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Automatic and accurate segmentation of brain tumors plays an important role in the diagnosis and treatment of brain tumors. In
order to improve the accuracy of brain tumor segmentation, an improved multimodal MRI brain tumor segmentation algorithm
based on U-net is proposed in this paper. In the original U-net, the contracting path uses the pooling layer to reduce the resolution
of the feature image and increase the receptive field. In the expanding path, the up sampling is used to restore the size of the feature
image. In this process, some details of the image will be lost, leading to low segmentation accuracy. )is paper proposes an
improved convolutional neural network namedAIU-net (Atrous-Inception U-net). In the encoder of U-net, A-inception (Atrous-
inception) module is introduced to replace the original convolution block.)e A-inception module is an inception structure with
atrous convolution, which increases the depth and width of the network and can expand the receptive field without adding
additional parameters. In order to capture the multiscale features, the atrous spatial pyramid pooling module (ASPP) is in-
troduced.)e experimental results on the BraTS (the multimodal brain tumor segmentation challenge) dataset show that the dice
score obtained by this method is 0.93 for the enhancing tumor region, 0.86 for the whole tumor region, and 0.92 for the tumor core
region, and the segmentation accuracy is improved.

1. Introduction

Glioma is the most common brain tumor, and it is also the
brain tumor with the highest mortality and morbidity.
Accurate segmentation of gliomas is of great significance for
the diagnosis and treatment of gliomas. Magnetic resonance
imaging (MRI) is an important technical means to assist
doctors in the diagnosis and treatment of brain tumors [1].
Various sequences of MRI can provide different brain tumor
tissue structures, and it is usually combined with multimodal
MRI of brain tumor to segment brain tumors. Because of the
complexity of brain tumor structure, the fuzziness of tumor
boundary, and the difference of different individuals, the
accurate segmentation of brain tumor is a complicated and
difficult task [2]. )e traditional manual segmentation needs
a lot of time for doctors to complete, and the segmentation
accuracy is relatively rough. In recent years, the automatic

segmentation method based on deep learning has achieved
good results in medical image segmentation [3].

)e deep learningmethod based on convolutional neural
network performs well in computer vision tasks such as
image classification, segmentation, and object detection.
Convolutional neural network can automatically learn the
complex features of data in the training process without
relying on manual extraction of features, which can further
improve the segmentation accuracy of brain tumors [4, 5].
Long et al. [6] proposed the full convolutional neural net-
work (FCN), which transformed the full connection layer of
the convolutional neural network into the convolutional
layer and used up sampling to restore the output feature map
to the same size as the input image, so as to achieve end-to-
end semantic segmentation of the image. Ronneberger et al.
[7] proposed U-net for biological cell segmentation; U-net is
composed of contracting path and expanding path.
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Contracting path includes convolution block for feature
extraction and max-pooling for down sampling. Expanding
path is composed of convolution block and up-sampling
module. Features with the same resolution are fused by skip
connection between contracting path and expanding path.
U-net has a simple structure and can obtain better seg-
mentation results in the case of small sample size of medical
images. However, the application of U-net in brain tumor
image segmentation still needs to be improved [8]. On the
one hand, the contracting path of U-net uses the pooling
layer to reduce the feature map to expand the receptive field.
Continuous pooling operation may cause the loss of image
details and affect the segmentation result. On the other hand,
it is the difference of the size, shape, and location of brain
tumor, and how to obtain more detailed features of seg-
mentation target and how to obtain multiscale features are
the important problems [9]. In order to solve the problem of
gradient disappearance and network degradation with the
increase of network depth, the residual network (ResNet)
[10] is proposed. By adding identity mapping between the
input and output of several convolutional layers, the net-
work is easier to converge and prevent network degradation
[11].

