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Abstract: Automated brain tumor segmentation based on 3D magnetic resonance imaging (MRI) is
critical to disease diagnosis. Moreover, robust and accurate achieving automatic extraction of brain
tumor is a big challenge because of the inherent heterogeneity of the tumor structure. In this paper,
we present an efficient semantic segmentation 3D recurrent multi-fiber network (RMFNet), which
is based on encoder–decoder architecture to segment the brain tumor accurately. 3D RMFNet is
applied in our paper to solve the problem of brain tumor segmentation, including a 3D recurrent
unit and 3D multi-fiber unit. First of all, we propose that recurrent units segment brain tumors by
connecting recurrent units and convolutional layers. This quality enhances the model’s ability to
integrate contextual information and is of great significance to enhance the contextual information.
Then, a 3D multi-fiber unit is added to the overall network to solve the high computational cost
caused by the use of a 3D network architecture to capture local features. 3D RMFNet combines both
advantages from a 3D recurrent unit and 3D multi-fiber unit. Extensive experiments on the Brain
Tumor Segmentation (BraTS) 2018 challenge dataset show that our RMFNet remarkably outperforms
state-of-the-art methods, and achieves average Dice scores of 89.62%, 83.65% and 78.72% for the
whole tumor, tumor core and enhancing tumor, respectively. The experimental results prove our
architecture to be an efficient tool for brain tumor segmentation accurately.
Keywords: 3D recurrent multi-fiber network; 3D recurrent unit; 3D multi-fiber unit; 3D MRI;
brain tumor segmentation
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1. Introduction
Glioma originates from glial cells in the brain and has become one of the most terrible
diseases that harm human health. Glioma is a high-risk adult brain tumor, with an annual
incidence of about 3 to 8 cases per 100,000 people. Medical imaging examinations, such as
MRI, play a key part in the diagnosis process of brain tumors [1]. Different forms of MRI
images can provide supplementary information for the analysis of different subregions
of glioma. Segmentation of brain tumors in multi-modal MRI images has always been a
hot research topic. These structural MRI images have positive significance in the majority
of cases and the radiologist must take all the four modalities into account to identify
each region. There are four standard MRI modalities: fluid attenuated inversion recovery
(FLAIR), T1-weighted (T1), T1-weighted contrast-enhanced (T1C) and T2-weighted (T2).
Clinically, an accurate segmentation image of brain tumor performs an indispensable role
in patient care and evaluation [2]. Automatic segmentation of brain tumors can provide
accurate and valuable solutions to further analyze and monitor tumors.
Robust and accurate achieving of automatic segmentation of brain tumors is challenging because of two causes: (1) gliomas have an antenna structure, and they often spread
easily and have poor contrast. In addition, their blurred boundaries make it difficult to
segment the surrounding glioma tissue. (2) Brain tumors grow anywhere in the brain in
almost any shape and size. As mentioned above, regarding the structural heterogeneity
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of brain tumors, many researchers have proposed solutions to address these problems [3].
Zeineldin et al. [4] applied a novel deep learning method called DeepSeg, which is used to
automatically detect and segment brain lesions using FLAIR MRI data. The accurate implementation of automated segmentation technology is very challenging, and it has attracted
the attention of many researchers and has become an important research field. Therefore,
the realization of automatic segmentation of brain tumors will help to accelerate the largescale segmentation and assist doctors. According to the above heterogeneity of brain tumor
structure, it is significant to propose an automatic brain tumor segmentation method.
Deep learning-based medical image automatic segmentation methods make remarkable advances, convolutional neural networks (CNN) demonstrate impressive segmentation accuracy in 2D natural images [5] and 3D medical image modalities [6]. However,
the three-dimensional CNN architecture is usually used in 3D medical images, and it
is difficult to put into practice with high computational [7]. In order to deal with this
problem, our network leverages 3D multi-fiber units in this article, which greatly reduces
the computational cost. Aiming at the problem of blurred boundaries and uncertain positions of brain tumors, a new 3D recurrent multi-fiber network (RMFNet) is proposed in
the design of an automatic segmentation method. The RMFNet consists of 3D recurrent
units and 3D multi-fiber units. We connect the recurrent units to the convolutional layer,
and use the recurrent convolutional layers for feature accumulation to be sure of better
feature representation for brain segmentation tasks. In addition, we use 3D multi-fiber unit,
which contains a lightweight network integration to reduce computing cost and increase
segmentation performance at the same time.
The rest of this article is arranged as follows: Section 2 discusses related work. The architecture of the proposed 3D recurrent multi-fiber network is presented in Section 3.
Section 4 presents detailed datasets and exhaustive results. The conclusions of this work
are obtained comprehensively in Section 5.
2. Related Work
Deep learning, especially the method based on convolutional neural network, has
obtained the most advanced performance in medical image semantic segmentation [8].
Havaei et al. [9] presented a two-pathway CNN model and took a local image block as
input in a sliding window manner to predict the label of each pixel. ResNet [10] utilized the
efficient bottleneck structure to achieve impressive performance. Ronneberger et al. [11]
proposed the earliest and most popular medical image semantic segmentation method
