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Abstract. Brain tumor, as a high-risk disease of the brain, has been a threat to human life and health. In
order to help doctors diagnose some parts of brain tumor accurately in hospitals, multi-scale fusion brain
tumor image segmentation network has shown strong feature extraction ability and image segmentation
accuracy improvement. In the original Unet network, only the feature information of the current layer is
used in the jump connection layer, and the relevant feature information of the shallow network is ignored,
so the segmentation accuracy will be affected accordingly. We use an improved segmentation network to
solve this problem. Firstly, the multi-scale feature fusion module MFF is added to the encoder to fuse the
features of different scales to improve the segmentation ability of the network. Secondly, the attention
module ResCBAM is added to the jump connection layer of the encoder and decoder to guide the encoder to
adaptively learn the important feature information in the jump connection. The BraTS2020 dataset in
MICCAI competition was used for ablation experiments and contrast experiments, and Dice coefficient and
HD95 were used as evaluation indicators. Through the experimental results, it can be seen that the improved
network can extract more features in the whole tumor, tumor core and enhanced tumor region, and the
segmentation effect of brain tumors is good. At the same time, the model parameters and the number of
iterations are reduced.

1. Introduction
Brain tumors, also known as intracranial tumors, refer to
abnormally developed cell populations that grow in the
inner regions of the brain 1. If malignant tumors are not
found and treated in time, they are likely to lead to
human death2. Since the brain is not open, with the
increasing size of the tumor, it will continuously
compress other brain tissues in the brain, causing a
gradual increase in blood pressure in the brain, which
will have a certain adverse effect on the central nervous
system and cause irreversible damage to the patient's
health3. An article published by the journal CA in 2021
showed that the incidence of malignant tumors in people
under the age of 18 is increasing at a rate of 0.5% to 0.7%
per year4, and an article in Neurology also showed that
globally, the incidence and mortality of brain tumors are
the highest. Glioma is composed of four regions, and
different regions will have different effects on patients 5.
Because the structure of the brain is complex, and the
size, shape and location of brain tumors are highly
complex and prone to errors, so the diagnosis and
identification in clinical practice are still very difficult.
Therefore, imaging can provide doctors with different
information about different parts of brain tumors and
determine the types and malignant degrees of diseases as
early as possible, which is of great significance for the
treatment and recovery of patients6.

In medical imaging, Magnetic resonance imaging
(MRI) is more prominent in imaging effect than
computed Tomography (CT) and X-ray, which can
provide good contrast. At the same time, it does not
cause a large burden on patients, so it is a commonly
used detection method for brain tumors. At the same
time, MRI can observe coronal, sagittal, transverse and
other directions, and will not produce artifacts that may
occur in CT scanning7. In the process of MRI imaging,
multiple different sequences can be obtained according
to the influence of different images. The information
contained in the four sequences is different. FLAIR
sequence can better observe the boundary of the tumor,
T1 sequence can observe the anatomical map of the fault,
and T1c sequence can further observe the internal
situation of the tumor. The lesion tissue could be
observed by T2 sequence. Although different sequences
of MRI images can contain different information about
the tumor, which provides a great help to the accuracy of
doctors' judgment, missed diagnosis and misdiagnosis
often occur due to the variability of brain images and the
influence of doctors' personal subjective factors. In order
to make full use of medical image information, deep
learning network models can be used to segment the key
regions in brain tumor images, which is of great
significance not only for the orientation analysis of brain
tumors, but also for the evaluation of the feasibility of
surgery and the prediction of the life span of patients.
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Brain tumor segmentation is a branch of medical
segmentation. Due to the multi-modal characteristics of
brain tumor MRI images, it is generally necessary to
comprehensively process four MRI sequences to obtain
better segmentation results. Therefore, improving the
accuracy of brain tumor image segmentation model in
medical image segmentation is one of the important
research directions of medical image segmentation.

The main contributions of this paper are the
following three parts: 1) By introducing the MFF module,
the feature information fusion of different scales in the
network is improved, the segmentation ability is
improved, and the Dice index is improved. 2) The
residual attention module ResCBAM was added to make
the network pay more attention to the detail features in
image segmentation. The experimental results of
BraTS2020 dataset verify that the network model
proposed in this paper achieves good segmentation effect
in the comparison of different models of the same image.