In order to obtain multiscale features, Chen et al. [12]
proposed the DeepLab model. In this model, the last pooling
layers were removed, and atrous convolutions were used to
expand the receptive field. )e atrous spatial pyramid
pooling (ASPP) samples the given input in parallel with the
atrous convolution of different dilation rates and then splices
the results together. ASPP has a better effect on the ex-
traction of multiscale features. Szegedy et al. [13] proposed
inception network. Inception module can increase the width
of the network. GoogLeNet, which is composed of inception
module, obtained the best classification and detection per-
formance in ILSVRC 2014 competition. )is paper proposes
to use atrous convolution to expand the receptive field and
reduce the use of pooling layer, so as to reduce the loss of
image details. Atrous convolution is to insert holes into the
standard convolution kernel to expand the receptive field of
feature extraction without additional parameters [14]. In this
paper, atrous convolution and inception are combined to
form a new structure named A-Inception module, and a new
network architecture based on U-net is proposed. )e en-
coder of this network adopts A-inceptionmodule to increase
the depth and width of the network and obtain the different
sizes of receptive field. At the same time, the atrous spatial
pyramid pooling is added into the network to extract the
multiscale features of the image.

2. Related Work

In recent years, methods based on convolutional neural
networks have provided good performance in the field of
computer vision. Compared with traditional methods, al-
gorithms based on convolutional neural network can au-
tomatically learn the complex features of the original data
without relying on manual extraction of features, which
further improves the accuracy of image segmentation [15].

)e framework of encoder-decoder is a common
structure in image segmentation. In the encoding process,
the pixels of the image are mapped to a high-dimensional
distribution, and the decoding process is to gradually restore
the details and spatial dimensions of the image. )erefore,
the encoder-decoder structure can achieve the end-to-end
semantic segmentation of the image [16]. SegNet [17] is a
typical encoder-decoder network framework in image seg-
mentation. )e encoder network in SegNet has the same
topology as the convolution layer in VGG16, but removes
the fully connected layers. )e network uses max-pooling to
reduce the dimension of feature maps, and the decoder uses
max-pooling indices received from the corresponding en-
coder to perform nonlinear up sampling of their input
feature maps. U-net is also encoder-decoder structure and
has been widely used in medical image segmentation. It adds
skip connections between the encoder and the decoder,
which are used to fuse the feature maps with the same
resolution between the encoder and the decoder. Shaikh
et al. [18] introduced dense connection and replaced the
basic convolution module in U-net with dense connection
module, which further improved the segmentation perfor-
mance of the network. Oktay et al. [19] introduced the
attention gates into the standard U-net architecture that
automatically learns to focus on target structures of varying
shapes and sizes. In the training process, the attention weight
gradually tended to the target region, while the attention
weight of the background region gradually decreased so that
the segmentation accuracy was improved.

In the semantic segmentation of images, convolutional
neural network uses pooling to realize down sampling,
which reduces the image size and increases the receptive
field and then uses up sampling to restore the original
image size. In this process, some detail features of the
image will be lost [20]. Atrous convolution can increase
the receptive field without losing the image resolution,
thus improving the accuracy of image semantic segmen-
tation. Zhao et al. [21] proposed pyramid scene parsing
network (PSPNET), which aggregates the context of dif-
ferent regions through pyramid pooling module and
improves the ability of the network to obtain global in-
formation. In order to segment multiscale objects,
DeepLabv3 [22] proposes to connect several atrous con-
volutions with different dilation rates in series and parallel,
which can obtain larger receptive fields in cascade mode,
and different receptive fields in the parallel mode for the
same input, which can extract multiscale features better.
DenseASPP [23] integrates atrous convolutions with dif-
ferent dilation rates through dense connection. Without
the use of pooling operation, the receptive field of output
neurons is expanded so that the output features cover a
large range of semantic information and acquire multiscale
features. DeepLabv3+ [24] is an extension of DeepLabv3,
adding a simple decoder module to recover the object
boundary details. )e ASPP is an improvement on the
basis of spatial pyramid pooling. For multiscale object
segmentation, parallel pooling modules are designed to
obtain multiscale features.
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3. Methods

