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A B S T R A C T

Accurate brain magnetic resonance imaging (MRI) tumor segmentation continues to be an active research topic
in medical image analysis since it provides doctors with meaningful and reliable quantitative information in
diagnosing and monitoring neurological diseases. Successful deep learning-based proposals have been designed,
and most of them are built upon image patches. In this paper, a novel end-to-end brain tumor segmentation
method is developed using an improved fully convolutional network by modifying the U-Net architecture. In our
network, an innovative structure referred to as an up skip connection is first proposed between the encoding path
and decoding path to enhance information flow. Moreover, an inception module is adopted in each block to help
our network learn richer representations, and an efficient cascade training strategy is introduced to segment
brain tumor subregions sequentially. In contrast to those patchwise methods, our model can automatically
generate segmentation maps slice by slice. We have validated our proposal by using imaging data from the
Multimodal Brain Tumor Image Segmentation Challenge (BRATS) 2015 and BRATS 2016. Experimental results
compared with U-Net suggest that our method is 2.6%, 3.9%, and 5.2% higher (by using the BRATS 2015
training dataset) as well as 2.8%, 3.7%, and 8.1% (by using the BRATS 2017 training dataset) higher in terms of
complete, core and enhancing tumor regions, respectively. Quantitative and visual evaluation of our method has
revealed the effectiveness of the proposed improvements and indicated that our end-to-end segmentation
method can achieve a performance that can compete with state-of-the-art brain tumor segmentation approaches.

1. Introduction

As the most prevalent primary brain tumors among adults, gliomas
emanate from glial cells of the brain or the spine and are pathologically
categorized into high-grade gliomas (HGGs) and low-grade gliomas
(LGGs) according to the well-known World Health Organization (WHO)
grading system [1,2]. Grade III and IV tumors are classified as HGGs
and are highly invasive and commonly lead to a worse prognosis, while
LGGs (comprised of grade I and II) tend to exhibit benign tendencies
with better prognoses [3]. In clinical practice, brain magnetic re-
sonance imaging (MRI) has been commonly used to diagnose gliomas
and for follow-up evaluations of the brain due to its sensitivity and
significant image contrast in soft tissues [4]. However, the multiplicity
and complexity of brain tumors under MRI often make tumor re-
cognition and segmentation difficult for radiologists and other clin-
icians [5]. Hence, automated segmentation of heterogeneous tumors is
of great importance in clinical medicine by freeing doctors from the
time-consuming and laborious manual delineation of tumors [4].
Moreover, excellent brain tumor segmentation algorithms with

quantitative measurements of tumor delineation will significantly
contribute to cancer diagnosis, treatment and prognosis.

In the past few decades, massive research efforts have been devoted
to exploring accurate segmentation approaches in silico to generate
reliable depictions of brain tumors, and many successful methods have
been proposed in this field [6–15]. These methods generally fall into
two categories, namely, generative models and discriminative models.
Generative models usually demand prior information generated from
probabilistic atlases for image registration [6–8], while image regis-
tration is not reliable for very large tumors. On the other hand, dis-
criminative models exploit various image features to segment target
tumors by categorizing each image voxel [9–15]. Discriminative models
usually adopt discriminative learning approaches, including support
vector machines (SVMs) and random forests. These discriminative
methods are usually costly and time consuming because they rely
heavily on various handcrafted image features generated by experts,
such as texture features [16] and local histograms [9].

Recently, deep learning has become the favored approach for var-
ious complicated tasks due to the considerable capacity of the models to
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automatically learning task-adaptive image features, which often out-
perform manually designed features [17]. Implementing deep learning
techniques in brain tumor segmentation has attracted increasing at-
tention. For instance, Dvorak and Menze [18] adopted three convolu-
tional neural networks (CNNs) to solve binary segmentation subtasks in
the multiclass brain tumor segmentation task. Pereira et al. [19] mod-
eled deep CNNs using 3×3 filters to achieve automatic brain tumor
segmentation. Havaei et al. [20] introduced a novel brain tumor seg-
mentation method with a two-pathway structure to capture multiscale
features and a cascaded architecture where the probability outputs of
prior CNNs are used as extra inputs to subsequent CNNs. Although these
deep learning-based methods efficiently adopt CNNs to attain pro-
mising performance, most of them are pointwise convolutions, which
model the segmentation task as numerous classification tasks for each
voxel by using local regions centered on the target voxel, namely, image
patches. The limitation of pointwise segmentation methods is that they
normally suffer from high computational cost and the segmentation
performance is sensitive to the size of image patches [21,22].

