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Abstract—Brain tumor segmentation is critical for precise
diagnosis and personalised treatment of brain cancer. Due to
the recent success of deep learning, many deep learning based
segmentation methods have been developed. However, most of
them are computationally expensive due to complicated network
architectures. Recently, multi-fiber networks were proposed to
reduce the number of network parameters in U-Net based
brain tumor segmentation through efficient graph convolution.
However, the efficient use of multi-scale features has not been well
explored between contracting and expanding paths except simple
concatenation. In this paper, we propose a light-weight network
where contracting and expanding paths are connected with
fused multi-scale features through bi-directional feature pyramid
network (BiFPN). The backbone of our proposed network has
a dilated multi-fiber (DMF) structure based U-net architecture.
First, conventional convolutional layers along the contracting
and expanding paths are replaced with a DMF network and
an MF network, respectively, to reduce the overall network size.
In addition, a learnable weighted DMF network is utilized to
take into account different receptive sizes effectively. Next, a
weighted BiFPN is utilized to connect contracting and expanding
paths, which enables more effective and efficient information flow
between the two paths with multi-scale features. Note that the
BiFPN block can be repeated as necessary. As a result, our
proposed network is able to further reduce the network size
without clearly compromising segmentation accuracy. Experi-
mental results on the popular BraTS 2018 dataset demonstrate
that our proposed light-weight architecture is able to achieve at
least comparable results with the state-of-the-art methods with
significantly reduced network complexity and computation time.
The source code of this paper will be available at Github.

I. INTRODUCTION

MRI (Magnetic Resonance Imaging) has been widely used
for the diagnosis and treatment of brain cancer. Effective and
efficient segmentation of brain tumors such as gliomas is
critical for precision and personalized medicine [1]. However,
it has been subjective and time-consuming for well-trained
physicians to manually annotate various brain tumor regions
from MRI scans.

Over the years, many automatic brain tumor segmentation
techniques have been developed [2], [3]. For example, in
[2], visual saliency features were proposed for segmenting
brain tumors. Recently, due to the great success of deep
learning techniques, many deep learning based brain tumor
segmentation methods have been proposed [4], [5]. In [4],
Havaei et al. proposed a two-pathway architecture for brain
tumor segmentation by utilizing the popular 2D convolutional
operator and predicting the label of each pixel. Based on the
fully covolutional network [6] proposed for image segmenta-
tion, Ronnerberger et al. proposed U-Net [7] as an encoder-
decoder architecture for medical image segmentation Since
then, many U-Net variants (e.g., [8]) have also been proposed.
In order to take 3D spatial context of MRI images, various 3D
versions of U-Net including 3D U-Net [9] and V-Net [10] were
proposed. Although these methods have achieved promising
segmentation results, their computational complexity is quite
high and more efficient networks are needed for practical
applications.

There have been several attempts to explore light-weight
network architectures for efficient brain tumor segmentation.
For example, Nuechterlein et al. proposed 3D-ESPNet [11] for
efficient volumetric brain tumor image segmentation by using
efficient spatial pyramid (ESP) module with pyramidal refine-
ment block. Chen et al. proposed S3D-UNet [12] to reduce the
number of learnable network parameters by decomposing 3D
convolutions into three parallel branches. However, as a result,
segmentation accuracy has been compromised. In [13], a 3D
dilated multi-fiber (DMF) network was proposed for real-time
dense volumetric segmentation by leveraging the 3D multi-
fiber unit aggregating a group of light-weight 3D convolution
networks. However, like other U-Net based segmentation
networks, the connection between contracting and expanding
paths has not been well explored for devising effective and
efficient new networks, except simple concatenation.

With various path aggregation strategies, features at dif-



Fig. 1: Illustration of our proposed light-weight model, where W denotes the number of channels in a convolution block.

ferent levels or layers can be integrated for more effective
feature learning. Skip connection [14] was first used to capture
and propagate extra contextual information from low reso-
lution layers and high resolution ones. Based on the idea
of skip connection, several advanced techniques have been
developed, such as Feature Pyramid Network (FPN) [15], Neu-
ral Architecture Search FPN (NAS-FPN) [16], Bi-directional
FPN (BiFPN) [17], and Adaptively spatial feature fusion
(ASFF) [18]. In particular, BiFPN is one of the most efficient
and has been successfully used for scalable and efficient object
detection [17].

Therefore, in this paper, based on the existing DMF based
U-Net framework, we propose to connect the corresponding
layers along contracting and expanding paths with weighted
BiFPN, instead of simple concatenation. That is, a layer on
the expanding path will take inputs from both its precedent
expanding layer and the features fused from multiple layers
along the contracting path. As a result, features learned at
the encoder layers along the contracting path can be more
effectively passed to the decoder layers along the expanding
path. In order to preserve small network size, multi-fiber
network is also utilized in BiFPN network.

