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Abstract

Glioma are the most common family of brain tumors,
with a subset of glioma known as glioblastoma forming the
most common and some of the highest-mortality and eco-
nomically costly forms of brain cancer. Patients are diag-
nosed based on manual segmentation and analysis of mul-
timodal MRI scans, but due to the labor-intensive nature of
the manual segmentation process and mistakes or disagree-
ment between manual segmentations, there exists a need
for a fast and robust automated segmentation algorithm.
Convolutional neural networks (CNNs) have been shown
to be extremely effective for a variety of visual recognition
and semantic segmentation tasks. Here, we present three
novel CNN-based architectures for glioma segmentation for
images from the MICCAI BraTS Challenge dataset. We
also explore transfer learning between the BraTS dataset
and other neuroimaging datasets by applying models pre-
trained on the BraTS dataset to segmenting images from
the Rembrandt dataset. Our results show that patch-wise
approaches trained on a balanced training set of tumor
and non-tumor patches delivers strong segmentation re-
sults with mean dice score of 0.86. The results from trans-
fer learning show that applying models pre-trained on the
BraTS dataset to other neuroimaging datasets is promising
but requires further work.

1. Introduction
Brain tumors have an average incidence rate of 26.55 per

100,000 for women and 22.37 per 100,000 for men [12].
Gliomas are the most commonly occurring type of brain tu-
mors and are potentially very dangerous [15, 9], with about
90% of gliomas belonging to a highly aggressive class of
cancerous tumors known as glioblastomas [30]. Glioblas-
toma is the most common form of brain cancer and is highly
aggressive, with a 5 year survival rate of 5.3 % for patients
aged 40 to 64 [12] and median survival time of 331 to 529
days (depending on the course of treatment) [20]. In addi-
tion to high mortality rates, glioblastoma is very costly to

(a) T1 (b) T1 contrast enhanced

(c) T2 (d) FLAIR

Figure 1: BraTS dataset images. Images from ITK-Snap.

treat, with a mean expenditure of over $100,000 in the six
months post surgery [20]. Consequently, there exists a sig-
nificant need to accurately diagnose gliomas and glioblas-
tomas in their early stages.

Multimodality magnetic resonance imaging is the pri-
mary method of screening and diagnosis for gliomas [30].
Accurate segmentation of the tumor to determine features
such as volume, spread, and location is critical to diagnosis
and forming a course of treatment [15, 10, 31]. Currently,
tumor regions are segmented manually by radiologists, but
advances in computer vision have made possible the ability
to automate the segmentation process. Specifically, tumor
segmentation algorithms based on convolutional neural net-
works (CNNs) have been shown to be at least as effective
as other automated tumor segmentation methods [10].

Here, we present a novel approach to glioma segmenta-
tion based on deep neural networks. We present two patch-
wise CNN architectures for patch-wise binary classification
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of tumor and non-tumor regions, and a full-image CNN ar-
chitecture. We will train and test both architectures on the
BraTS Challenge dataset [15] (example images shown in
Fig. 1), and explore transfer learning to the Rembrandt
dataset [24]. Due to the relatively small size of the data
sets involved, we also explore several methods to prevent
model overfitting and improve robustness.

In the following, we introduce a brief overview of pre-
vious work for biomedical image segmentation and transfer
learning. We then propose and evaluate our model architec-
tures for tumor segmentation. Finally, we present results for
transfer learning between neuroimaging datasets.

2. Related Work

Beginning with the success of [13], in recent years there
has been a growing interest in using CNNs for image clas-
sification and segmentation. Motivated by the efficacy of
CNNs and other deep architectures across computer vision
tasks, there is much interest within the medical community
in applying CNNs to medical image processing problems
due to the high accuracy and throughput possible with these
algorithms [11].

2.1. Deep Learning in Medical Imaging

The first notable study to apply deep neural networks to
biomedical image processing was [4], which used a CNN
architecture to perform pixel-wise classification of elec-
tron microscopy neuron images into membrane and non-
membrane pixels. Due to the early successes of [4] and
others, interest in applying CNN architectures to medical
images has burgeoned in recent years [11].