Instead of modeling a powerful classification network to categorize
numerous image patches, a more elegant architecture called fully
convolutional networks (FCNs) [23] was proposed to automatically
generate the label map for whole input images, which solved the lim-
itation of high computational cost and difficulty in determining the
patch size for pointwise methods. Based on this architecture, a sym-
metric fully convolutional network named U-Net was proposed by
Ronneberger et al. [21], which achieved convincing performance on
medical images and has been extensively adopted in various tasks.
Some researchers have employed U-Net in automated brain tumor
segmentation [24–26]. For example, Beers et al. [24] proposed a 3D
glioma segmentation method by adopting sequential U-Nets, and Dong
et al. [25] proposed a 2D fully automatic brain tumor segmentation
network built upon the U-Net architecture. However, on account of the
low memory capacity, U-Net presents limited capacity in effectively
learning the feature information of the images in complicated tasks
[27]. This limitation leads to a need for optimizing the network struc-
ture to enlarge the parameter space, which allows the network to learn
more representative features [28].

In this paper, a novel end-to-end brain tumor segmentation method
using an improved U-Net is developed for 2D brain MRI slices. We
modify and improve the U-Net architecture to strengthen model capa-
city for yielding more accurate segmentations; see Fig. 1. One important
extension in our architecture is that we improve the network con-
nectivity using an innovative structure referred to as an up skip con-
nection. Different from previous fully convolutional architectures, the
up skip connection further enhances information flow between the
encoding portion and decoding portion to ensure more low-level fea-
tures are used for optimizing the segmentation results. Moreover, the
inception module [29] is adopted in each block to increase the net-
work's capacity for learning richer representations. Based on our im-
proved fully convolutional network, a cascade of models is proposed to
sequentially segment brain tumor subregions, and an effective cascaded
training strategy is introduced to generate more precise segmentations
for small tumor regions. Above all, in both the training and testing
phases, we performed a simplified end-to-end brain tumor segmenta-
tion by using image slices. We evaluated the proposed method based on
publicly available MR images obtained from the Multimodal Brain
Tumor Image Segmentation Challenge (BRATS) datasets from 2015 to
2017. The experimental results have indicated the efficiency of the
proposed improvements and suggest that our approach could acquire
competitive performance as state-of-the-art brain tumor segmentation
methods.

2. Material and Methods

2.1. Datasets

The proposed method is primarily validated on the image database
from the Multimodal Brain Tumor Image Segmentation Challenge
(BRATS) of 2015 [30]. The BRATS 2015 dataset comprises data from
(1) BRATS 2012, (2) BRATS 2013, and (3) The Cancer Imaging Archive
(TCIA) of the NIH. There are 220 high-grade glioma (HGG) patients and
54 low-grade glioma (LGG) patients in the training dataset with pro-
fessional segmentations provided as ground truth. The testing dataset
consists of 110 unlabeled patients, which can be evaluated only via the
challenge website. Each patient had different MRI pulses (i.e., T1-
weighted (T1), T1 contrast-enhanced (T1c), T2-weighted (T2) and
FLAIR), each of which is composed of 155 brain slices, for a total of 620
images per patient. All MRI images were skull stripped and coregistered
to the identical anatomical template at 1mm isotropic resolution [30].
There are five labels for the imaging data in the BRATS 2015 dataset,
including necrosis (labeled as 1), edema (labeled as 2), nonenhancing
tumor (labeled as 3), enhancing tumor (labeled as 4) and everything
else (labeled as 0). According to practical clinical applications, the
evaluation of the multiclass brain tumor segmentation task is performed
for different tumor subregions:

1) Complete tumor.Contains all four intratumor regions (i.e., label 1,
label 2, label 3 and label 4).

2) Core tumor. Consists of three intratumor regions (i.e., label 1, label
3 and label 4).

3) Enhancing tumor. Includes an enhancing tumor (i.e., label 4)

The BRATS 2017 [30,31] training dataset, which contains 210
HGGs and 75 LGGs with manual segmentations, is also included to
examine the performance of our proposed method. In contrast to the
BRATS 2015 dataset, annotations of imaging data in BRATS 2017
comprise the GD-enhancing tumor (labeled as 4), the peritumoral
edema (labeled as 2), the necrotic and nonenhancing tumor (labeled 1)
and everything else (labeled as 0). Accordingly, the tumor subregions
are defined as (1) complete tumor (i.e., labels 1, 2, and 4) (2) core
tumor (i.e., 1, 4), and (3) enhancing tumor (i.e., 4).

In this study, each 2D brain slice is normalized to mitigate the large
intensity variance among MR images by using the z-score defined as
follows:

=
−

I
I μ I

σ I
( )

( )norm
(1)

where μ and σ represent the average value and the standard deviation
of image I , respectively.