called “U-Net”. Since then, U-Net has become very popular and has been used effectively
in different forms of medical imaging and computational pathology. Xu et al. [12] proposed
a new deep network called LSTM multi-modal UNet, which consists of multi-model
UNet and convolution LSTM [13]. Multi-modal UNet includes high density encoders
and decoders to take full advantage of exploiting multi-modal data, and convolution
LSTM further utilizes sequential information between contiguous slices. Dong et al. [14]
adopted a deep atlas network with information consistency constraint to segment the 3D
left ventricle for handling high dimensional data and limited annotation data problem.
Heinrich et al. [15] designed a novel convolutional architecture called OBELISK-Net to
segment 3D multi-organ images. Li et al. [16] used a new type of adversarial model
based on a multi-stage learning method to segment three-dimensional multiple spinal
structures from multi-modal MRI images [17]. Their results also confirm that deep learning
has outstanding performance in resolving 3D medical image segmentation and becomes
an indispensable part of medical image processing, it has become the first choice for
various medical image segmentation applications. Furthermore, brain tumor segmentation
approaches based on deep learning have also attained good segmentation results. We
summarize brain tumor segmentation-based methods as follows.
When it comes to brain tumor segmentation, deep learning methods have recently
reached state-of-the-art accuracy for segmentation. Ping Liu et al. [18] presented a Deep
supervised 3D Squeeze-excitation V-Net (DSSE-V-Net) to automatically segment brain
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tumors from multi-model MRI images. On the BraTS 2017, Kamnitsas et al. [19] achieved
excellent results and proposed a robust segmentation integrating several models called
EMMA, which utilized an integrated architecture of several independent training. In particular, EMMA combined DeepMedic [20] and U-Net models and integrated the predictions
of their segmentation. In 2018, Myronenko [21] proposed a 3D encoder–decoder model
based on ResNet and won the first prize in BraTS18. Zhou et al. [22] ensembled several
different networks and used a shared backbone weights to extract multi-scale context
information. In [23], the authors used the k-nearest neighbor classifier for the real autism
spectrum disorder dataset. They considered the problem of the large amount and complexity of MRI data. For this purpose, they proposed using the adaptive independent
subspace analysis (AISA) method to discover meaningful electroencephalogram activity in
the MRI scan data. Taking advantage of AISA method, they achieved 94.7% of accuracy.
Khan et al. [24] introduced an automated multi-modal classification method using deep
learning for brain tumor type classification. They initially employed the linear contrast
stretching using edge-based histogram equalization and discrete cosine transform (DCT).
Then, they performed deep learning feature extraction using transfer learning. Later on,
they adopted a correntropy-based joint learning approach, combined with the extreme
learning machine (ELM) for feature selection, and merged robust covariant features based
on partial least squares (PLS) into one matrix. The combined matrix was sent to ELM for
final multi-modal brain tumor classification.
The perspective of using channel grouping to reduce the computational cost is similar
to the idea of group convolution, which was first introduced in AlexNet [25]. Chen et al. [26]
designed a high-efficiency 3D CNN to realize real-time dense volumetric segmentation,
which built upon the multi-fiber unit [27] for facilitating information flow between groups.
These previous works clearly show that deep learning models can be used to segment
the brain into anatomical regions. However, these 3D CNN architectures bring high
computational overhead due to the use of multi-layer 3D convolutions. As a result of
limitations in some of the previous models, these limitations prompted us to propose a
new method. In order to make better use of multi-modalities and depth information, we
propose a novel network for solving the problem of brain tumors segmentation and adopt
several strategies for reducing network parameters.
3. Method
The proposed 3D RMFNet is composed of an encoder network on the pink part and
a decoder network on the blue part. Moreover, the number of input channels is set to
four since FLAIR, T1, T1C and T2 modalities are exploited to segment the tumor region,
and every modality with size 4 × 128 × 128 × 128. 128 × 128 × 128 indicates that each
MR sequence has 128 pictures, and the size of each picture is 128 × 128. In the encoding
path, the convolution block is composed of a convolution layer with the kernel size of
3 × 3 × 3, a batch normalization layer and ReLU activation function layer. To get more accurate context information, the encoder path contains RMF units to extract rapidly features
representation of the input, and a 3D convolution block with a stride of 2 is replaced by
the max-pooling operation. The decoder path consists of four upsampling layers and one
convolution layer. Four upsampling layers contain MF units to reduce computing costs.
We have used concatenation to the feature maps from the encoder network to the decoder
network at the same level, which allows capturing multiple contextual information. The trilinear interpolation is used to upsample the feature maps, the final output is generated
by the size of 1 × 1 × 1 3D convolution layer. White boxes indicate copied feature maps.
These building blocks are explained in detail in the following subsections. Our framework
is shown in Figure 1.
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Figure 1. The 3D recurrent multi-fiber network (RMFNet) comprises an encoder network and a decoder network, the main
body of the network consists of RMF units. The input module is a four-channel 3D MRI crop, and the initial 3 × 3 × 3 3D
convolution is with 32 filters. In this paper, g represents the number of groups.