In summary, the key contributions of our proposed network
can be summarized as follows:

• We propose one of the first U-Net architectures where
multi-scale features along the contracting path are fused
as an input to the decoding layers along the expanding
path, so that the learned multi-scale features can be more
effectively passed to the decoding layers for improved
segmentation performance.

• We develop a light-weight network by adopting the scal-
able and efficient BiFPN for connecting the contracting
and expanding paths. In addition, we further reduce

the network size of BiFPN by replacing conventional
convolutional layers with MF structure.

• Our proposed model is able to achieve segmentation per-
formance on the popular BraTS 2018 dataset comparable
to that of the state-of-the-art with about 1/20-th of its
network size.

II. RELATED WORK

Many deep learning based brain tumor segmentation meth-
ods have been proposed. For example, in [19], a unified atten-
tional Generative Adversarial Network (GAN) was proposed
without pair based supervision. As our work is based on U-Net
architecture, in this section, we only review methods closely
related to U-Net. As summarized in [20], existing methods
can be categorized into three groups: data processing, model
designing methods, and optimizing methods. Considering the
symmetric architecture of U-Net consisting of a contracting
path (i.e., encoding path) and an expanding path (i.e., decoding
path), in this section, we divide the U-Net based methods
into two categories: structure based methods which focus on
designing new convolutional structures along the contracting
and expanding paths and constraint based methods which
focus on designing new constraints to enhance learning.

A. Structure based Methods

Structure based methods aim to increase the learning ability
of convolution networks through various strategies such as
enlarging receptive field and utilizing attention mechanism.
In [21], a spatial pyramid pooling (SPP) module was proposed
to produce a feature map with multi-level pooling. With SPP
modules, multi-scale features can be extracted from input
images with arbitrary sizes. Motivated by the idea of SPP [21],
Atrous Spatial Pyramid Pooling (ASPP) [22] was proposed
to derive multi-scale features of multiple receptive fields
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Fig. 2: Illustration of MF and DMF units. (a) MF Unit. Each fiber is a residual unit with two convolution layers. Information
from all input branches is fused by an information routing block, called multiplexer, before being passed to fibers. (b) DMF
Unit. One convolution layer in each fiber is replaced by a dilated convolution block, which has multiple dilated convolution
layers and each dilated convolution layer has a different dilation rate.

by using multiple parallel dilated convolutional layers with
different sampling rates. In order to address the limitation of
ASPP where features have a uniform resolution from previous
convolutional layers, receptive field block (RFP) [23] was
proposed by using multiple dilated convolutional layers. As
a result, the model focuses more on the center point of the
kernel than the father ones.

Recently, several light-weight network architectures have
been proposed for efficient brain tumor segmentation, such
as 3D-ESPNet [11], S3D-UNet [12], and DMFNet [13]. A
number of methods have also been proposed to reduce the
memory footprint of the proposed segmentation model. For
example, in [24], a partially reversible U-Net was proposed
to leverage the benefit of the reversible architecture which
allows to exactly recover each layer’s outputs from those of the
subsequent layers and eliminate the need to store activations
for back-propagation.

B. Constraint based Methods
Constraint based methods aim to introduce new constraints

by designing extra branches with extra tasks. In [25], a recon-
struction branch was proposed to introduce an autoencoder-
like reconstruction constraint. Similarly, various multi-task
learning based methods were proposed to add new branches in
parallel to the expanding path [26], [27]. For example, in [27],
two extra tasks, reconstruction and classification, were added
along the segmentation decoder by sharing the same encoder.
As a result, a total loss can be derived from the three tasks.

Another line of the constraint based methods explore the
hierarchical relationship among the tumor classes. In [28], a

two-stage cascaded U-Net was proposed to segment different
types of brain tumors from coarse to fine levels. similarly,
in [29], Tu-Net was proposed with three cascaded U-Net to
drive three types of tumor masks, respectively. In [30], a deep
cascaded attention network was also proposed.

Note that, except the methods which aim for high efficiency,
most of the abovementioned methods are very computationally
expensive in both 2D and 3D convolutional neural networks,
which makes it difficult to train and deploy them to real-time
applications. In addition, the connection between contracting
and expanding paths of U-Net has not been well explored to
further reduce the network complexity for higher efficiency,
except simple concatenation such as directly bridging the
corresponding layers of the contracting and expanding paths.