2.2. Methods

In this study, the proposed end-to-end brain tumor segmentation
model is built upon the U-Net architecture, which represents one of the
most well-known fully convolutional network architectures for medical
image segmentation [28]. We extend and modify the U-Net structure by
introducing a new cross-layer architecture, namely, an up skip con-
nection, and incorporating inception modules (see Fig. 1). In the
training phase, we further propose a cascaded training strategy for se-
quentially segmenting complete, core and enhancing tumors (see
Fig. 2). The proposed method segments brain MR images slice by slice
using all four sequences (i.e., T1, T2, T1c and FLAIR).

2.2.1. Up skip connection
As depicted in Fig. 1(a), we enhance network connectivity through

an innovative up skip connection between the downsampling path and
the upsampling path to facilitate the model's capacity to learn multi-
level features for accurate brain tumor segmentation. On the one hand,
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Fig. 1. (a) The network structure of our proposed network. This figure shows an illustration of the encoding path (left: top to bottom) and the decoding path (right:
bottom to top). (b) Details of the weighted addition. (c) Details of the inception block. L and W represent the length and width of input images, respectively, where C
is the number of input feature maps and depth denotes the manually defined parameter.

Fig. 2. The proposed cascaded framework for brain tumor segmentation. The three models, from left to right, are proposed to hierarchically segment the complete
tumor, the core tumor and the enhancing tumor.
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the up skip connection provides a new pathway between the encoding
portion and the decoding portion during the forward propagation
process, which allows the upsampling layers to extract more low-level
features and thus helps recover spatial information lost during down-
sampling. On the other hand, the up skip connection improves the
gradient flow in the backward propagation process, offering additional
guidance for the learning of earlier layers and thus alleviating the dif-
ficulty of training the deep network. As shown in the figure, given the
total number of layers N, a skip connection is typically employed to
combine layer i and layer N-i + 1 following conventional U-Net ar-
chitectures, and our up skip connection further shares information be-
tween layer i and layer N-i + 2 accordingly. A weighted addition
structure is applied to automatically incorporate low-level feature maps
in upsampling layers (see Fig. 1(a)). To ensure that different feature
maps input into the weighted addition structure possess identical size,
the proposed up skip connection and the upsampling operation in the
decoding path both adopt 3×3 deconvolution layers with 2× 2
strides to acquire uniform-sized outputs, while the skip connection
utilizes a 1×1 convolution layer with a 1×1 stride to balance feature
size. The weighted addition structure is graphically presented in
Fig. 1(b) and can be formally expressed as:

= ⋅ + ⋅ + ⋅− −x α x β x γ xo skip up skip up sampling (2)

where xo is the output filter of the weighted addition structure and xskip,
−xup skip and −xup sampling represents the output feature maps of the skip

connection, the up skip connection and the corresponding upsampling
layer, respectively. Parameters α, β and γ are learned parameters,
which denote the corresponding constraint coefficients of xskip, −xup skip
and −xup sampling. The detailed implementation is given in Fig. s1.

2.2.2. Inception module
To improve the representation capacity of the segmentation net-

work and to optimize the segmentation performance, we modify the U-
Net architecture with an inception module, which has been experi-
mentally proven to enhance the capturing of more visual information
under constrained computational complexity [29]. As illustrated in
Fig. 1(c), the inception module implemented in our network is rede-
signed where a 7×7 convolution layer to enlarge the receptive field
and the max pooling layer is replaced by a short path to directly in-
corporate the input filters. The output filters generated from the 1×1,
3× 3 and 7×7 convolutional layers are concatenated with the input
feature map to achieve feature fusion. At the same time, to speed up the
convergence and further overcome the disadvantages of deep neural
networks that are difficult to train, we adopt BN (batch normalization)
operations to normalize the feature maps [32].

2.2.3. Cascaded training strategy
In this study, a cascade of binary segmentation networks was

trained for three subtasks in segmenting brain tumor subregions
(complete, core and enhancing tumor) sequentially. However, the se-
parated process of the three tumor regions often leads to less adequate
performance for core and enhancing tumor segmentation as the number
of pixels for core and enhancing tumor is fairly small, which may im-
pede the network to learn abundant feature representations. To par-
tially solve this problem and to further improve the segmentation
performance for the core and the enhancing tumor, we proposed an
efficient cascaded training strategy inspired by the success of knowl-
edge transfer in boosting performance [33]. By the use of the proposed
cascaded training strategy, the knowledge learned from the complete
segmentation task is transferred to the core segmentation task, and the
information learned from the core segmentation task is shared with the
enhancing segmentation task. As depicted in Fig. 2, the cascaded
training strategy progressively optimizes the segmentation results for
small tumor regions considering the inclusion relations of topologies
between complete, core and enhancing tumors. In detail, the well-
trained complete model is utilized as the pretrained model to initialize

the core model, and the enhancing model is fine-tuned based on the
well-trained core model.