2. Related work

2.1. Brain tumor image segmentation task

The BraTS2020 dataset was used for the experiments in
this paper, which has the following types: Edema (ED),
Necrotic (NCR), Non-enhancing Tumor (NET) and
enhancing Tumor (ET). Among them, NCR and NET are
fused to the same label and are no longer distinguished.
In addition, according to the competition criteria,
segmentation performance was evaluated according to
three officially defined tumor subregions, namely:
Whole Tumor/Complete Tumor (WT/CT), the region
containing all tumors, Tummor Coire (TC), the region
containing all tumors but without edema, and enhanced
tumor (ET), the region containing the category of
enhanced tumors.

2.2. Unet and improvement

In 2015, Ronneberger proposed Unet network on the
basis of FCN. Unet network is a model of coding-
decoding structure, which has good information global
ability and can realize relatively fine segmentation. A
schematic representation of the structure of the Unet
network is shown in Figure 1.

Input
Output

CNN 1*1

Splice and cut

CNN 3*3,ReLU

Down sampling 2*2

Up sampling 2*2

Fig. 1. Schematic diagram of the Unet network structure

As can be seen from Figure 1, the Unet network has
five layers, including convolutional layer, pooling layer,
deconvolution layer and ReLU activation function. The
left part of the Unet network in the figure is the coding
stage. Four groups of convolution operations are the core
of the coding operation, and each group contains two
convolution layers with the same number and size of
convolution kernels. The pooling layer is used to reduce
the dimension of all feature maps and reduce the loss of
computer resources. The right part of the Unet network
was the decoding stage. While feature extraction was
carried out by four groups of convolutions, the
confounding effect caused by upsampling was
eliminated, and the spatial dimension was raised between
adjacent decoding layers by deconvolution. In the middle
jump connection part, because the convolution operation
will change the size of the feature map, so that the input
size of the decoding part of the same order is different
from the output of the coding part, so the feature map of
the coding part needs to be trimmed, and then the feature
map of the same layer is combined in a cascade form to
obtain the fused feature, which is used as the input of the
next convolution layer. The above operations can make
the features better fused and improve the segmentation
ability of the network.

2.3. Multi-scale feature segmentation network

The multi-scale feature segmentation network enhances
the perception ability of the model to various scale
structures in medical images by fusing the feature
information of different scales.

Such networks are typically designed with multiple
parallel paths or branches, each responsible for capturing
features at a particular scale. Then, these features are
fused in some way (such as concatenation, weighted sum,
etc.) to generate more comprehensive and accurate
segmentation results.

In recent years, researchers have proposed a variety
of multi-scale feature segmentation network
architectures, such as U-Net++ and Attention U-Net.
These networks perform well in several medical image
segmentation tasks, such as lesion region detection,
organ segmentation, and so on. They not only improve
the segmentation accuracy, but also enhance the
robustness of the model to noise and artifacts.

2.4. Multi-scale feature segmentation network

Attention mechanism is gradually becoming a key
technology in image segmentation processing.
Traditional medical image segmentation methods often
rely on complex preprocessing and post-processing steps,
as well as extensive manual feature engineering. With
the continuous development of deep learning, especially
the introduction of attention mechanism, the
performance and accuracy of medical image
segmentation have been significantly improved.

The application of attention mechanism in medical
image segmentation is mainly reflected in two aspects:
feature attention and spatial attention. Feature attention
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allows the model to automatically select the most
important features in the task, and spatial subject is for
the key regions in the image.

Combining these two types of attention in the model
enables accurate identification of diseased areas or
structures in complex medical images.

3 Brain tumor image segmentation
network based on multi-scale fusion
The main task is to add two modules to the basic Unet
network. The first part is to add a multi-scale feature
fusion module to the encoder to fuse the features of each
layer to obtain more detailed features. In the second part,
an improved residual convolution attention module
ResCBAM is added to improve the conventional

attention module while reducing the number of
parameters and improving the segmentation accuracy.
The specific structure is shown in Figure 2.

3.1. Encoder module

Firstly, the multimodal brain tumor MRI images were
input, and the features were encoded using convolution
and 4 down-sampling operations in the encoder. Features
at each level are used with two batch normalization,
mish activation functions, and convolution operations to
obtain feature information in different dimensions. Each
downsampling uses a maximum pooling layer to reduce
the size of the feature map, so that the network pays
more attention to the feature information of the brain
tumor image.

