 12.01) 8.0× 10−4 99.00 (± 1.17) 1.6× 10−2 61.99 (± 6.09) 1.6× 10−2

Auto-Net 26.13 (± 36.95) 2.5× 10−3 17.78 (±25.15) 4.0× 10−2 99.96 (± 0.05) 1.9× 10−2

Note: NA: not available.
Bold indicates the largest Dice ratio.

Fig. 8. Absolute error, false positive rate, false negative rate maps of the skull
stripping for different methods.

Table 5
The averaged computation time per subject for different methods (seconds).

Method NeoWA NeoWML NeoBrainS12

PSSNet 9.30 8.59 8.65
3D U-Net 2.30 2.27 0.68
iBEAT 9.45 9.03 20.24
2D U-net 2.12 2.10 2.12
BET 0.99 0.98 3.69
3dSkullStrip 41.63 40.25 70.52
BSE 2.93 2.68 20.00
Auto-Net 136.40 158.47 329.56
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network. Different from the previous deep learning-based methods
[10,17,18], this study fused 2D probability maps to get the final 3D
segmentation. This network adaptively learned the slice-to-slice re-
lationships in three orthorhombic directions. Through this strategy, the
robustness of the algorithm to brain lesions was improved.

For deep learning-based methods, labels are essential for the model
training. Though more or less differences in labels existed across in-
dividuals, the multi-view PSSNet achieved lowest error among the deep
learning-based methods. The proposed method also complemented the
semantic information needed for the segmentation. The accuracy could
be maintained even when the sample size of the training data is small.
Moreover, 3D convolution requires more parameters. This is the reason
why it could not converge as fast as the PSSNet.

4.3. Efficiency considerations for applications

The important issue that should be considered during applications is
the computation time and the required computational resources. In the
conventional strategy of the skull stripping, registration is always re-
quired, which will take a long time. For deep learning-based methods,
the 3D model holds better ability to acquire information between layers
than the 2D model. The 3D strategy would achieve more higher accu-
racy than 2D strategy. However, the 3D version usually requires more
computing resources (especially the computer memory) and more
computation time [33]. Considering these factors, the proposed multi-
view PSSNet chose a 2.5D framework to address this issue. The 2D
model was used for the prediction firstly. Then the 3D model was used
for the final mask fusion. This greatly reduced the memory require-
ment. We used CPU to read data and GPU to process data in parallel to
optimize the procedure. Therefore, the efficiency of the algorithm was
improved. In summary, the efficiency of the proposed method is ac-
ceptable for applications.

4.4. Limitations

Though the proposed method demonstrated great performances,
there are still some limitations. Firstly, errors also existed in several
cases because of noises and/or artifacts on images, although some
noises had been filtered out by using a threshold method. Preprocessing
by using the advanced method to reduce noises and artifacts may solve
this problem [34]. Secondly, the training dataset only contained data of
two sites in this work. The diversity of samples is limited. The gen-
eralization of this method may be improved in the future work based on
multi-center studies. Thirdly, the accuracy of the image segmentation
network depends largely on the superiority of the CNN feature extrac-
tion. Further work is needed to investigate performances of different
backbone networks.

5. Conclusion

This study proposed and evaluated the multi-view PSSNet for the
skull stripping, which used a hybrid framework. The proposed method
was robust and efficient for the skull stripping on neonatal T1WI
images. It could serve as a feasible preprocessing step during structure
analyses of MRI on neonatal brains.
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