2.3. Evaluation metrics

In this work, we evaluate the performance of the proposed method
for complete, core and enhancing tumor regions using three publicly
available metrics: the Dice score, the positive predictive value (PPV)
and the Sensitivity. Another widely adopted measure, the so-called
Jaccard score [34], is also calculated to assess the results of our pro-
posed method.

The Dice score measures the similarity of two segmented maps. It
ranges from 0 to 1, and a higher Dice value indicates a better match.
With regard to each tumor subregion, given the binary segmentation
map P ε (0,1) obtained from predictions of segmentation models and the
corresponding ground truth T ε (0,1), the Dice score is defined as fol-
lows:

=
∗ ∩

+

Dice P T P T
P T

( , ) 2 | |
(| | | |)

1 1

1 1 (3)

Where ∩P T| |1 1 calculates the amount of elements found in both sets
and P| |1 and T1 are the cardinalities of the two sets (i.e., the number
of pixels where =P 1 and =T 1, respectively).

The Sensitivity and the PPV are employed to evaluate the number of
positive segmentations. The PPV measures the number of false positives
and true positives, while the Sensitivity represents a useful measure to
evaluate the amount of true positives and false negatives. Accordingly,
they are defined as Eq. (4) and Eq. (5):

=
∩Sensitivity P T P T
T

( , ) | |
| |

1 1

1 (4)

=
∩PPV P T P T
P

( , ) | |
| |
1 1

1 (5)

The Jaccard score is one of the most popular evaluation measures in
medical image segmentation [35], which can be calculated as follows:

=
∩

∪

Jaccard P T P T
P T

( , ) | |
| |

1 1

1 1 (6)

3. Experiments and results

We validated our method based on the BRATS 2015 dataset by si-
multaneously using two GPUs and one CPU on a computing workstation
equipped with 4 NVIDIA 1080Ti GPUs and 2 Intel Xeon E5-2630 CPUs.
Our proposed network was implemented using the Keras framework
with a TensorFlow backend, and the detailed parameters are exhibited
in Table 1.

Table 1
Hyperparameters in our proposed network.

Stage Hyperparameter Value

Initializer of convolution layers Bias 0
Weight He_normal

Adam optimizer β1 0.9
β2 0.99
epsilon 10–8

Training learning rate 0.01
batch size 64
epoch 100
early stopping 20
loss function

−
∗ ∩

+

P T
P T

2 | 1 1 |
(| 1 | | 1 |)
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3.1. Experiments on training Data

3.1.1. Evaluating the effectiveness of the proposed improvements
Different experiments based on the BRATS 2015 training dataset

were carried out to investigate how our proposed improvements in-
fluence tumor segmentation results with respect to the inception
module, the up skip connection and the cascaded training strategy. In
this study, we randomly split 274 labeled cases into a training set,
validation set and testing set at a ratio of 6:2:2 [36]; that is, 165
samples were chosen as the training set, and 55 cases and 54 cases were
chosen for the validation set and the testing set, respectively (see
Table 2). We also compare different implementations of our proposed
network (the inception-based U-Net, inception-based U-Net + up skip
connection and inception-based U-Net + up skip connec-
tion + cascaded training strategy) with the U-Net, which is the most
relevant work in our approach and achieves state-of-the-art results for
brain tumor segmentation.

In this section, all models were evaluated on the testing set with 54
patients, and the quantitative results of our models along with the
baseline U-Net are illustrated in Table 3, in which the Dice, PPV and
Sensitivity metrics are presented as average values with standard de-
viations. These results are analyzed from different aspects:

(1) The baseline U-Net and ourinception-based U-Net. With respect to
most measurements, ourinception-based U-Net achieves superior
segmentation performance compared to the baseline U-Net for the
three tumor regions. In particular, the performance of our model in
terms of the Dice score is 1.3% (complete tumor), 0.8% (core
tumor) and 3.6% (enhancing tumor) higher than that of U-Net,
which indicates that the proposedinception module can help im-
prove segmentation performance.

(2) Theinception-based U-Net and theinception-based U-Net + up skip
connection. As we improve theinception-based U-Net with in-
novative up skip connection, the Dice value for the three tumors
increased by 0.3%, 1.6% and 1.5%, respectively. The PPV of
theinception-based U-Net with up skip connections also outper-
forms theinception-based U-Net. The comparison results suggest
that enhancing information flow through up skip connections is
efficient in generating more accurate segmentations.