3.1. Atrous Convolution. When convolutional neural net-
work is used for end-to-end semantic segmentation of
images, down sampling will reduce the resolution of the
feature maps, which can reduce the amount of computation
and expand the receptive field. After that, the feature maps
can be restored to the original image size through up
sampling. In this process, some details related to the
boundary of the segmentation object will be lost, resulting in
the image segmentation results which are not accurate
enough. Atrous convolution can control the resolution of
features and adjust the size of receptive field to capture
multiscale information. In fact, atrous convolution is to
inject holes into the standard convolution kernel, and the
dilation rate is used to define the interval of convolution
kernel insertion [25]. )e atrous convolution with the di-
lation rate of 1 is the same as the standard convolution.
Figure 1 shows the atrous convolution with dilation rates of
1, 2, and 3, respectively. Compared with the ordinary
convolution with convolution kernel of 3× 3, the receptive
field of atrous convolution is larger.

Increasing the depth and width of the network to im-
prove network performance will bring a large number of
parameters, which can easily lead to overfitting and increase
the amount of calculation.)e fundamental method to solve
this problem is to keep the sparsity of neural network
structure, but the computational efficiency of computer for
nonuniform sparse data is very low. A large number of
literatures show that the sparse matrix can be clustered into
relatively dense submatrix to improve the computational
performance. )e main purpose of the inception structure is
to use dense components to approximate the optimal local
sparse structure. In this paper, a new module A-Inception is
proposed. In this module, there are three branches in
parallel, each branch uses different convolution kernel, in-
stead of directly connecting convolution kernel in series,
thus increasing the width of the network. In this module,
atrous convolution is used to replace ordinary convolution.
Different branches have different receptive fields. )e
convolution of different receptive fields is connected in
parallel. Because the size of brain tumors is greatly different,
receptive fields of different scales can reduce the fluctuation
caused by the disturbance of brain tumor size, improve the
robustness of neural networks, and obtain more detailed
features at the same time. )e BN layer is added after each
convolution layer to avoid the gradient vanishing [26]. At
the same time, inspired by the Inception-ResNet [27]
module, the residual connection is added between the input
and the output, which makes the network easier to learn and
faster to converge. )e specific model structure is shown in
Figure 2.

3.2. ASPP. In Deeplabv2, atrous spatial pyramid pooling is
proposed, which uses atrous convolutions with different
dilation rates in parallel to obtain multiscale features of
images. In DeepLabv3, the BN layer is added to the atrous
spatial pyramid pooling, and global pooling is paralleled.

Atrous convolutions with different dilation rates have dif-
ferent receptive fields for the same input, and these results
can be stitched together to better capture the multiscale
features of the image. In order to reduce the number of
channels after splicing, the 1× 1 convolution layer is con-
nected. In [22], when the output-stride = 16 (output-stride is
the ratio of input image spatial resolution to final output
resolution), three 3× 3 convolutions with rates = 6, 12, 18 are
adopted in ASPP, while when the output stride = 8, the rates
should be doubled. In this paper, three times downsampling
is used in the encoder part, so the output stride is 8. )e
experiment proves that the segmentation effect is better
when the atrous convolutions of 3× 3 with rates = 12, 18, 24
are used. )e ASPP module adopted in this paper is shown
in Figure 3. In addition to three atrous convolutions with
different rates, there is also a 1× 1 convolution and a pooling
layer in parallel.

3.3. Network Structure. In this paper, an improved brain
tumor segmentation algorithm based on U-net is proposed.
)e encoder obtains the higher-level semantic information
of the image, and the decoder gradually recovers the spatial
information of the image. )e encoder uses five A-inception
modules. )e first three A-inception modules use the atrous
convolution with the dilation rate of 1, which is the standard
3× 3 convolution, and then use the down-sampling module
to reduce the feature resolution. )e down-sampling
modules use the max-pooling and the 3× 3 convolution with
the stride of 2 for down sampling the input, respectively, and
then parallel the results of the two. In order to reduce the use
of the pooling layer and prevent more loss of image details,
the last two A-inception modules in the encoder use atrous
convolution with larger dilation rates. )e rate1, rate2, and
rate3 are 2, 2, 4 and 4, 4, 8 in A-inception block 4 and
A-inception block 5, respectively. It can not only expand the
receptive field but also connect different receptive fields in
parallel, which can better capture multiscale features and
obtain more image details [28]. )e ASPP module is used
between the encoder and decoder. )e decoder uses three
residual blocks and bilinear interpolation up sampling to
restore the feature maps to the same size as the input image.
At the same time, the feature maps of the same resolution in
the encoder and decoder are combined, and low-level fea-
tures are introduced to increase the segmentation accuracy
of spatial information features. )e specific network
structure is shown in Figure 4:

)e optimization algorithm adopted in this paper is
adaptive moment estimation (Adam) [29], which has the
advantages of simple implementation, low memory re-
quirement, and high computational efficiency. )e loss
function used in this paper is a linear combination of cross-
entropy loss function and Dice loss function. )e Dice loss
function is suitable for the situation where the positive and
negative samples are not balanced, and it focuses more on
the prospects. However, if there are many small targets in the
training data during the experiment, the loss curve is likely
to oscillate. )erefore, this paper adopts the loss function of
the Dice loss function combined with the cross-entropy loss
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function, which can alleviate the problem of sample im-
balance and obtain a smoother loss curve. )e loss function
is defined as follows:

LossCE � − 
N

i

gilog pi( ,

LossDice � 1 −
2 × 

N
i pigi


N
i pi + 

N
i gi

,

Loss � 0.5LossCE + LossDice.

(1)

)e set N of all samples is calculated, where gi is the
thermal code (0 or 1) of the ith sample tag and pi is the
prediction probability of the ith sample tag.

3.4.Data Processing. )e experimental data used in this paper
are brain tumor challenge datasets BraTS2018 and BraTS2019.
BraTS2018 dataset includes 210 HGG patients and 75 LGG
patients, each of which includes T1 (T1 weighted), T2 (T2
weighted), T1c (contrast enhanced T1 weighted), and flair
(fluid attenuated inversion recovery) four MRI sequences and
ground truth labels [30]. )ese data were used as a training set
for the experiment. BraTS2019 dataset added 49 HGG patients
and 1 LGG patient on the basis of BraTS2018 dataset, and these
data were used as the testing set of the experiment. )e size of
each modal MR image is 240× 240×155. )e ground truth
labels are the result of tumor manually labeled by 1 to 4 experts
according to the same annotation protocol, including normal
tissue (label 0), necrotic and nonenhancing tumor (label 1),
edema (label 2), and enhancing tumor (label 4) [31].

In the data preprocessing method, firstly, the data are
standardized, that is, subtracting the mean value and di-
viding by the standard deviation. )en, the redundant
background in the original data is cropped to alleviate the
problem of data imbalance [32]. )en, the three-dimen-
sional images were sliced to obtain two-dimensional images,
and the slices without lesions in the training set were dis-
carded to alleviate the category imbalance. )e slices of four
MRI scan modalities are combined into four channel
samples for training and testing data.

4. Results and Discussion

)e experimental environment is Intel Xeon Silver 4116
CPU@2.10GHz, GPU NVIDIA GeForce RTX2080Ti. After
preprocessing the experimental data, a two-dimensional
image sample with the size of 160×160 is obtained. 80% of
the training set is used for model training, and 20% is used as
the validation set to adjust parameters to monitor whether
the model is overfitting. )e testing set is used to verify the
segmentation effect.

4.1. Evaluation Metrics. In order to quantitatively evaluate
the segmentation performance of the proposed algorithm,
the evaluation metrics used in this paper include the Dice
similarity coefficient (DSC), intersection over union (IOU),
and positive predictive value (PPV). )ese indicators were
used to evaluate the experimental results [33]. )e Dice
similarity coefficient represents the similarity between the
experimental segmentation results and the ground truth
labels. DSC, PPV, and IOU are commonly used in image
segmentation. )e definitions are as follows:

DSC �
2TP

FP + 2TP + FN
,

PPV �
TP

TP + FP
,

IOU �
TP

FP + TP + FN
,

(2)

where TP is true positive, FP is false positive, and FN is false
negative. )e range of the result is 0 to 1. )e closer the test
result is to 1, the more accurate the segmentation result is.

