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Abstract. There is urgent need for accurate segmentation algorithms for infant brain magnetic resonance
(MR) images, which is significant for the development of infant brain science in the future. However, the
infant MR images brain segmentation is still an extremely challenged task since the fetus is in the process
of myelin formation and maturation, its brain tissue is not yet fully developed. There is poor contrast
between gray matter(GM) and white matter(WM) in brain tissues in both T1-weighted (T1w) and T2weighted (T2w) images. To solve this problem, we proposed a Dense-Fuse network, which can fully use
the ability of Dense Block feature multiplexing and information flow downward transfer, to preserve the
detailed features in poor contrast between GW and WM. In addition, the model also uses feature maps
fusion to achieve information complementary between different modal images, which is beneficial to make
full use of the superior information between different modalities. We compared with other methods at the
task of MICCAI iSeg-2017 Challenge. The results demonstrates that our model are very competitive and
are the optimal one according to multiple indicators.
Keywords: Infant Brain MRI Segmentation, Dense-Fuse Network,
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Introductions

With the development of human brain science, we urgently need to study the development of different brain
tissues in understanding human cognitive ability. Infants are in the most active stage of brain development
after birth, and the rapid growth of tissues has brought a wide range of cognitive and action development[1].
Nevertheless, neonatal brain segmentation in MRI is still a challenging problem due to several factors, such as
reduced tissue contrast, increased noise, motion artifacts or ongoing white matter myelination in infants.From
the figure 1, we can observe that the contrast of GM and WM is very low.
In the proposed work, we propose a Dense-Fuse Network by analyzing the characteristics of infant brain
MRI, which is based on a 3D U-net architecture[2]. First, considering the low contrast between GM and WM, we
use Dense Block[3] as the main module to retrieve deep semantic information while ensuring the preservation of
shallow details. Then considering the information complementary between multi-modal imaging, we fuse Dense
modules to realize the complementary and fusion of information learned from different modality of networks.
In general, the contributions can be summarized as follows.
• We designed a Dense-Fuse module. The module can extract the details of MRI images and fuse different
modal information.
• We designed a Dense-Fuse network. The network based on a 3D U-net backbone model that effectively
preserves the contextual semantic information of 3D images and handles the superior information between
different modal MR images.
• We compared with other methods of the MICCAI iSeg-2017 Challenge. The results show that our model
are very competitive and are optimal according to indicators.

2

Prior work

In previous research, it was common to attempt to simulate anatomical variations in brain tissue using multiple
maps[4]. However, this method is difficult to overcome the anisotropy between rapidly developing brain tissues
in infants. At the same time, the labels necessary for this method also require a lot of time and effort from
medical professionals to obtain[5].
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(a) subject1 T1

(b) subject1 T2

(c) subject1 label

(d) subject2 T1

(e) subject2 T2

(f) subject2 label

Fig. 1. T1w, T2w and label slices of some subject MRI images. It can be observed that the contrast of GM and WM is
very low.

With the successful application of deep convolutional neural networks in the field of image processing, many
methods have been introduced in medical images. For example, in brain segmentation for adult MR images,
many methods for improving the effects have been proposed and achieved good results[6][7][8][9][10]. However,
there are few studies on infant brain MRI images. The iSeg-2017 competition was proposed in the hope of making
up for the blank in the field of infant brain segmentation[11]. The competition is mainly used to segment brain
tissue such as cerebrospinal fluid(CSF), gray matter(GM) and white matter(WM)[8] through infant MRI, and
has become a well-known challenge in medical image segmentation.
2.1

Multi-modality Fusion

In the field of brain MRI processing, multimodal MRIs that have been processed in different ways are usually used
to solve different problems[9][20][6][8][19][17][15][13]. Because different modal images have different emphasis
display parts, which is beneficial to the distinction between different tissues, especially in the segmentation
field. To overcome the problem of extremely low tissue contrast between WM and GM, various works have
considered multiple modalities as the input to a CNN. In [20] MR-T1, T2 and fractional anisotropy (FA)
images are merged as the input of the network. By inputting three modes into three channels, we can learn
the features between different modes, and fuse the features to output the final results. [7] proposes a hyperdensely connected 3D convolutional neural network that employs MR-T1 and T2 images as input, which are
processed independently in two separated paths. However, these methods still have many shortcomings. [18]
adopt a sliding-window strategy where regions defined by the window are processed one-byone. This leads to a
low efficiency and a non-structured prediction which reduces the segmentation accuracy. [13] Using 2D slice as
output, a lot of spatial information is lost. The connection of [7] is so complex that it is difficult to implement
it on data of other modes.
2.2

Deep Dense Network

Deep learning models learn the hierarchy of features by building advanced features from low-level features in
a data-driven manner[20]. From the perspective of feature extraction, the architecture in densenet[3] not only
greatly reduces the number of network parameters, but also mitigates the problem of gradient disappearance
through feature multiplexing and bypass settings. Suppose entering a image X0 , the non-linear transformation
of the i layer is denoted as Hi (∗), layer i feature output is recorded as Xi . Then the output of the lth DenseBlock
can be expressed as
Xl = Hl ([X0 , X1 , ..., Xl−1 ]).