(3) Theinception-based U-Net + up skip connection and theinception-
based U-Net + up skip connection + cascaded training strategy.
The cascaded training strategy is proposed to further optimize
segmentation performance for small tumor regions. The results
showing that both the Dice score and theSensitivity increased for
core and enhancing tumors as we implemented a cascade training
strategy demonstrate the efficiency of such a modification,

suggesting the potential of a cascaded training strategy in brain
tumor segmentation.

As an overall analysis, Fig. 3 displays the boxplot of the calculated
Dice score for all testing cases. The model tends to achieve better
overall segmentation performance for the three tumor regions as we
gradually implement the inception module, the up skip connection and
the cascaded training strategy in U-Net. In summary, weighed against
all Dice, PPV and Sensitivity metrics, the comparison results demon-
strate that the proposed improvements contribute to accurate brain
tumor segmentation.

The widely used Jaccard score is also used to assess and compare the
segmentation results for the three tumor regions of our model and U-
Net. Fig. 4 depicts bar plots of the average Jaccard score for the three
tumor regions based on 54 cases in the testing set. These segmentation
results further indicate that (1) both the up skip connection and the
inception module implemented to build an improved U-Net archi-
tecture contribute to generating accurate brain tumor segmentations
and that (2) the cascaded training strategy that learns from the trans-
ferred knowledge from the large tumor regions can help improve the
performance for core and enhancing tumor.

To exemplify the effect of the proposed up skip connection, seg-
mentation results of two representative cases are plotted in Fig. 5.
Segmentations generated from the inception-based U-Net, the incep-
tion-based U-Net with up skip connections and the ground truth are
illustrated in the FLAIR images. Both our models display satisfactory
conformity to the manual delineation performed by experts. However,
some confusing areas are erroneously identified as target tumors by the
inception-based U-Net. Implementing up skip connections mitigates
these problems and improves segmentation performance, which cor-
roborates the efficiency of the proposed up skip connection in our
network.

3.1.2. Evaluation of the proposed method
To investigate the impact of different network parameters, we

trained the proposed method (the inception-based U-Net + up skip
connection + cascaded training strategy) by using the BRATS 2015
training data with various batch sizes and learning rates. The segmen-
tation results for different batch sizes (i.e., 8, 16, 32, and 64; see
Table 4) suggest that the batch size of 64 helps our method achieve the
best segmentation performance with less time consumption. Analo-
gously, the proposed model with a learning rate= 0.01 presents su-
perior performance to that with a learning rate= 0.1 and a learning
rate= 0.001 according to the comparison results illustrated in Table 5.

We present the results of six representative testing slices in Fig. 6.
Segmentations generated by the proposed method and the ground truth
segmentations for complete, core and enhancing tumors are depicted in
FLAIR, T2 and T1c, respectively. When the segmentation results of our
model (green) are compared against the physician's manual segmen-
tation results (red), it is evident that our improved U-Net with cascaded
training strategy has the capacity to obtain accurate tumor segmenta-
tions from multimodal brain MR slices. The multiplicity and complexity
of brain tumors make segmentation unusually challenging, yet our
method still provides satisfactory segmentations, which demonstrates

Table 2
Experiment data partitioning.

Training set Validation set Testing set Total

HGG 132 44 44 220
LGG 33 11 10 54
Total 165 55 54 274

Table 3
The segmentation performance based on the Dice score, PPV and Sensitivity between our proposed methods and the baseline U-Net.

Method Dice score PPV Sensitivity

Complete Core Enhancing Complete Core Enhancing Complete Core Enhancing

U-Net (Baseline) 0.864(0.07) 0.694(0.24) 0.664(0.32) 0.828(0.08) 0.764(0.22) 0.711(0.31) 0.911(0.08) 0.688(0.27) 0.702(0.32)
Inception-based U-Net 0.887(0.06) 0.702(0.24) 0.700(0.32) 0.868(0.07) 0.756(0.20) 0.765(0.23) 0.912(0.08) 0.713(0.29) 0.754(0.33)
Inception-based U-Net + up skip connection 0.890(0.06) 0.718(0.23) 0.715(0.31) 0.892(0.07) 0.791(0.20) 0.806(0.23) 0.895(0.09) 0.714(0.27) 0.733(0.33)
Inception-based U-Net + up skip

connection + cascaded training strategy
0.890(0.06) 0.733(0.22) 0.726(0.31) 0.892(0.07) 0.785(0.19) 0.797(0.26) 0.895(0.09) 0.750(0.25) 0.743(0.32)
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the efficiency of the proposed end-to-end method.
The imaging data provided by the BRATS 2017 training dataset

were further implemented to evaluate the performance of the proposed
method. We randomly split the 285 labeled cases in the BRATS 2017
training dataset into a training set (171 cases), a validation set (57
cases) and a testing set (57 cases) with a ratio of 3:1:1 [36]. The
learning curves of the proposed method based on the BRATS 2015 and
2017 imaging data are provided in Fig. 7. The model that achieved the
best performance on the validation set was used to evaluate segmen-
tation performance on the testing dataset. Table s1 presents the learned
parameters in the weighted addition structure associated with the up
skip connection of well-trained models.