Medical image analysis and segmentation problems
present several unique challenges. First, patient data in
medical imaging problems tends to be exceedingly hetero-
geneous [15], where the same pathology can present in very
different ways across patients. Further complicating the
challenge of medical image segmentation is the relatively
small size of the data sets available, and the available data
being incomplete or inconsistent. While most computer vi-
sion data sets such as [6, 5, 23] contain thousands or even
millions of examples, in medical imaging problems there
are rarely more than a few hundred examples in a data set;
consequently, CNNs trained on these data sets are highly
prone to overfitting [10]. Nevertheless, CNN-based meth-
ods have been shown to perform at least as well as other
methods (e.g. support vector machine, generative models),
and are very promising for applications in medical image
segmentation [15].

2.2. Image Segmentation

There exist two main approaches to semantic segmen-
tation: pixel-wise segmentation, where a small patch of

an image is used to classify the center pixel, and fully-
convolutional architectures as first proposed by [14], where
the network input is the full image and output is a semantic
segmentation volume. [17] and [1] have explored the latter
using VGG-inspired [26] architectures and shown fully con-
volutional networks to have accuracy comparable to pixel-
wise approaches with a significantly lower computational
cost.

Several CNN-based methods have been proposed for
brain tumor segmentation from multimodal MRI, including
those based on segmenting individual MRI slices [8], vol-
umetric segmentation [2], and CNNs combined with other
statistical methods [10]. Nearly all current architectures for
brain tumor segmentation use a pixel-wise U-net approach
as in [3, 22], which have been promising but still show lim-
ited success. Furthermore, while [16] has applied fully con-
volutional networks to other biomedical problems, no study
thus far has used a fully convolutional approach for the spe-
cific problem of brain tumor segmentation.

2.3. Transfer Learning

Transfer learning has been applied widely to CNNs in
many visual recognition tasks to obtain high performance
when minimal labeled data is available. [18] has shown
that CNNs consistently learn similar image features even
when trained on data sets that differ in statistics and tasks.
Indeed, many state of the art results and networks use pre-
trained CNN trunks such as [13, 26, 29, 7, 21] for efficient
image feature extraction.

In medical image analysis, transfer learning is both es-
pecially useful and exceptionally challenging. Large-scale
medical image datasets are very rare and often impracti-
cal to obtain, so transfer learning provides a viable means
to train data-hungry neural networks. At the same time
thought, medical image data sets tend to vary greatly de-
pending on the patients and tasks, making transfer learning
more difficult and nuanced than in other visual recognition
tasks.

3. Model Architecture
Motivated by the tremendous success of deep neu-

ral networks in a variety of visual recognition tasks [13,
26, 29, 7, 21] such as image classification [23, 5] and
semantic segmentation [14], in this section we propose
three novel architectures for brain tumor segmentation from
multimodal MRI: a baseline voxel-wise CNN, a fully-
convolutional patch-wise CNN, and a full-image fully-
convolutional CNN.

3.1. Preliminaries

We represent the input as a fourth order tensor I ∈ n3 ×
C, where the image is dimension n3 with C channels per
voxel. For this study, we will always take C = 4, since our
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Figure 2: Baseline Architecture Diagram. Input is 253 × 4 volume (single slice shown, channels represented by slice depth).
3D convolutional layers (cyan) followed by ReLU activation. Fully connected layers (green) implemented as 13-kernel
convolutions; first layer is followed by ReLU and dropout. Scores (red) for background and foreground.
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Figure 3: Patch-wise Fully-Convolutional Network (FCN) Architecture Diagram. Input same as baseline model. 3D con-
volutional layers (cyan) followed by ReLU activation, dropout, and 2 × 2 max-pooling. 3D deconvolutional layers (blue)
followed by ReLU and dropout. Scores (red) for background and foreground for entire patch.

inputs contain 4 MR modalities. The output tensor O will
have dimensions O ∈ n3 × K, where K is the number of
semantic classes treated by the architecture (here K = 2).