(1)

This method can effectively promote the transmission of information and realize the reuse of feature. The results
show that this method can achieve better results with fewer parameters. In this paper, we use DenseBlock module
to extract features, so as to retain more details.
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METHODS AND MATERIALS
Dense-Fuse module

Considering the characteristics of DenseBlock for feature extraction, it can not only ensure feature reuse, thus
retaining enough shallow detail information, but also realize information flow transmission. Therefore, this paper
takes Dense Block as the main module to fully preserve the infant’s detailed features while extracting the highlevel semantic information. However, only using this module can not effectively fuse the information between
different modal MRIs, so we fuse the output features of the two modal channels. We set the Dense block outputs
of different modes to DoutT 1 and DoutT 2 , and the convolution operation can be expressed as Conv(∗), Then
the final output of the Dense-Fuse module DF outT 1 and DF outT 2 can be expressed as
DF outT 1 = DoutT 1 + Conv(DoutT 2 ),
DF outT 2 = DoutT 2 + Conv(DoutT 1 ).

(2)

where the “+” stands for concatenation operation. The dense-Fuse module we proposed is shown in the figure
2.

(a) densefude1

(b) densefude2

Fig. 2. Our proposed Dense-Fuse Block. More details are retained by leveraging the features of Dense block feature multiplexing and information streaming. Through modal fusion, information complementation between different modalities
is achieved. We use (a) in the down sampling stage and (b) in the upsampling stage.

3.2

Semantic supervision

In order to encode more semantic information in low-level features, we refer to the operation of experiment [21],
and add a multi-layer semantic supervision module after network downsampling. Semantic supervision refers to
the direct assignment of auxiliary supervision to the early stage of the encoder, which can effectively improve the
low-level features and make the features contain more useful information. In this paper, our semantic supervision
consists of simple deconvolution and convolution, each layer contains only a small number of feature maps.
3.3

Backbone

We propose a two-channel two-layer downsampling 3D U-net network as the backbone network, which can
effectively preserves the contextual semantic information of 3D images and handles the superior information
between different modal MRIs. In the place of network input, two modals are input into the network separately.
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First, we use a convolution to change the number of featuremap into f . Then we input them into the DenseFuse module mentioned above. The module enters two inputs and obtains two outputs. While integrating
the informations of different modes, it does not affect the continuous backward propagation of their modal
information. Because Denseblock can effectively implement feature multiplexing, it is easy to cause the number
of convolutions to expand rapidly, so we add convolution layers outside the module to reduce the number of
convolution layers. Because of the influence of concatenate operation, the size of input and output of this module
must be the same, so we use additional maxpooling and deconvlution operation to realize the size change of
featuremap. The Backbone network we proposed is shown in the Figure 3.

Fig. 3. Our proposed Dense-Fuse module, which first inputs images of different modes into Dense block, then convolutes
the output to obtain a feature map that integrates features of different layers, and finally fuses the two modes. In the
network output part, the two modes are merged by cancat to obtain the final segmentation result.

In order to minimize the network parameters, we use Dense-Fuse block shown in Figure 2(a). in the downsampling stage and Dense-Fuse block shown in Figure B in the deconvolution stage. This is because the WM
and GM contrast of infant brain MR images are small, and it is difficult to segment accurately. Therefore, more
convolution layers are used to fit the details in the next sampling stage. On the contrary, because the network
can easily cause the loss of detail information in deconvolution, we do not need too much convolution operation
in deconvolution operation.
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Table 1. Results of the ablation experiment on the training
data set
CSF

Method
DC
our

HD AVD

GM
DC

HD AVD

WM
DC

HD AVD

95.53 1.00 1.64 89.27 1.00 11.40 85.98 1.73 20.66

Conv-Fuse

96.04 1.00 2.11 90.73 1.00 8.20 88.65 1.41 12.29

Res-Fuse

96.20 1.00 0.80 91.16 1.00 5.83 89.41 1.00 10.89

Dense w/o fuse

96.17 1.00 0.61 91.08 1.00 5.24 89.42 1.41 9.47

Dense-Fuse w/o ss 95.91 1.00 1.41 90.41 1.00 8.30 88.18 1.41 13.38
Dense-Fuse w ss

4
4.1

96.12 1.00 1.74 91.26 1.00 5.35 89.48 1.00 7.00

Experiments
Dataset and Evaluation

Dataset In this paper, we only use the data sets provided by the organizer of the competition. 10 infant subjects
(5 females/5 males) with manual labels were provided for training and 13 infant subjects (7 females/6 males)
were provided for testing[11]. Each subject include T1w and T2w MR images. the manual labels of testing
subjects are not provided to the participants for fair comparison. Each sample is usually a 256 ∗ 192 ∗ 168 3D
image. Due to memory limitations, we cut the data into 32 ∗ 32 ∗ 32 cubes, and randomly do it left and right,
flip it up and down to achieve data augmentation, and finally input it to the network,
Evaluation In order to fully compare the differences of each method, Three metrics are employed for evaluation:
Dice Coefficient(DC),The 95th-percentile of the Hausdorff distance(HD) and absolute volume difference (AVD).
DC represents the size of the intersection area of the segmentation result and groundtruth, and the higher the
index, the more accurate the segmentation is. HD and AVD values indicate boundary similarity, The lower the
result, the better[11].
4.2