III. PROPOSED METHOD

As shown in Fig. 1, our proposed method is based on the
basic U-Net architecture and consists of two key components:
1) dilated multi-fiber (DMF) unit (a dilated version of the
multi-fiber (MF) unit) along contracting and expanding paths,
and 2) BiFPN layer connecting the corresponding layers
between contracting and expanding paths. The network takes
the four modalities of a 3D MRI scan as input and produces
a segmentation mask of three types of tumor regions. In this
section, we will explain the details of the two key components:
DMF unit and BiFPN layer.

A. Dilated Multi-Fiber (DMF) Unit

We first explain the MF unit based on which DMF unit is
built. An MF unit is actually a set of residual sub-blocks or



branches in parallel. That is, one conventional residual block
is split into a set of sub-blocks which will then be combined
together through addition or concatenation. Each sub-block or
branch is called a fiber.

The output of such MF unit can be calculated as follows:

y =

g∑
i=1

fi(xi), (1)

where g is the number of branches, x is the input vector of a
conventional residual block with C channels, xi is the input
vector for the i-th branch, and each branch will have C/g
channels. fi can be an arbitrary function, which is convolution
in our proposed architecture. As shown in Fig. 2, there are 3
fibers for illustration. That is, g = 3.

While the total number of channels is the same as the con-
ventional residual architecture, the total number of parameters
can be reduced effectively through such channel grouping. Let
Cin denote the number of input channels, Cmid denote the
number of middle channels, and Cout denote the number of
output channels with two convolutional layers in each fiber.
Let’s assume that the size of the kernel is constant, denoted
by k (e.g., 27 = 3 × 3 × 3 for a 3D filter), the number of
parameters of the conventional residual architecture, Presidual,
can be calculated as follows:

Presidual = k ∗ (Cin ∗ Cmid + Cmid ∗ Cout). (2)

When the conventional residual block is split into g
branches, the number of parameters comes to:

Pmulti−branch

= g ∗ k ∗ (Cin/g ∗ Cmid/g + Cmid/g ∗ Cout/g)

= k ∗ (Cin ∗ Cmid + Cmid ∗ Cout)/g = Presidual/g.

(3)

That is, the total number of parameters is significantly reduced
by a factor of g.

Clearly, such a grouping strategy breaks the coherence
among the branch channels, which could compromise the
model’s capacity of learning representations. To rectify this
issue and facilitate information flow among fibers, a light-
weight convolution block called multiplexer is introduced
at the beginning of the branches. The multiplexer works
as a router that mixes and redirects features from all the
branches. As shown in Fig. 2, a multiplexer block aggregates
information from all the branches by using two 1 × 1 × 1
convolution layers to mix the information without significantly
increasing the network size. The number of output channels
of the first convolution layer in multiplexer is reduced four
times to further reduce the total number of parameters. As a
result, the residual component in each fiber takes input from
both individual split features and the ones produced by the
multiplexer.

In order to capture multi-scale features through the receptive
fields with different sizes, dilated convolution is introduced to
replace the first conventional convolutional layer in a fiber of
a DMF unit. As shown in Fig. 2 (b), three dilation rates are

used and the dilated convolutional outputs are aggregated with
learnable weights w1, w2 and w3:

y =
w1 ∗ f1(x) + w2 ∗ f2(x) + w3 ∗ f3(x)

w1 + w2 + w3 + ε
, (4)

where fi is a dilated convolution layer, these dilated convolu-
tion layers have different dilation rates, and ε is used to avoid
the division by zero problem.

In summary, MF Unit and DMF Unit could help accelerate
the learning process, reduce the model redundancy, as well as
maintain good learning capacity.

B. Bi-directional Feature Pyramid Network (BiFPN) Layer

BiFPN [17] is an efficient version of the Path-aggregation
FPN (PANet) which adds a bottom-up path on to the top-
down path based multi-scale feature fusion of FPN. As shown
in Fig. 1, in order to balance the efficiency and effectiveness
of the network, the bottom-up pathway has been simplified to
reduce the number of convolutional blocks.

In this architecture, multi-level features are passed to a
BiFPN layer to produce more effective high-level features.
The features are fused in both two directions: bottom-up and
top-down, this technique gives our model the ability to learn
cross-scale features via cross-scale connections. These features
could be combined by using weighted feature fusion approach
or concatenating them together. We can stack multiple BiFPN
layers repeatedly to obtain more high-level features. As shown
in Fig. 1, we can calculate the output of the BiFPN layer as
follows:

xmid
2 = Block(F (xin2 , Resize(x3)))

xmid
1 = Block(F (xin1 , Resize(x

mid
2 )))

xout0 = Block(F (xin0 , Resize(x
mid
1 )))

xout1 = Block(F (xin1 , x
mid
1 , Resize(xout0 )))

xout2 = Block(F (xin2 , x
mid
2 , Resize(xout1 )))

xout3 = Block(F (xin3 , Resize(x
out
2 ))),

(5)

where Block is a convolution block, and F is a multi-scale
feature fusion function.