3.2. Baseline Convolutional Network

The baseline convolutional network (BCN) model [28]
functions by computing voxel-wise probabilities for each
sub-region of the image. To do this, we use a CNN archi-
tecture with 3D convolutional kernels outlined in Fig. 2.
Each convolutional layer is followed by a ReLU nonlinear-
ity, which we omit in the diagram for brevity. The final
two layers are fully-connected layers implemented as 13-
kernel convolutions. The input to the baseline model is a
253 × 4 sub-cube randomly sampled from the input image
tensor I , and the output is a 93 volume providing estimates
for a 9 × 9 sub-patch of the input volume. We train the
model using softmax cross-entropy loss with L2 regular-
ization and Adam optimization. The model architecture is
shown in Fig. 2.

3.3. Fully-Convolutional Network

We also implement a patch-wise fully-convolutional net-
work (FCN). The FCN takes as input a 243 patch of the
input volume and outputs a 243 segmented volume. The
network consists of two 3D convolution and two 3D decon-
volution layers. The convolutions are followed by a ReLU
activation function, dropout, batch normalization, and 2×2

max-pooling. The deconvolution layers are followed by
ReLU activations and batch-normalization. Batch normal-
ization has been shown in [14] to reduce internal covari-
ance shift in convolution-deconvolution architectures, and
dropout is well-known to help prevent overfitting during
training and improve model generalization when evaluating
on the test dataset. The model uses softmax cross-entropy
loss with L2 regularization and is trained using Adam opti-
mization. The model architecture is shown in Fig. 3.

3.4. Full-image Fully-Convolutional Network

Finally, we propose a full-image fully-convolutional
network (FIFCN) architecture inspired by that used in
[17]. The deconvolutional network is a mirror of the for-
ward network, with maxpooling layers replaced with un-
pool/deconvolution layers with learnable filters as originally
proposed in [32].

The architecture in [17] was based on VGG16 [26], but
we instead use a network loosely-based on the 11-layer
CNN from [27]. To reduce the number of parameters, we
first reduce the number of layers from 8 convolutional and 3
fully connected layers to only 5 convolutional layers. Sec-
ond, we use ∼ 4× less filters at each layer. We retain the
ReLU activation function and 2× 2 max-pooling after each
convolutional layer.

To reduce the bias towards the background class and de-
crease computational cost, we first reduce the input volume
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Figure 4: Full-Image FCN Architecture (FIFCN) Diagram. Input is full image (single slice shown, channels represented
by slice depth). 3D convolutional layers (cyan) followed by ReLU activation and 2 × 2 max pooling. 3D deconvolutional
layers followed by ReLU and batch normalization. Output (red) contains class scores for background and four tumor regions.
Primary advantage of FIFCN is potential speedup in throughput.

size from 240× 240× 155 to 160× 160× 144, then further
down sample via 2×2 max-pooling. The image then passes
through the convolution and deconvolution layers. The out-
put of the network is a 160 × 160 × 144 volume with pre-
dictions for tumor and background classes. This volume is
then padded with pixels labeled as background to create the
final output volume. For the loss function, we examine the
performance of both softmax cross-entropy loss (per [17]),
and Dice score loss as in [16]. We include L2 regularization
and train using Adam optimization. FIFCN architecture is
shown in Fig. 4.

4. Experiments

4.1. Dataset Overview

The BraTS 2017 dataset contains T1, T1 contrast en-
hanced, T2, and FLAIR images for a total of 243 patients
(135 glioblastoma and 108 lower grade glioma) that have
been manually segmented into tumor core, enhancing tu-
mor, and background regions [15]. Example images are
shown in Fig. 1. The BraTS dataset contains segmenta-
tions for necrotic core tumor, enhancing core tumor, non-
enhancing core tumor, and edema regions. The full BraTS
Challenge is to obtain the highest possible segmentation
score for all four regions, but here we focus exclusively on
segmenting tumor regions from the background.