3.2. Multi-scale feature fusion module MFF

Due to a series of convolutional and downsampling
operations in the encoder, the receptive field of the
feature map gradually becomes larger, and the shallow
network mainly focuses on the local features and texture
information of the image, which helps to identify the
edges, shapes, and small differences from other tissues
of the tumor. Deep networks pay more attention to the
global features and semantic information of images. In
brain tumor segmentation, deep networks can learn the
overall structure, location and relationship with
surrounding tissues of tumors. Through multi-level
convolutional and pooling operations, deep networks are
able to progressively extract higher-level and more
abstract feature representations, which are essential for
accurate tumor segmentation. Therefore, in Unet, the
features at different levels need to be upsampled into the
encoder, the maximum resolution of the features is used

for feature splicing and fusion, and then downsampled
into the attention module of each level. The Multi-scale
Feature Fusion (MFF) module contains the feature
information of shallow and deep networks.

3.3. Fusion features plus attention module
ResCBAM

Unet uses jump connection to different levels of features.
Although this practice can obtain more relevant
information, low-level features have certain interference
to the final segmentation. Therefore, inspired by the
attention module, it is understood that the structure of
AAM8 can capture global context information in low-
order features while retaining high-order semantic
information. However, CBAM9 focuses on features from
two directions of channel and space, which can improve
the feature expression ability of the network. As a
lightweight module, it will not add additional burden to
computer resources. Therefore, in order to better extract

Fig. 2. Multi-scale feature fusion network
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features, on the basis of AAM and CBAM, this paper
proposes an improved ResCBAM, whose structure is
shown in Figure 3.

Encode

Decode

CBAM

CBAM

1*1 softmax＋ ✖ ＋

F1

F2

F1cs

F2cs

F3 F4

Fig. 3. Structure diagram of the improved ResCBAM

As can be seen from Figure 3, ResCBAM has two
parts, encoding and decoding. The encoding part outputs
the global context information, while the decoding stage
outputs the semantic information, and each part is
processed through the CBAM module. The attention
module CBAM in the figure is shown in Figure 4.

Fig. 4. Schematic representation of the CBAM structure

ResCBAM improves the feature extraction ability of
the network by using the residual module to focus on
spatial and channel attention.

4 Experiments and results analysis

4.1. Experimental data set

The BraTS2020 dataset is used for the experiments in
this paper.

The data in the dataset are all MRI images of
multimodal brain tumors.For MRI images, there will be
different sequence slices containing FLAIR, T1
sequence, T1c sequence, and T2 sequence 3D images.
The size of the image is 240*240*155. Before the
experiment, 300 cases were used as the training data set,
100 cases as the validation data set, and 50 cases as the
test data set. There are 232500 images in the training set,
77500 images in the validation set, and 38750 images in
the test set. The image enhancement method used in the
model training process was random inversion of images
in the left and right and up and down directions, with a
probability of 50%.

The images of four MRI sequences are shown in FIG.
5, a) FLAIR sequence, b) T1 sequence, c) T1c sequence,
and d) T2 sequence.

a)FLAIR b)T1

c)T1c  d)T2

Fig. 5. Four image sequences of MRI

It can be seen from Figure 4-1 that different
sequences of images present different states, so different
sequences can be processed to obtain different
information.

4.2. Indicators of evaluation

The results of model segmentation are compared with
the real results, which are divided into four categories, as
shown in Figure 6 below.

Fig. 6. Plot of the prediction versus the gold standard

It can be seen from Figure 6 that if the segmentation
target is accurately segmented, it is called true positive;
if the background is accurately segmented, it is called
true negative; if the target is wrongly segmented, it is
called false negative;

For the judgment of the segmentation effect of the
model, Dice coefficient and HD95 (95% Hausdorff)
were used as the evaluation indexes, which will be
introduced in the following.

Dice coefficient is mainly used to evaluate the degree
of coincidence between the real results and the
segmentation results of the model. The closer the Dice
coefficient is to 1, the better the segmentation accuracy
is.

Dice =
2TP

FP + 2TP + FN
(1)

Where: TP represents that the pixel is true positive
and TN represents true negative. Similarly, FP represents
pixels that are false positive and FN represents false
negative.

Hausdorff distance (HD) is used to represent the
maximum mismatch between two sets of samples. The
closer the distance is, the smaller the HD value is, the
better the segmentation effect is. The purpose of
Hasudorff95 is to eliminate the influence of outliers on
the calculation results, which is calculated as follows.
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HD(P, T)
= max(max

�∈�
min
�∈�

∥ p − t ∥, max
�∈�

min
�∈�

∥ t − p ∥ ) (2)

Where: P represents the set of labels of actual
segmentation prediction results, and T represents the set
of labels of real segmentation results.