To further improve its efficiency, we utilize MF unit as
the implementation of the Block. The Resize function is used
for matching the resolution to combine them. When resizing
up, we can use UpSampling or DeConvolution layer; when
resizing down, we use Max Pooling layer.

Similar to the techniques used in DMF unit, we use the
linear weighted feature fusion to combine features so that
the model can learn and differentiate the importance of input
features, and also enable the model a fast fusion process. The
outputs xout0 , xout1 , xout2 , xout3 that we obtained from BiFPN
[17] layer have the same shapes with the input features x0,



x1, x2, x3, so we can cascade another BiFPN layer with these
outputs.

With the BiFPN layer, our model can be scaled both in
the number of channels inside the BiFPN layer as well as the
number of layers. Therefore, a family of architectures could
be derived in a scalable manner, depending on the balance
between segmentation accuracy and model efficiency.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Dataset

The BraTS 2018 dataset [32] which was provided by the
Brain Tumor Segmentation 2018 challenge [33], was used
in our experiments. This dataset contains a large number of
multi-parametric magnetic resonance imaging (mpMRI) scans
with associated delineations of the relevant tumor sub-regions.
The training set consists of 285 cases, and the validation
set consists of 66 cases. Each mpMRI case consists of four
scanned images: (1) a native T1-weighted scan (T1), (2) a post-
contrast T1-weighted scan (T1ce), (3) a native T2-weighted
scan (T2), and (4) a T2 Fluid Attenuated Inversion Recovery
(T2-FLAIR) scan.

The volume size of each component scan is 240×240×155.
The inputs for our model will be the concatenation of these
four scans, which has size 4× 240× 240× 155, together with
its corresponding ground truth segmentation result as output.
With this dataset, we focus on the segmentation of intrinsically
heterogeneous brain tumors, called gliomas. There are three
sub-regions that we need to predict: (1) Enhancing Tumor
(ET), (2) Tumor Core (TC), also known as the gross tumor,
(3) Whole Tumor (WT), also known as a complete tumor. A
special characteristics of this dataset is that the tumor core
entails ET, and WT entails both TC and ET.

B. Evaluation Metrics

Similar to [13], segmentation accuracy is measured with
two metrics: dice score and Hausdorff95 distance, and model
complexity are measured in terms of the number of network
parameters.

1) Dice Score: Dice Score (also known as Dice Similarity
Coefficient) measures the positive samples identified by an
algorithm against the overall samples of both the ground
truth samples and the false positive samples identified by the
algorithm.

More specifically, in the semantic segmentation problem, the
ground truth is represented as a mask A where value 1 denotes
a positive sample, and value 0 otherwise. With a predicted
segmentation map B produced by a segmentation algorithm,
Dice Score can be calculated as follows:

DS =
2 · |A ∩B|

2 · |A ∩B|+ |B \A|+ |A \B|
, (6)

where |A| denotes the number of positive pixels in A, A ∩B
denotes the intersection of A and B, and A \ B denotes the
number of positive pixels appearing in A but not in B.

2) Hausdorff Distance: Hausdorff distance measures the
distance between two subsets of a metric space. It has been
frequently used in evaluating the performance of medical
semantic segmentation methods because of being a robust
measurement of the largest segmentation error.

Given two point sets X = {x1, x2, ..., xm} and Y =
{y1, y2, ..., yn}, one-sided Hausdorff distance can be calcu-
lated as follows:

hd(X,Y ) = maxx∈X(miny∈Y (d(x, y)) (7)
hd(y,X) = maxy∈Y (minx∈X(d(y, x)), (8)

where d(x, y) is the distance between x and y. Similarly, we
use Euclidean distance in this paper.

Then the bidirectional Hausdorff distance between X and
Y could be formulated as follows:

HD(X,Y ) = max(hd(X,Y ), hd(Y,X)). (9)

The final bidirectional Hausdorff distance HD(X,Y ) indi-
cates the largest distance from a point in one of the two
sets to its closest point in the other set. In brain tumor
segmentation, the Hausdorff distance calculates the distance
between prediction boundaries and ground-truth boundaries.