We use 178 images for training the models and 44 for
evaluation. To pre-process the input images, we normal-
ize the images to be zero-mean and unit standard deviation.
The images in the BraTS dataset have a consistent shape of
240× 240× 155 voxels, so it is unnecessary to zero-pad or
otherwise further process the images.

4.2. Performance Evaluation

For all tasks on both models, the primary performance
metric is the mean dice score, which is a standard evaluation
metric in the medical imaging and computer vision commu-
nities. The dice score for output predictions P ∈ {0, 1} and
the expert’s consensus ground truth T ∈ {0, 1} is defined
as:

Dice Score =
2|P1 ∩ T1|
|P1|+ |T1|

(1)

where P1 and T1 represent the set of voxels where P = 1
and T = 1 [15].

4.3. Results

The validation dice score results for all models trained
on the BraTS dataset are summarized in Fig. 5, and a com-
parison with previous studies is shown in Table 1. The dice
score data shows that the patch-wise approaches (BCN and
FCN) perform dramatically better than the FIFCN models.

The poor performance of the FIFCN is likely due to sev-
eral factors. First, because of the overwhelming number
of “background” class pixels in comparison to the number
of “tumor” class pixels in all training and test samples, the
FIFCN model biases very heavily towards the background
class. Secondly, the tumor is mainly distinguished from the
background class by textural features as opposed to inten-
sity values. Since the intensity is fairly homogeneous across
the cortex (including tumor and edema regions), it is nec-
essary for the model to learn textural features with which
to represent and segment the image. This is challenging
due to the relatively small size of the training set and com-
paratively large number of parameters in the model, so the
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Figure 5: Histogram of dice scores across validation set for models trained and tested on BraTS dataset. The BCN and
FCN models (mean dice 0.84, 0.86) performs strongly compared to the top benchmark accuracy (mean dice 0.90 [15]). The
FIFCN models do not perform very well. The dice score loss model performs better, but the scores are poor compared to the
patch-wise architectures. This is most likely due to the FIFCN model biasing heavily towards the background class.

(a) Original (b) Ground Truth

(c) BCN (d) FCN

Figure 6: (a) Original T1 image, (b) Ground truth segmenta-
tion (cyan), (c) Segmentation via BCN model, (d) Segmen-
tation via FCN model. Correct voxels (blue), unidentified
voxels (red), mis-identified voxels (green). The segmenta-
tion quality from both models is comparable. Images from
ITK-Snap.

model seems to be overcome with bias towards background
pixels before it is able to learn useful textural features.

The patch-wise models perform much more strongly
since a patch will typically contain a majority of tu-
mor or non-tumor pixels. During training, the BCN and
FCN are trained on majority-tumor patches and majority-
background patches which randomly selected with equal
probability. Consequently, an implicit classification be-
tween tumor and non-tumor patches becomes built into the
model, thereby increasing the segmentation accuracy.

An example of brain MRI slices from validation set im-
ages segmented via the BCN and FCN models are shown in
Fig. 6. We observe that the patch-wise segmentation does
not disproportionately over- or underestimate the number of
pixels in the tumor region, and qualitatively provides very
strong segmentation results.

While overall the FIFCN model does not perform well,
the dice score loss performances significantly better than
the cross entropy loss when trained on the same model
and dataset. This is in line with the results in [16], which
showed a significant improvement in accuracy for brain tu-
mor segmentation when the network was trained to maxi-
mize the dice score instead of other more conventional loss
functions (e.g. cross-entropy loss). Therefore, these results
validate the findings of [16] and support the use of a dice
score loss for medical image segmentation.

The patch-wise approaches could be improved most eas-
ily by including pre-computed textural features (e.g. Gabor
wavelets) in the model, or by employing a U-Net approach
as in [16]. Similarly, the FIFCN could be improved by using
a U-Net approach, since this would enable more high-level
image features to be preserved. In general, the performance
of the FIFCN seems to suffer primarily due to the strong
bias towards background pixels, so future iterations should
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include a structural change to address this bias.