3.1. Recurrent Multi-Fiber (RMF) Unit
This section presents the recurrent multi-fiber unit. To better understand the role of
recurrent multi-fiber unit, we describe the newly-proposed unit as follows: recurrent convolutional neural networks (RCNN) are gradually applied in medical image processing.
RCNN and its variants show excellent performance in object recognition tasks using different
benchmarks. RCNN is an important part of recurrent multi-fiber (RMF). At each time-step,
the RCNN receive a new input and generates an output based on the current input and previous time-step information. Recurrent convolutional layer (RCL) is the key module of RCNN.
According to the RCNN, the states of RCL units evolve on discrete time steps. The unfolded
RCL layer graphically represents the time-step as shown in Figure 2. When t = 0 only the
feedforward input is present. Here, t = 2 (0∼2) refers to the recurrent convolutional operation, including a feed-forward convolution layer and then two sub-sequential recurrent
convolutional layers.

Figure 2. The overall structure of a 3D recurrent convolutional layer (RCL). An RCL is unfolded for
t = 2 time steps.

Let xl denote the particular input sample in the lth layer of the residual RCNN
(RRCNN) block for a pixel located at (i, j) of a particular input sample on the kth feature
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l at the time step t is presented
map in an RCL. Accordingly, the output of the network zijk
as follows:
 
f

l
Zijk
( t ) = wk

(i,j)

where f l

T (i,j)
(i,j)
f l (t) + (wrk ) T rl (t − 1) + bk

(1)

(i,j)

(t) denotes the inputs to the feed-forward convolutional layer, and rl
f
wk

( t − 1)

wrk

represents the inputs to the lth RCL.
and
are the weights of the feed-forward
convolutional layer and the RCL of the kth feature map, respectively, and bk is the bias.
The outputs of the RCL are presented to the rectified linear activation function and are
represented as follows:




l
l
l
Oijk
(t) = ReLU Zijk
(t) = max 0, Zijk
(t)
(2)
l ( t ) denotes the outputs from of lth layer of the RCNN unit. The basic
Here, Oijk
residual convolutional unit of this architecture is shown in Figure 3a. As showed in
Figure 3b, let the output of the RRCNN-block be xl +1 , so the output is composed of direct
mapping parts and residual parts and it can be computed by:
l
xl +1 = xl + Oijk
(t)

(3)

Figure 3. (a) A residual unit with two 3 × 3 × 3 convolution layers. (b) Recurrent residual convolutional units (RRCU).
(c) The developed multi-fiber (MF) design consisting of multiple separated recurrent residual units, called fibers. (d)
The recurrent multi-fiber (RMF) unit leverages a multiplexer for transferring information across separated fibers. (e) The
multiplexer acts as a router that redirects and amplifies features from all fibers.

