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Abstract. Gliomas are the most common type of primary brain tu-
mors, and high-grade gliomas are typically treated using a combination
of chemotherapy, radiation therapy, and surgical excision. For the latter
two therapy options, precise knowledge about the location of the tumor
and its components is required, which can be obtained using MRI scans.
Manually labeling the tumor area in those 3-dimensional images is a te-
dious and time-consuming task, hence major efforts have been made to
provide automated segmentation. We present our solution to the BraTS
2021 challenge Taskl, where we segment gliomas in MRI scans using a
SegNet-based approach, achieving competitive and stable performance
across tumor types and components. Compared to previous solutions
using UNet architectures, our model achieves improved segmentation of
the peritumoral edema and comparable performance for the other classes
while reducing the number of parameters.
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1 Introduction

1.1 Gliomas

Gliomas are tumors arising from supporting cells of the brain and represent
the most common form of primary brain tumors. Several distinct entities can
be distinguished based on their cells of origin and their malignity, with the
majority arising from astrocytes (astrocytomas). Among these, glioblastomas
(GBMs), also known as grade IV astrocytomas, are both the most common
and associated with the worst clinical outcome. Without treatment, the median
survival of patients is just 3 months, which can be extended to 15 months through
combined treatment with chemotherapeutic agents, radiation, and surgery[8].
Due to the extensive capacity of GBMs to invade the surrounding healthy
tissue, as well as the need to destroy as many cancer cells as possible while
leaving healthy brain tissue intact, it is vital to obtain a precise localization of
the tumor and its sub-regions[16]. At the core of the tumor, there is typically a
necrotic zone, caused by nutrient and oxygen starvation in fast-growing tumors
(here abbreviated by TC)[14]. This zone is surrounded by living and proliferating
tumors cells, the enhancing tumor (ET). As GBMs compromise the integrity
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of the blood-brain barrier, the tumor is surrounded by an edema, caused by
extravasation of fluid from leaky blood vessels in the tumor’s vicinity (WT)[17].
These different tumor compartments can be distinguished by medical imaging.
The gold standard for this is multi-modal magnetic resonance imaging (MRI),
a technique which delivers images highlighting different structures within soft
tissues.

1.2 Segmentation

T1CE

Fig. 1. Four different modalities of MRI scans used for the segmentation. Top row:
modalities alone. Bottom row: Superimposed ground truth for segmentation with the
peritumoral edema shown in blue, enhancing tumor in red, and necrotic tumor core in
green.

Segmentation refers to the task of identifying regions in an image that belong
to a certain class, e.g. tumor, healthy tissue, and background. In contrast to ob-
ject detection, no attempt is made at separating bordering areas belonging to the
same class but different entities thereof. Thus, the typical output of a segmen-
tation is a so-called segmentation map, a tensor of the same size as the original
image in terms of spatial dimensions, but with one or several channels indicating
the presence of certain mutually exclusive or potentially overlapping features, re-
spectively[18]. Due to this relationship of the input and output images, UNet
architectures have been exceedingly successful[11]. These convolutional neural
networks correspond to an autoencoder-like structure with skip connections be-
tween the corresponding encoder and decoder blocks, concatenating the encoder
weights to the decoder ones while restoring the image size through transposed
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convolutions. The skip connections thus enable the preservation of spatial in-
formation[15]. Because max-pooling on the encoder is reversed using transposed
convolutions with a receptive field of more than pixel or voxel, some information
about maxima is lost during the process. Furthermore, transposed convolutions
need to be learned, adding parameters to the model. SegNet architectures aim
to alleviate this problem by using unpooling layers instead of transposed con-
volutions. In these models, the indices of the maxima identified during the max
pooling are retained and passed to the unpooling layers, perfectly preserving the
localization of the maxima and improving the resolution of the segmentation
map|3].