To further validate the efficiency of our method, we compared the
proposed method with different deep learning-based segmentation
networks, including SegNet [37], U-Net [21], PSPNet [38] and 3D U-
Net [39]. Fig. 8 shows the boxplots for the different methods with

various benchmarks based on the BRATS 2015 and 2017 datasets. It is
evident from the results that our method achieves the best segmenta-
tion performance with regard to various tumor subregions and mea-
surements. Table 6 gives the mean Dice scores with standard deviations
for the experiments in Fig. 8, in which the statistical significance of
differences was analyzed by using the Wilcoxon signed-rank test
[40,41]. In summary, the proposed method presents significant im-
provements compared with existing deep learning-based methods,
giving p-values smaller than 0.01. The detailed segmentation perfor-
mance for each case and their corresponding tumor size is provided in
Table s2 and Table s3.

3.2. Experiments on testing Data

In this section, we compare the proposed models (the inception-
based U-Net, inception-based U-Net + up skip connection and

Fig. 3. The boxplot of Dice scores based on the 54 patients in the testing set. For each tumor region, from left to right: U-Net, the inception-based U-Net, the
inception-based U-Net + up skip connection and inception-based U-Net + up skip connection + cascaded training strategy. The circle represents the mean values.

Fig. 4. Comparison of Jaccard scores based on 54 patients in the testing set. The mean value is displayed as an unfilled circle. For each tumor region, from left to
right: U-Net, inception-based U-Net, the inception-based U-Net + up skip connection and the inception-based U-Net + up skip connection + cascaded training
strategy.
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inception-based U-Net + up skip connection + cascaded training
strategy) with existing brain tumor segmentation methods presented by
Refs. [17,42] on the BRATS 2015 testing data. To make full use of all
274 training cases, we implement a 5-fold cross validation procedure
followed the method of Kamnitses et al. and calculate the segmentation
results through the BRATS online system. To better evaluate the model
efficiency, all the comparison results presented in Table 7 are generated
without postprocessing steps. As shown in Table 7, implementing the
up skip connections in the inception-based U-Net increases the Dice
scores by 0.6% (complete tumor), 1.7% (core tumor) and 0.9% (en-
hancing tumor), and further application of the cascaded training
strategy helps our model achieve the best Dice score performances of
84.5%, 69.8% and 60.0% for the three tumor regions. In addition to the
Dice score, the comparison results based on the PPV and Sensitivity also
show that the segmentation performance increases as we progressively
implement the up skip connection and the cascaded training strategy.
All these results are consistent with those in section 3.1 and further
suggest that our proposed modifications and improvements are effec-
tive in generating accurate brain tumor segmentations.

Quantitative results of state-of-the-art brain tumor segmentation

approaches are also exhibited in this table. It is evident that the pro-
posed method (the inception-based U-Net + up skip connec-
tion + cascaded training strategy) demonstrates superior performance
on most benchmarks compared with Zhao et al.’s method. Kamnitses
et al.’s method achieves remarkable segmentation performance with
Dice scores of 0.836 (complete tumor), 0.674 (core tumor) and 0.629
(enhancing tumor), which shows advantages for enhancing tumors,
while our method performs better in complete and core tumors.
Weighted against all evaluation metrics, the proposed method outper-
forms Kamnitses et al.’s method. In particular, Kamnitses et al.’s method
is pointwise, while our method can automatically yield segmentation
maps slice by slice. In summary, the proposed end-to-end brain tumor
segmentation method using improved fully convolutional networks can
achieve a performance that can compete with existing brain tumor
segmentation methods.

4. Discussion

As an important component of diagnosing tumors, treatment plan-
ning and subsequent evaluations, accurate segmentation of gliomas
have attracted enormous attention from medical doctors and re-
searchers. Since manual depiction of tumor regions is laborious and
time consuming, it is important to develop efficient computational
methods for automatic brain tumor segmentation. Nevertheless, most
existing deep learning methods proposed for brain tumor segmentation
are voxelwise, which demands a high computational cost, and the
segmentation performance is normally sensitive to the patch size
[18–20]. Since fully convolutional networks have been proposed to
overcome this problem by automatically generating segmentations for
whole input images, incorporating this framework in brain tumor seg-
mentation may solve the aforementioned limitations efficiently. Al-
though efforts have been made to implement such a network archi-
tecture, especially U-Net, the segmentation performance remains to be
improved due to low memory capacity [27]. Therefore, in this study,
we propose a novel end-to-end brain tumor segmentation method built
upon an improved U-Net for 2D brain MRI slices. Experiments were
performed on the BRATS 2015 and 2017 datasets. The proposed

Fig. 5. Segmentation comparison between the inception-based U-Net (without up skip connection) and inception-based U-Net with up skip connection for two
different cases: a) FLAIR slice, b) manual segmentation, where the blue region indicates an enhancing tumor, the red region indicates edema and the green region
indicates necrosis and a nonenhancing tumor, c) segmentation generated through the inception-based U-Net, d) segmentation using the inception-based U-Net + up
skip connection.