C. Performance Evaluation

We trained our models on an NVIDIA V100 GPU with
a batch size 4, Adam optimizer, learning rate 0.001, and
weight decay 1e-5. Similar to [13], we cropped the original
scans to size 128 × 128 × 128 due to memory restriction
of our GPU, then applied several augmentation techniques to
these crops to increase training data, such as random rotation,
random intensity change, and random flip. The results may
be improved by using larger size of crop area. The state-
of-the-art model NVDLMED trained with random crop of
size 160 × 190 × 128, it makes the model learn the image
content better by remaining more information in crop area.
We trained with these settings in the first 500 epochs and then
reduced the learning rate to 0.0001 and trained another 200
epochs. The labels in this dataset include the background, non-
enhancing and necrotic tumor, peritumoral edema and GD-
enhancing tumor. The loss function we used in the training
phase is Generalized Dice Loss. At the test phase, we used the
full-size image to predict and applied test time augmentation
(TTA) technique.

We compared our proposed method with two categories of
segmentation methods: efficiency driven ones and accuracy
driven ones. The former category includes our baseline algo-
rithm DMFNet [13], S3D-UNet [12], and 3D-ESPNet [11],
the latter category includes No New-Net [31], 3D U-Net [9],
and NVDLEMED [8]. As shown in Table I, our proposed
methods clearly outperform those efficiency-driven methods
with small network size. For example, our proposed D3-W64
outperforms DMFNet W128 with nearly half of its network
size. In particular, its performance is comparable to that of the
state-of-the-art NVDLMED [8] with about 1/20-th of its size.
This indicates that utilizing multi-fiber structure leads to small



Model Params (M) FLOPs (G) Dice Score Hausdorff95
ET WT TC ET WT TC

Our D1-W64 1.38 14.99 79.64 90.63 84.92 2.69 4.30 5.74
Our D2-W64 1.76 20.37 80.08 90.68 85.04 3.05 4.36 5.81
Our D3-W64 2.14 25.75 81.20 89.79 84.42 2.59 3.61 7.04

MFNet W128 [13] 3.19 20.61 79.91 90.43 84.61 2.68 4.68 6.31
DMFNet W128 [13] 3.88 27.04 80.12 90.62 84.54 3.06 4.66 6.44

S3D-UNet [12] 3.32 75.20 74.93 89.35 83.09 4.43 4.71 7.74
3D-ESPNet [11] 3.80 76.51 73.70 88.30 81.40 5.30 5.46 7.85
No New-Net [31] 10.36 202.25 81.01 90.83 85.44 2.41 4.27 6.52

3D U-Net [9] 16.21 1669.53 75.96 88.53 71.77 6.04 17.10 11.62
NVDLMED [8] 40.06 1495.53 81.73 90.68 86.02 3.82 4.52 6.85

TABLE I: Quantitative comparison of segmentation performance on the BraTS 2018 dataset. For our proposed method, D
denotes the number of BiFPN layers and W denotes the number of channels in each convolutional unit. The item in bold font
in each column indicates the best performance, and the underlined one indicates the second-best performance.

(a) (b) (c)

Fig. 3: An example comparison of segmentation results, where each row is one slice of the scan, the peritumoral edema regions
are represented in green, the non-enhancing and necrotic tumor regions are represented in red, and the GD-enhancing tumor
regions (ET) are represented in blue. Whole tumor (WT) is the region including all the above regions; Tumor core includes the
non-enhancing, necrotic tumor region, and enhancing tumor region. (a) Input MRI images (b) Our predictions (c) Ground-truth
labels

network size and utilizing BiFPN to connect the contracting
and expanding paths with multi-scale features leads to more
effective segmentation without increasing model complexity.

An example of segmentation results is shown in Fig. 3.
The results demonstrate that our model is able to produce
a segmentation very close to the ground-truth. It is also



noticed that the boundary of the predicted segmentation looks
smoother than that of the ground-truth, which may be due
to the upsampling effect. It may be worthwhile to investigate
edge based constraints in future research.

V. CONCLUSIONS

In this paper, we present a novel light-weight yet effective
model for brain tumor segmentation. Our proposed network is
one of the first U-Net architectures where enhanced connec-
tions other than simple concatenations are established between
the contracting and expanding paths. Specifically, a dilated
multi-filber (DMF) network is utilized in the encoder layers
on the contracting path so that features are efficiently learned
at different receptive field sizes and aggregated with learned
weights. On the expanding path, multi-fiber (MF) network is
utilized to reduce the network size. In order to establish better
information flow between contracting and expanding paths, a
weighted BiFPN is utilized to fuse the multi-scale features
learned from the encoding layers in a scalable and efficient
manner. The experimental results on the BraTS 2018 dataset
show that our proposed method could achieve comparable
results against the state-of-the-art methods with much smaller
network size.
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