3.2. MF Unit
The goal of multi-fiber is to reduce the number of connections between the feature
maps and kernels that make sense to calculate the overall cost. As in the examples shown
in Figure 3a, let us consider the dimensions of the input feature maps and the kernel size
is constant, let Cin represent the number of input channels, Cmid represent the number of
middle channels and Cout represent the number of output channels. Let Con(b) be the
total number of connections as illustrated in Figure 3a. Thus, the amount of connections
between these two layers comes to:
Con(b) = Cin × Cmid + Cmid × Cout

(4)
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Figure 3c shows a multi-fiber grouping strategy. We divide the ordinary residual
unit into K parallel and independent residual units that are called fibers. The number of
connections can be represented as follows:
Con(c) = K × (Cin /K × Cmid /K + Cmid /K × Cout /K )

(5)

= (Cin × Cmid + Cmid × Cout )/K

Which is K times less than Con(b). The overall width of the unit remains unchanged,
but the network parameters are greatly reduced, which significantly reduces the heavy
computational burden in 3D convolution.
3.3. Multiplexer Unit
The fibers are independent of each other and prevent them from exchanging information. To facilitate information flow, use two 1 × 1 × 1 convolutions called a multiplexer.
The multiplexer acts as a router, redirecting and amplifying the characteristics of all fibers.
Details for the multiplexer unit are shown in Figure 3e.
The number of input channels is Cin and then compressed to Cin /4, and finally enlarged
2 /2.
to Cin . The parameters using two convolutions are Cin × Cin /4 + Cin /4 × Cin = Cin
2
However, using a 1 × 1 × 1 convolution layer, params = Cin . Compared with using
a 1 × 1 × 1 convolution, we employ two 1 × 1 × 1 convolutions which can reduce
half of the parameters. Therefore, the purpose of using two convolutions is to reduce
network parameters. Figure 3d describes the full multi-fiber network, where multiplexer is
connected at the beginning of the multi-fiber unit, to improve learning ability and extract
features without adding additional parameters.
4. Experiments
4.1. Benchmark Dataset and Evaluation Criteria
We evaluate our algorithm on the BraTS 2018 challenge dataset against the state-of-the-art
methods. We introduce the dataset as follows. The multi-modal 3D MRIs are provided by
the BraTS 2018 challenge [3,28,29]. The training data consist of 75 low grade and 210 high
grade gliomas. Each subject has FLAIR, T1, T1C and T2 MRI scans, and even ground truth
(GT) obtained by hand segmentation from experts. The multi-modal 3D MRIs originated
from 19 institutions and employed different protocols, magnetic field strengths and MRI
scanners [30]. Annotations include 4 tumor subregions: the normal tissue (label 0), necrotic
and non-enhancing tumor (label 1), peritumoral edema (label 2) and active/enhancing tumor
(label 4). The annotations are combined into 3 nested subregions. WT, TC and ET refer to the
regions of whole tumor (label1, label2, label4), tumor core (label1, label4) and enhancing tumor
(label4), respectively, as shown in Figure 4.

(a) Flair

(b) T1

(c) T1C

(d) T2

(e) Ground truth

Figure 4. MRI image modality sequence along with ground truth. The whole tumor (WT) class indicates all visible labels
(a combination of green, yellow and red labels), the tumor core (TC) class is a combination of red and yellow, and the
enhancing tumor core (ET) class is shown in yellow. The green region indicates peritumoral edema, the yellow region
indicates active/enhancing tumor and the red region indicates necrotic and non-enhancing tumor. These are the slices from
the axial plane.
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The segmentation accuracy has been evaluated using the Dice Similarity Coefficient
(DSC) and Hausdorff Distance (HD). Dice coefficient is the most common evaluation metric
in medical image segmentation. DSC is used to describe the degree of overlap between
the segmentation result and the actual truth label. The higher the Dice score, the better the
segmentation performance.
2TP
DSC =
(6)
FP + 2TP + FN
where TP indicates that the model predicts positive samples, TN indicates that the model
predicts negative samples, FP indicates that the model predicts positive samples and FN
indicates that the model predicts negative samples.
Hausdorff Distance (HD) are adopted to evaluate the distance between the ground
truth boundary and the predicted segmentation boundary. The Hausdorff Distance could
be calculated as follows:
H(A, B) = max{min{d(a, b)}}
(7)
where a and b are points of sets A and B, respectively, and d(a, b) is the Euclidean distance
between a and b.
4.2. Implementation and Training
We employ standard five-fold cross validation on the dataset for performance analysis
and comparison. Specifically, the dataset can be randomly divided into five groups. Four
groups of them are used to train deep neural networks, and the last group is used to test
performance. This process is repeated five times. The whole experimental procedure is
implemented in Pytorch and train RMFNet on NVIDIA Tesla V100 32 GB GPU. Training
the RMFNet model for 200 epochs and the batch size is set to 2. In our experiments,
the purpose of data augmentation is to increase the sample size of training data and
enhance the robustness and generalization ability of deep Learning training algorithm. We
apply a random rotation, random intensity shift between [−0.1, 0.1] and random cropping.
During the training, the MRI data are randomly cropped to 128 × 128 × 128, which can
ensure that most of the image content is still in the crop area. The probability of random
axis mirror flip (for all 3 axes) is 0.5.
To train our model, the Adaptive Moment Estimation (Adam) [31] is used for training,
with an initial learning rate of 10−3 and a l2 weight decay of 10−5 . In terms of preprocessing, we subtract the average value and divide by the standard deviation of the brain
region in order to normalize all input images. The Generalized Dice Loss (GDL) is used to
train the network. The formula for GDL is as follows:
LGD = 1 −