4.4. Ablation Study

We also perform an ablation study for the BCN and FCN
models. The results from the ablation study is summarized
in Table 1. In general, adding dropout and batch normaliza-
tion layers noticeably increases the dice score for the mod-
els. Example loss curves and dice scores are given in 7.
We observe that the batch normalization and dropout model
has a significantly lower final loss score, but the mean dice
score is not greatly improved over the other models with
dropout and batch normalization. Overall, the most accu-
rate versions of the two models perform comparably to dif-
ferent architectures presented at the 2014 MICCAI BraTS
Challenge workshop. It should be noted that these stud-
ies were evaluated on the 2013 and 2014 iterations of the
BraTS dataset and were for the full dataset i.e. both HGG
and LGG samples, whereas our model is evaluated on only
HGG patients with the 2016 and 2017 datasets.

5. Transfer Learning
5.1. Dataset

The Rembrandt dataset from [25] contains 57 multi-
modal images of glioma patients. The Rembrandt dataset
is significantly smaller than the BraTS dataset, but has the
same task and therefore naturally lends itself to transfer
learning via the BraTS dataset.

The primary differences between the BraTS and Rem-
brandt datasets are the image resolution and the acquisition
sequences. The Rembrandt images are 160×160×53 vox-
els, which is smaller than the BraTS images, and were also
acquired with different MR pulse sequences than the BraTS
dataset. While a given MR modality will have the same gen-
eral intensity and textural features regardless of the pulse se-
quence, different sequences can cause differences in image
quality.

The approach we take for transfer learning is to pre-train
a model on the larger BraTS dataset, then use this as an
initialization for the Rembrandt segmentation network and
train on the Rembrandt dataset. We focus on applying trans-
fer learning with the BCN and FCN models since these
were the strongest architectures for the BraTS dataset. We
present results for the “original” architecture, which has not
been modified from that used on the BraTS data, and “fine-
tuned” architectures, which were pretrained on the BraTS
data but modified to deliver stronger results for the Rem-
brandt images.

5.2. Model Structure

For transfer learning, we employ the same general archi-
tectures as for the BraTS dataset. In the “original” architec-
tures, we do not modify the model beyond accommodating

for the different input and output size required by the Rem-
brandt dataset. In the “fine-tuned” architectures, we add ad-
ditional dropout and batch normalization layers to improve
performance. Results for both architectures are presented in
the following section.

5.3. Experiments

We initially train on the BraTS dataset, then further train
the model using 46 images from the Rembrandt dataset,
saving 10 images as the validation set. Fig. 8 summarizes
the segmentation results for the transfer learning. There are
three main takeaways from the results. First, we observe
that fine-tuning the model significantly improves the seg-
mentation quality, both in terms of the histogram (the distri-
bution is much more skewed left for the fine-tuned models)
and the mean dice score. This change is expected since the
original model was designed to work well with the BraTS
dataset, whereas the design choices for the fine-tuned model
is made based on Rembrandt images.

Secondly, we observe that the BCN slightly outperforms
the FCN. This is most likely due to the BCN relying less
on the specific image features than does the FCN. In the
FCN, the convolutional layers compress the image as high-
level features, then the deconvolutional layers rebuild the
segmented image from these features. While this is a po-
tentially very powerful architecture, the implicit assump-
tion is that high level features for similar images will also
be similar. However, the difference in quality and resolu-
tion of the Rembrandt images compared to the Brats im-
ages means this assumption may not hold very strongly, and
therefore we see a drop-off in segmentation quality between
the BraTS and Rembrandt datasets. A similar effect of the
high-level features being corrupted by the differences be-
tween the images can also account for the sharp decrease
in performance of the BCN model when moving from the
BraTS to the Rembrandt dataset, but some of this drop-off
is presumably tempered by the use of fully-connected layers
instead of deconvolutional layers to perform the prediction.