Dice coefficient and HD95 were used as evaluation
indexes in the brain tumor image segmentation model,
and the performance of the model was evaluated from
the overall similarity and boundary accuracy,
respectively. The combined use of these two metrics can
more comprehensively evaluate the performance of the
model in the brain tumor image segmentation task, and
provide valuable guidance for the optimization and
improvement of the model.

4.3. Implementation details

The network model in this paper is tested on
Ubuntu20.04 operating system using Python language
and based on pytorch framework. The basic learning rate
is 0.003, the batch number is set to 16, the iteration
period is set to 800, and the early stopping method is
used to prevent overfitting in the training process. The
network performance was evaluated using Dice and
HD95 in the evaluation metrics.

4.4. Function of loss

Binary Cross-Entropy (BCE) loss function can ensure
the correct segmentation of background, and the BCE
loss function is as follows.

loss��� = −��
g��logp�� + (1 − g��)

log(1 − p��)

�

���

�

���

(3)

Where: n is the set of pixels in the segmented image,
L is the set of gold standard label pixels

4.5. Experimental results and analysis

In this section, the BraTS2020 dataset is used to verify
the network segmentation effect in this paper.
Subsequently, the effectiveness of the added modules
was verified by ablation experiments. Finally, the
superiority of the proposed network is verified by
comparative experiments with other models.

4.5.1 Results of the experiment

The segmentation results in this paper are shown in
Table 1, where the average Dice of ET is 0.7378, the
average Dice of WT is 0.8852, and the average Dice of
TC is 0.7378. It can be seen that the proposed network
model has a good segmentation effect.

Table 1. Segmentation results of the proposed network

statistic
Dice HD95

ET WT TC ET WT TC
Mean 0.7235 0.8852 0.7378 40.91 15.3 16.37

StdDev 0.3137 0.0811 0.3189 86.24 22.13 46.33
Median 0.8447 0.9223 0.8881 2.43 4.22 4.23

25quantile 0.722 0.8736 0.5966 1.4 2.61 2.6
75quantile 0.899 0.9476 0.933 8.77 10.56 14.1

4.5.2 Ablation experiments

Ablation experiments were performed on the BraTS2020
validation dataset. Group A experiments were the basal
Unet network. Group B experiments were used to verify
the segmentation effect after adding the MFF module to
the base network. Group C experiment was used to
verify the segmentation effect after adding ResCBAM
module to the base network. Group D experiment was
used to verify the segmentation effect after adding MFF
and ResCBAM modules simultaneously.

The results of ablation experiments are shown in
Table 2 by adding modules to the proposed network
module to the base Unet. Comparing the segmentation
results of group A and group B, it was found that the
segmentation accuracy of adding MFF module was
improved. Among them, the average Dice of ET, WT
and TC were increased by 2.35%, 2.08% and 0.99%,
respectively. Group C represents the addition of
ResCBAM on the basis of group B experiments.
Comparing the segmentation results of group B and
group C, it was found that the Dice coefficient of the
model segmentation was improved after adding the
attention module. Comparing the segmentation results of
group A and group D, it was found that the average Dice
of ET, WT and TC in group D were increased by 3.12%,
2.31% and 2.63%, respectively. Compared with the basic
network, the average Dice of ET, WT and TC of the
proposed network model was increased by 6.88·%, 3.72%
and 5.97%, respectively. These results demonstrate that
the MFF and ResCBAM modules can improve the
segmentation accuracy of brain tumor MRI images.

Table 2.  Changes in model structure
and comparison of evaluation indicators

Indicators
Model A B C D

MFF √ √
ResCBAM √ √
WT Dice 0.824 0.832 0.831 0.841
TC Dice 0.783 0.820 0.816 0.843
ET Dice 0.765 0.758 0.760 0.817

WT HD95 2.773 2.713 2.496 2.556
TC HD95 1.672 1.770 1.657 1.523
ET HD95 2.898 2.886 2.887 2.890
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4.5.3 Comparative experiment

The segmentation performance of the network proposed
in this paper can be reflected by comparing different
network models. The setting of the contrast experiment
is to segment the same picture, and the segmentation
performance of the model is judged from two aspects:
qualitative analysis of human eye observation and
quantitative analysis of evaluation indicators. TrUE-Net
network proposed by Vaanathi et al.10, improved
Transformer model TransBTS network and OM-Net
network are used in the comparison model. These
models are all good segmentation models for brain tumor
segmentation at present, so the comparison experiment is
more rigorous and accurate. The parameter Settings of
the model used are the same as those in the literature,
and the results are shown in Figure 7.