Table 4
Experimental results for different batch sizes.

Batch size 8 16 32 64

Dice score Complete 0.869(0.08) 0.876(0.06) 0.878(0.06) 0.890(0.06)
Core 0.721(0.23) 0.717(0.21) 0.725(0.22) 0.733(0.22)
Enhancing 0.698(0.31) 0.709(0.31) 0.720(0.30) 0.726(0.31)

Time (s/epoch) 970 850 770 740

Table 5
Experimental results for different learning rates.

Learning rate 0.1 0.01 0.001

Dice score Complete 0.875(0.07) 0.890(0.06) 0.890(0.06)
Core 0.677(0.27) 0.733(0.22) 0.730(0.22)
Enhancing 0.682(0.34) 0.726(0.31) 0.707(0.30)
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method presents more accurate segmentation performance than most
previous methods.

One important contribution of our work is that we improve the
network connectivity using an innovative structure referred to as an up
skip connection, which enhances the information flow between the
encoding portion and the decoding portion with an associated weighted
addition structure. We evaluated the segmentation performance of such
architecture based on the BRATS 2015 dataset (see Table 3, Table 7,
Figs. 3, Fig. 4, Fig. 5). Quantitative and visual results have demon-
strated that the up skip connection could help the network extract more
low-level features, optimizing brain tumor segmentation performance.
Moreover, the inception module [29] is adopted in each block to in-
crease the network's capacity for learning richer representations. Ex-
perimental results (see Table 3, Figs. 3, Fig. 4) also indicate that our
proposed inception-based U-Net could improve the segmentation per-
formance in contrast to the baseline U-Net. The last contribution of this
work is the cascaded training strategy, which effectively makes use of
transferred knowledge among the three tumor regions to optimize the

segmentation performance of core and enhancing tumors. Accordingly,
the comparison results (see Table 3, Table 7, Figs. 3, Fig. 4) indicate the
potential of utilizing the cascaded training strategy to enhance the
segmentation performance for small tumor regions.

The proposed method, which implements all of these effective
modifications and improvements, is further evaluated based on both the
BRATS 2015 and 2017 datasets. First, the proposed method was vali-
dated with various batch sizes and learning rates to investigate the
impact of different parameters (see Table 4, Table 5). The comparison
results indicate that (1) a larger batch size leads to better segmentation
performance and (2) the model with a learning rate= 0.01 achieves the
best performance for our model. Second, the learning curves of the
proposed method based on the BRATS 2015 and 2017 imaging data are
provided in Fig. 7 to show the convergence progress. The learned
parameters of the weighted addition structure in well-trained models
are also depicted in Table s1, reflecting the self-learning parameter
optimization results for different blocks in the decoding portion. Third,
we compared the proposed method with different deep learning-based

Fig. 6. Example of consensus expert annotation (red) and automatic segmentation of our method (green) applied to the testing set. Two cases are shown in each row.
From left to right: segmentation of complete tumor (shown in FLAIR), core tumor (shown in T2) and enhancing tumor (shown in T1c).

Fig. 7. The learning curves for our method based on the BRATS 2015 and the BRATS 2017 training datasets. (a) Complete tumor.

H. Li, et al. Computers in Biology and Medicine 108 (2019) 150–160

157



segmentation networks, including SegNet [37], U-Net [21], PSPNet
[38] and 3D U-Net [39] (see Table 6 and Fig. 8). The statistical test
results further indicate that the proposed method presents significant
improvements compared with existing deep learning-based methods.
Finally, our method is evaluated by using the online system for the
BRATS 2015 testing dataset (see Table 7). The proposed method

achieves 0.845 (complete tumor), 0.698 (core tumor) and 0.600 (en-
hancing tumor) based on Dice scores, suggesting that our method can
achieve a performance that can compete with existing brain tumor
segmentation methods.