Finally, the results show that the segmentation quality is
very inconsistent across the validation set. For all models,
we observe both very high and very low segmentation qual-
ity. The fine-tuned FCN model in particular has samples in
every bin across the histogram. This shows that while trans-
fer learning may be promising for applications to glioma
segmentation, it is not necessarily reliable and is still highly
dependent on image quality and resolution.

Fig. 9 shows an example Rembrandt image segmented
via the FCN model. Qualitatively, fine-tuning the model no-
ticeably improves the segmentation quality, as shown by the
results in Table 2. In particular, the number of unidentified
voxels (red) is significantly reduced using the fine-tuned
model. However, the segmentation quality is still poorer
than for the BraTS dataset.
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Study Method Mean Dice Score (%)
Urban [19] Deep CNNs 87
Reza [19] Random forest 92
Goetz [19] Randomized trees 83

Model Version Average Dice Score (%)
BCN — 82.7
BCN + Dropout 84.2
BCN + Batch Normalization 83.4
BCN + Dropout + Batch Normalization 84.5
FCN — 83.8
FCN + Dropout 83.6
FCN + Batch Normalization 84.1
FCN + Dropout + Batch Normalization 86.1

Table 1: Ablation study and comparison with previous BraTS Challenge studies. Note that the previous studies used both
HGG and LGG patients from an earlier iteration of the BraTS dataset for training and evaluation. Here, we focus on HGG
patients with the most current BraTS dataset.
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(d) BCN Dice score curves

Figure 7: Loss and evaluation set dice score curves for the ablation study. Here, the dice score was evaluated on the evaluation
set every 3 iterations during training.

Overall, transfer learning is a promising approach for
augmenting and initializing CNNs for brain MRI segmen-
tation when using small datasets, but there remains much
work to be done. Specifically, there are many challenges to
overcome in pre-training and training for images of differ-

ing resolutions. However, as the fine-tuning results demon-
strates, it is indeed possible to significantly increase the ac-
curacy of a model by fine-tuning, and this in turn suggests
that with further work it will be possible to effectively apply
transfer learning to brain MRI segmentation.
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Figure 8: Histogram of dice scores across validation set. Fine-tuning the model by adding batch-normalization layers in-
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(a) Original Image (b) Ground Truth

(c) FCN Before Fine-tune (d) FCN Fine-tuned

Figure 9: Examples of segmentation via transfer learn-
ing. (a) Original image, (b) Ground truth segmentation
(cyan), (c) FCN segmentation before fine tuning, (d) FCN
model segmentation after fine-tuning. Correct pixels (blue),
unidentified voxels (red), mis-identified voxels (green). We
see that fine-tuning the model noticeably improves the seg-
mentation quality. Images from ITK-Snap.

Model Method Average Dice Score (%)
BCN Pre-trained 40.8
BCN Re-trained 45.2
BCN Fine-tuned 53.5
FCN Pre-trained 38.2
FCN Re-trained 50.3
FCN Fine-tuned 52.2

Table 2: Ablation study and comparison for transfer learn-
ing experiments of both BCN and FCN. We evaluate on
the same Rembrandt dataset with the model pre-trained on
Brats, the model retrained on a small Rembrandt training
subset (11 samples), and the model fine-tuned and retrained
on the training subset.

6. Conclusion

Here we have developed three novel architectures for
brain tumor segmentation and evaluated their accuracy on
the BraTS Challenge 2017 dataset, and also explored the
application of transfer learning from the BraTS architec-
ture to the Rembrandt dataset. Many of the results pre-
sented here—specifically, the use of patch-wise approaches
to glioma segmentation—are very promising. Future work
should focus on developing a more complex FCN archi-
tecture, and applying dice loss to both the BraTS dataset
and transfer learning. Overall, we are optimistic that with
further work, it will be possible to use CNN-based archi-
tectures to efficiently and effectively segment brain tumors,
and thereby bring many of the applications such as surgical
planning and visualization closer into reach.
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