m
N
1 2 ∑i=1 wi ∑ j=1 rij pij

m ∑im=1 wi ∑ N
j=1 rij + pij

(8)

The loss function checks each pixel separately, where m is the number of categories,
rij is the standard value of the category i at the j pixel and pij is the predicted value of the
category i at the j pixel. The most critical thing here is w, and w represents the weight of
each category, which is determined by the number of pixels in the category as follows:
wi = 

1
∑N
j=1 rij

2

(9)

4.3. Results
To verify the superiority of our presented model, we compare our designed RMFNet
model with state-of-the-art models [32–38]. Among them, 3D U-Net [32] and 3D-ESPNet [33]
are the most popular convolutional neural networks and have been a great success in various tasks.
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The proposed RMFNet achieves the best results on the brain tumor segmentation from
multi-modal 3D MRIs. Table 1 shows the results of our model and comparison model, our
results are shown in bold on the last line. The following evaluation results can be used
for analysis. In fact, the proposed algorithm achieves a Dice value of 89.62% for whole
tumor, 83.65% for tumor core and 78.72% for enhancing tumor. The HD value achieves
5.96 for whole tumor, 7.56 for tumor core and 3.94 for enhancing tumor. According to
Dice score, it is observed that, compared with previous models, our model remarkably
outperforms 3D U-Net [32] on the BraTS 2018 validation dataset. Compared with the best
algorithm [38], we can see that our method only has marginal performance gaps of 5.12%
for the enhancing tumor. However, our RMFNet only has 2.65 M parameters and 37.24 G
FLOPs, and our model has 10 times less FLOPs than [38]. It is observed that our method
can accurately segment different tumor subregions without requiring many parameters,
and can outperform the other methods on the BraTS 2018 validation dataset. Thus, our
RMFNet is a more efficient algorithm and has the potential of our method in multi-modal
3D MRI image segmentation tasks. The part segmentation results are shown in Figure 5.

(a) FLAIR Sequence1

(b) Ground Truth 1

(c) Segmentation 1

(d) FLAIR Sequence2

(e) Ground Truth 2

(f) Segmentation 2

Figure 5. The result of using RMFNet with corresponding fluid attenuated inversion recovery
(FLAIR) slice and ground truth on BraTS 2018 Training dataset. Red: necrotic and non-enhancing
tumor (label 1); green: peritumoral edema (label 2); yellow: active/enhancing tumor (label 4).
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Table 1. Performance comparison with other quantitative results on the BraTS 2018 validation dataset. WT, TC, ET
denote whole tumor, tumor core and enhancing tumor, respectively. FLOPs to evaluate the complexity of the model (i.e.,
multiplication and addition).

1669.58
76.52
386.20
598.16
203.98
201.35
352.25

WT
88.45
88.50
87.80
85.70
80.67
85.82
88.79

Dice (%)
TC
76.77
81.35
78.57
72.32
68.62
76.60
82.56

ET
75.32
73.60
72.87
72.51
68.03
71.89
77.46

WT
6.20
6.33
7.60
14.35
10.93
6.13

HD (mm)
TC
9.35
10.20
13.45
20.05
9.89
7.89

ET
5.20
5.96
5.80
14.48
5.60
4.60

32.61
37.24

89.58
89.62

83.57
83.65

78.83
78.72

5.83
5.96

7.42
7.56

3.58
3.94

Method

Params (M)