a) FLAIR

b) T1

c) T1c

d) T2

e) GT

f) TrUENet

g) TransBTS

h) OM-Net

i) MMF-ResCBAM-Unet

Fig. 7. Comparison of segmentation results of different models

Figure 7. The first four columns are the images of
different modalities in the BraTS2020 dataset as well as
the gold standard image, the output of which is a four-
channel output, so the whole area of the tumor includes
different small regions of the tumor in green, yellow, and
red. Where f) is the segmentation result of TrUE-Net, g)
is the segmentation result of TransBTS, h) is the
segmentation result of OM-Net, and i) is the
segmentation result of the proposed model MMF-
ResCBAM-Unet.

By comparing the segmentation results of different
models, the segmentation effect maps of different
models are different. By comparing the segmentation
results of OM-Net and the segmentation results of this
paper, the segmentation effect and detail features are
relatively similar, and the segmentation results can
basically correspond to the gold standard, so the
segmentation effect is relatively good. For TrUE-Net, it
can be seen that the segmentation effect is poor, the edge
information of the segmented image is poor, and the
relevant feature information of the shallow network may
be ignored. For TransBTS, some detailed features in
brain tumors are not segmented more finely. Therefore,
according to the qualitative judgment of human eyes, the
network proposed in this paper has good segmentation
ability and segmentation accuracy.

Since human eye observation is only a qualitative
judgment, the model is quantitatively evaluated by Dice
coefficient and HD95, and uploaded to the evaluation
platform of BraTS2020 to obtain consistent evaluation
indicators, which ensures the fairness and rigor of the
experiment. The comparative experimental results of
different model evaluation indexes are shown in Table 3.

Table 3. Comparison of evaluation indexes
of different models

Indicators
Modal

TrUE-
Net

Trans
BTS

OM-
Net

MMF-
ResCBAM

-Unet
WT Dice 0.86 0.86 0.90 0.90
TC Dice 0.84 0.85 0.87 0.89
ET Dice 0.80 0.81 0.81 0.82
WT HD 5.21 6.19 4.72 2.23
TC HD 6.33 13.18 7.16 2.31
ET HD 4.15 14.76 2.98 2.72

Table 3 shows that in the segmentation results of
MFF-ResCBAM-Unet network, the Dice scores of WT,
TC and ET were 0.90, 0.89 and 0.82, respectively.
Compared with other methods, the average Dice index
was increased by 0.021-0.030. The HD scores of WT,
TC and ET were 2.54, 1.61 and 2.62, respectively.
Compared with other methods, HD was reduced by 2.77-
11.66. In conclusion, compared with other methods, the
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proposed MFF-ResCBAM-Unet network has the best
performance and the best segmentation effect.

5. Conclusion
For the lack of multi-scale feature information in the
Unet network, this paper proposes a multi-scale feature
fusion module MFF with complementary information.
Then, in the jump connection layer, the key details of
each scale feature are judged by the residual attention
module ResCBAM, which makes the model pay more
attention to the segmentation region. By adding these
two modules, the performance of the network in the
details of image segmentation is improved. At the same
time, the introduction of the attention module reduces
the number of network parameters and makes the
training speed faster. Through the training, testing and
verification on BraTS2020 dataset, as well as the results
of ablation experiments and comparative experiments, it
can be seen that the segmentation accuracy of the
proposed network module has been significantly
improved, and its performance is better than that of the
current well-performing segmentation networks such as
OM-Net, which can more accurately segment the
relevant regions of brain tumors in MRI images. The
more accurate the segmentation of brain tumor images,
the more accurate it is to help doctors find the accurate
location of the tumor, which will be of great help for
later treatment and surgery. Therefore, the performance
of network segmentation helps patients and doctors to
solve the difficulty of early judgment and treatment to a
certain extent.

Although the network model in this paper has
achieved a significant segmentation effect, in the daily
use of brain tumor models, a faster and less resource-
consuming network model is needed, the speed of
training is improved, and the parameters of the model are
reduced to reduce computer resources. The encoder and
decoder in the network structure in this paper still have
relatively complex convolution modules. The size and
speed of the model will also be affected accordingly;
therefore, the convolution module will be improved in
the future, and modules such as inverted residuals will be
used to lightweight the model and speed up the model.
The model can be trained and segmented in daily use.
The lightweight model is more suitable for daily use.
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