Ablation Experiments

We have conducted extensive experiments to verify the effectiveness of our proposed module. In ablation experiments, we divided the 10 training subjects into three categories, 7 for training, 2 for validation, and the last
for testing. The table shows the results of ablation experiments compare the pros and cons of the method by
comparing the test results.
Verify the Dense-Fuse module. The Dense-Fuse module and semantic supervision is the core point of this
paper. It can implement feature reuse and better preserve local details. In order to verify the role of the module,
we set up four sets of comparative tests. We will first replace the Denseblock proposed in this paper with
Convolution and Resblock, which we call Conv-Fuse and Res-Fuse network. By comparison of the Row 2,3 and
6 in Table 1, we can see Denseblock has better perform. At the same time, Res-Fuse has a better effect than
Conv-Fuse, which means that Denseblock feature multiplexing and information flow propagation can effectively
improve the segmentation effect. Similarly, we removed the fusion part to compare the effectiveness of the
Dense-Fuse module for the fusion between different modal MR images, which we called Dense w/o fuse. From
the comparison of the Row 4 and 6 in Table 1, we can see that fusion for GM, WM segmentation has a significant
improvement, but it is harmful for CSF, we think this is because CSF has reached over-fitting at this time.
Verify the Semantic supervision. We use semantic supervision to supervise low-level information and
embed more semantic information in low-level features to optimize the quality of low-level features.which we
called Dense-Fuse w/o ss, the compare of Row 5 and 6 show that the semantic supervision can effectively
improve the quality of segmentation.
4.3

Comparison with other methods

We tested the proposed model in the MICCAI iSeg2017 dataset. In this challenge, A total of 21 teams successfully submitted their results to iSeg-2017 before the official deadline. These include Sungkyunkwan University,
SEJONG University and Xidian University, etc. We have listed the results of the top ten and our test results
are shown in Table 2. In the official summary of the Challenge[11], the results of the top 8 and the code of 7 of
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Table 2. Results of compared to other experiments
CSF

Method
DC
our

GM

HD AVD

DC

WM

HD AVD

DC

HD AVD

96.12 1.00 1.74 91.26 1.00 5.35 89.48 1.00 7.00

MSL SKKU[12] 96.08 1.00 1.84 91.92 1.00 4.31 90.08 1.00 6.53
LIVIA[10]

96.04 1.00 2.11 91.87 1.00 5.20 89.57 1.00 7.29

Bern IPMI

95.43 1.00 4.80 91.26 1.00 5.83 89.10 1.00 8.89

TU/e IMAG/e 95.06 1.00 7.61 90.04 1.41 8.24 89.00 1.41 9.47
NeuroMTL[16] 93.15 1.73 12.23 89.92 1.41 9.30 88.57 1.41 13.38
UPC DLMI

94.51 1.41 9.35 90.07 1.00 5.35 88.27 1.41 14.00

LRDE

92.78 1.73 1.74 88.57 1.73 13.35 86.10 1.73 17.82

them are provided. We used these codes to perform validation experiments with the same experimental setup
as the ablation experiments in section 4.2. As can be seen from the results in Table 2. Our model ranks in the
top three in all indicators, while the CSF indicators are optimal. However, GM and WM differ greatly from the
MSL SKKU[12] and LIVIA [10] because the part is poorly contrasted in the image and therefore more difficult
to segment.
Furthermore, we provided the segmentation results of the our model in Fig 4 and then compared them to
the ground-truth. According to the results of our CSF, GM, and WM, the edges of the segmentation results
are very smooth, and there is no obvious abrupt and error segmentation. From the comparison of the last two
columns of OUR and GT, there are many small CSFs interspersed in the GM in the red box, and our model
can still achieve accurate segmentation.

(a) T1

(b) T2

(c) CSF

(d) GM

(e) WM

(f) OUR

(g) GT

Fig. 4. Our segmentation results, each row represents a slice that is randomly selected. The first two columns are the
original image, the middle four columns are our segmentation results, and the last column is the ground truth.

5

Conclusions

In this paper, we propose a Dense-Fuse model for solving the problem of infant brain tissue segmentation. The
model backbone network is based on a 3D U-net architecture. The most important module of the model is
the Dense-Fuse module. By making full use of the ability of Dense Block feature multiplexing and information
flow downward transfer, the infant’s detailed features can be fully preserved, so as to solve the problem of
poor contrast between T1w and T2w in brain MRI images. In addition, the module also uses feature map
fusion to achieve information complementary between different modal images, which also makes full use of the
superior information between different modalities. Finally, we used the model in iSeg2017 organized by the
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famous conference MICCAI in the medical field. The results show that our model has obvious advantages and
achieved the best results on many indicators.
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