Despite the success of our approach, there also exist some limita-
tions in our method. First, the postprocessing steps [17,19,20,42], such
as conditional random fields (CRF), have been proven to be efficient in
optimizing the segmenting results based on spatial consistency [42].
Therefore, an improvement of in segmentation performance of the
proposed end-to-end method by utilizing efficient postprocessing steps
is a topic of future research. Second, the proposed method with whole
brain slices suffers from a data imbalance because the number of pixels
for enhancing tumors is relatively small, which may worsen the seg-
mentation performance of the trained network [42]. However, point-
wise segmentation methods are commonly trained on equally sampled
image patches from each class, which may lead to a higher performance
for enhancing tumors [17]. Third, to effectively incorporate domain
information in the axial, coronal and sagittal views, building a 3D fully
convolutional network may further enhance the model capacity's to
generate more precise segmentations. Finally, with more creative and
effective architectures, such as capsule networks [43] and nonlocal
neural networks [44], which have been proposed and have been proven
to be efficient in general image analysis tasks, a more robust brain
tumor segmentation model could be constructed by incorporating these
structures in future work.

Fig. 8. The boxplot of PSPNet (shown as 1), 3D U-Net (shown as 2), SegNet (shown as 3), U-Net (shown as 4) and the proposed method (shown as 5) based on the
BRATS 2015 and the BRATS 2017 training datasets with Dice score, PPV and Sensitivity benchmarks. From top to bottom: segmentation performance for complete
tumors, core tumors and enhancing tumors. The asterisk represents the mean value.

Table 6
The segmentation performance based on the Dice score between our method
and previous methods using the BRATS 2015 and BRATS 2017 training data-
sets.

Dataset Method Dice score

Complete Core Enhancing

BRATS
2015

SegNet 0.856(0.08)a 0.670(0.22)a 0.612(0.31)a

U-Net 0.864(0.07)a 0.694(0.24)a 0.664(0.32)a

3D U-Net 0.856(0.11)a 0.618(0.29)a 0.655(0.31)a

PSPNet 0.820(0.07)a 0.639(0.24)a 0.575(0.27)a

Our method 0.890(0.06) 0.733(0.22) 0.726(0.31)
BRATS

2017
SegNet 0.833(0.12)a 0.703(0.15)a 0.496(0.28)a

U-Net 0.848(0.11)a 0.726(0.18)a 0.549(0.30)a

3D U-Net 0.835(0.10)a 0.655(0.18)a 0.551(0.31)a

PSPNet 0.809(0.11)a 0.701(0.15)a 0.554(0.26)a

Our method 0.876(0.09) 0.763(0.13) 0.642(0.28)

a Dice scores that are significantly different from our method (from the
paired Wilcoxon signed-rank test with p < 0.01 significance level).

Table 7
Average performance of our system on the 110 test cases of BRATS 2015, as computed on the online evaluation platform.

Method Dice score PPV Sensitivity

Complete Core Enhancing Complete Core Enhancing Complete Core Enhancing

Zhao et al. (2017) 0.80(−) 0.66(−) 0.57(−) 0.81(−) 0.79(−) 0.50(−) 0.83(−) 0.64(−) 0.72(−)
Kamnitsas et al. (2016) 0.836(−) 0.674(−) 0.629(−) 0.823(−) 0.846(−) 0.64(−) 0.885(−) 0.616(−) 0.656(−)
Inception-based U-Net 0.838(0.15) 0.676(0.23) 0.586(0.32) 0.838(0.17) 0.784(0.23) 0.611(0.29) 0.873(0.18) 0.667(0.24) 0.637(0.33)
Inception-based U-Net + up skip connection 0.844(0.14) 0.693(0.22) 0.595(0.32) 0.835(0.16) 0.767(0.22) 0.596(0.29) 0.884(0.17) 0.700(0.22) 0.661(0.32)
Inception-based U-Net + up skip

connection + cascaded training strategy
0.845(0.14) 0.698(0.21) 0.600(0.32) 0.837(0.17) 0.791(0.22) 0.608(0.29) 0.885(17) 0.690(0.19) 0.659(0.32)
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5. Conclusion

In this paper, we propose a novel end-to-end brain tumor segmen-
tation method built upon an improved fully convolutional network by
modifying the U-Net architecture. First, an innovative structure named
the up skip connection is first proposed between the encoding portion
and the decoding portion to enhance information flow. Then, an in-
ception module is adopted in each block to help our network learn ri-
cher representations. In addition, an efficient cascaded training strategy
is introduced to segment the brain tumor subregions sequentially.
Different from existing patchwise methods, our model can auto-
matically generate segmentation maps slice by slice, simplifying the
experimental procedure. The proposed method was evaluated on the
BRATS 2015 and the BRATS 2017 datasets. Quantitative evaluation of
our method has revealed that our end-to-end segmentation method can
achieve performance that can complete with state-of-the-art brain
tumor segmentation approaches, suggesting the potential of the pro-
posed improvements in brain tumor segmentation.
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