4.2. Experimental Results. In this paper, the results of glioma
segmentation include the whole tumor region and tumor
subregion, which are whole tumor region (WT), tumor core
(TC), and enhancing tumor region (ET). ET is enhancing
tumor, TC includes enhancing tumor and necrotic, and WT
includes regions of enhancing tumor, necrotic, and edema.
In this paper, an improved network architecture AIU-net

(a) (b) (c)

Figure 1: Atrous convolution with different dilation rates.
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based on U-net is proposed. In order to test the segmen-
tation effect of this network on brain tumors and compare it
with U-net and DeepLabv3+ network structure, the same
dataset and parameters are used for training and testing on
each network. )e experimental results are shown in Fig-
ure 5. From the segmentation results shown in the figure, it
can be seen that the method proposed in this paper is better
than the other two methods in the segmentation of tumor
details, and the segmentation results are closer to the ground
truth. Figure 6(a) shows the change of the loss of the three
networks with epoch in the training process. It can be seen
from the figure that the loss value of AIU-net proposed in
this paper is already less than 0.1 when the epoch was 50, and
the convergence speed is faster than that of U-net and

DeepLabv3+ networks. Figure 6(b) shows the change of IOU
with epoch in the training process. It can be seen from the
figure that when epoch was 50, the IOU value of AIU-net
had exceeded 0.9, while the IOU value of the other two
networks were all less than 0.9.

Table 1 shows the evaluation results of DSC, IOU, and PPV
of several methods. )e results show that the values of DSC,
IOU, and PPVof the proposedmethod are higher than those of
U-net and DeepLabv3+, and the values of DSC, IOU, and PPV
of the whole tumor region are greatly improved compared with
those of the other twomethods.)e segmentation results of the
whole tumor region, enhancing tumor region, and tumor core
region are better than those of the other two methods, and the
segmentation performance is improved.

Input

1 × 1
conv

1 × 1
conv

1 × 1
conv

1 × 1
conv

3 × 3 conv
rate3

3 × 3 conv
rate2

3 × 3 conv
rate1

Output

+

Figure 2: )e structure of A-inception module.
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Image
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Output

1 × 1
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1 × 1
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3 × 3 conv
rate = 18

3 × 3 conv
rate = 24

Figure 3: )e structure of ASPP module.
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(a) (b) (c) (d)

Figure 5: Example segmentation results on the BRATS dataset. From left to right are the segmentation results of U-net, deepLabv3 +, AIU-net,
and ground truth.)ewhole tumor (WT) class includes all visible labels (a union of green, yellow, and red labels), the tumor core (TC) class is a
union of red and yellow, and the enhancing tumor core (ET) class is shown in yellow. (a) U-net. (b) DeppLabv3+. (c) AIU-net. (d) GT.
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Figure 4: Overall architecture of the AIU-net model.
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5. Conclusion

In order to improve the accuracy of brain tumor automatic
segmentation, this paper proposes a network architecture
AIU-net based on U-net, which uses a new module com-
bining inception and atrous convolution as encoder, and
introduces ASPP module to obtain multiscale features.
Experiments show that the new architecture AIU-net can
effectively improve the accuracy of brain tumor segmen-
tation and is conducive to multiscale information extraction.
)e segmentation of tumor details has been improved. In
comparison with U-net and DeepLabv3+, the results of DSC,
IOU, and PPV of the proposed method are better than those
of other methods, and better segmentation performance is
obtained. However, compared with U-net and DeepLabv3+,
the training time and test time of the proposed method are
longer mainly because the network architecture is more
complex. )e further work in the future is to obtain higher
segmentation accuracy and better efficiency at the same
time.
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