FLOPs

3D U-Net [32]
3D-ESPNet [33]
Cheng et al. [34]
Fang et al. [35]
Evan et al. [36]
Hu et al. [37]
Lyu et al. [38]

16.21
3.63
13.68
20.36
9.52
10.38
14.71

MFNet (ours)
RMFNet (ours)

2.33
2.65

In this paper, to verify the effectiveness of the backbone established by the recurrent
unit, we compare the experimental results of MFNet and RMFNet. The results show that
the recurrent unit can improve the performance. Since the recurrent unit has the ability to
promote feature accumulation and select multi-scale context information, it can be beneficial
to scores. Table 1 clearly shows that our method is superior to complex networks, such
as 3D U-Net [32] and 3D-ESPNet [33]. When the recurrent unit is not utilized, the MFNet
has only 2.33M parameters. Nevertheless, it also has better segmentation performance.
In addition, we estimate the computing time of the network on NVIDIA Tesla V100 32 GB
GPU. The input size of RMFNet is 4 × 128 × 128 × 128 with the modalities of FLAIR,
T1, T1C and T2. We use the BraTS 2018 benchmarks to estimate the inference time of the
method. It takes an average of 2.15 s for RMFNet to segment a patient subject averagely.
4.4. Discussion
In this paper, we come up with a novel architecture for brain tumor segmentation
from multi-modal 3D MRIs. Specifically, the tumor is difficult to segment due to its random
location, blurred boundaries and irregular shapes. We present a new architecture of 3D
recurrent multi-fiber network (RMFNet) that includes RMF units, and we employ RMF
units to design a 3D recurrent multi-fiber network for automatic brain tumor segmentation
task, to address the huge computational burden in 3D convolution. Our architecture is
designed to contain a feature encoding path that encodes the detailed features to abstract
features as the network gets deeper and the decoding path with high resolution information
from the shallow layers are concatenated with deeper layers. To get as much meaningful
feature information as possible, we adopt a recurrent multi-fiber unit as the encoding
path in the architecture to better extract more precise detailed information and avoid the
degradation as the network grows larger and deeper. Moreover, using a 3D multi-fiber unit
can reduce the heavy computational burden in 3D convolution. In the decoder path, we
adopt the trilinear interpolation for upsampling the feature information. Meanwhile, we
utilize the detailed information and abstract information to segment the tumor accurately.
Through a comparative study, the results show that the proposed segmentation algorithm
is more effective than the 3D U-net architecture [32]. At the same time, this method has
achieved promising results in the extraction of different regions, which is better than
other methods. Extensive experiments on the BraTS 2018 challenge dataset verify the
effectiveness of our proposed RMFNet. For the whole tumor, the tumor core and the
enhancing tumor, we can attain dice scores of 89.62%, 83.65% and 78.72%, respectively.
Considering the 3D context, we also compare with the previous state-of-the-art methods.
Although the reduction of required parameters affects the training time and execution time,
the time is prolonged due to the complexity of the model. Therefore, in the future, we will
further modify our method to increase its generalization ability and improve the training
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speed. Meanwhile, we will adopt different post-processing methods to further improve
the segmentation results.
5. Conclusions
Automatic segmentation of a brain tumor has great influence in clinical diagnosis. It
reduces the burden of doctors to annotate the lesion area, and presents an accurate contour
of the anatomical tumors. In this paper, our model has designed an effective training
program to reduce false positives and enhance generalization, and the advantages of the
model are intuitive and easy to implement. Our RMFNet only has 2.65 M parameters and
37.24 G FLOPs.
Experimental results show that the performance of our algorithm is obviously better
than the previous algorithms. Quantitative evaluation of our method on the 2018 dataset
shows that our RMFNet achieved comparable dice sores (89.62%, 83.65% and 78.72% for the
whole tumor, the tumor core and the enhancing tumor, respectively) yet with less computational FLOPs and less model parameters, compared with the state-of-the-art brain tumor
segmentation approaches, e.g., 3D U-net architecture [32]. The quantitative results show
the effectiveness and potential of RMFNet as a clinical tool, reduce the heavy workload
of doctors and help to quickly and accurately segment brain tumors. In our experiments,
because of conducting 3D segmentation, it takes much more time to train. However, it
yields relatively good segmentation results. In the future, we will modify our method to
enhance its generalization ability and improve the training speed. Meanwhile, we will
apply different post-processing methods to further improve the segmentation results.
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