2 Methods

2.1 Data sources

Data used in this publication were obtained as part of the RSNA-ASNR-MICCAI
Brain Tumor Segmentation (BraTS) Challenge project through Synapse ID
(syn25829067) [4,12,5]. 3D Nifti images of size 155 x 240times240 (Depth x
Height x Width) with one channel for each of the four modalities were used as
input to the model, while training labels were provided as single-channel Nifti
with integer class labels. Example images are shown in figure 1.

2.2 Preprocessing

The data obtained were already skull-stripped, scaled, and cropped as described
previously. Our implementation of a SegNet was based on the nnUNet frame-
work, so the additional preprocessing corresponded to that described in [11]. Im-
portantly this includes the cropping of the original input size of 155 x 255 x 255
to 128 x 128 x 128 (see figure 2).

2.3 Network architecture

Table 1. Parameter counts for nnUNet and nnSegNet model architectures.

nnUNet [nnSegNet
Number of parameters|31,198,176|27,663,648

The proposed nnSegNet architecture is designed to be an efficient deep con-
volutional neural network for pixel-wise semantic segmentation. It is based on
the nnUNet framework [11].

The encoder topology of the nnSegNet consists of five max pooling operations
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Fig. 2. Depiction of the UNet and SegNet architectures used. Both network types are
largely equivalent, with the exception of transposed convolutions in the decoder of the
UNet being replaced by unpooling layers in the SegNet (green arrows).

with kernel size of 2x2x2 and a stride of 2x2x2. The indeces of the max pooling
operation are saved and later used in the Unpooling operation. The Unpooling
operation with a kernel size of 2 x 2 x 2 and stride of 2 x 2 x 2 allows to recreate
the feature map size of the corresponding encoder step. The feature map of the
corresponding encoder step and the unpooled feature map are concatenated in
the decoder part of the network. For a visual comparison of both architectures,
see Fig. 2.

2.4 Training

Every network architecture was trained for 1,000 epochs with 250 iterations for
each epoch. The initial learning rate was set to 0.01 and a polynomial learning
decay was used. As an optimizer we used Stochastic gradient descent with a
momentum of 0.99 and weight decay of 3 x 1075, To train the model we used
deep supervision on auxiliary outputs on different depths of the network (see
figure 2).

As a loss function we used a sum of the dice coefficient and the binary cross
entropy loss on all auxiliary outputs. The final loss was computed as the weighted
sum of all auxiliary losses.
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2.5 Postprocessing

To obtain the final prediction we used the computed softmax for every class in a
sequential pattern. First, the output mask for the WT class was generated with
a given threshold. Second, the output mask for the NC class was generated with
a given threshold and the previous mask was overwritten. Finally, this step was
repeated for the ET class.

During training the thresholds for all classes were set to 0.5. To improve the final
model performance, we optimized the softmax thresholds for every class (see
figure 4) on a 5-fold cross validation. For every fold we sampled 1000 different
threshold combinations. Due to the interdependence of the different classes and
the resulting large search space, we decided to use a Tree-structured Parzen
Estimator Approach (TPE) to optimize the thresholds[7]. Finally, we used the
median thresholds for every class from all five folds. This optimization has been
done separately for the nnSegNet, nnUNet and their Ensemble. We used optuna
[2] as optimization framework.

Our second postprocessing step, is aimed to reduce false positive ET predictions.
Therefore, we used two thresholds on the predicted ET volume and the predicted
NC volume. These thresholds were computed with a decision tree algorithm with
a depth of two. Finally, the ET label was suppressed in the final prediction an
replaced by the next highest softmax value, if the predicted ET volume was
< 129.5 and the NC volume was > 16954.0.

2.6 Metrics

Several metrics were used in the evaluation, specifically the Dice coefficient[9],
sensitivity, specificity, and Hausdorff95 distance[13]. The first three are calcu-
lated from overlap of sets, with TP indicating true positive, FP false positive,
TN true negative, and FN false negative:

Dive — 2P n
T ATPYFP+FN
TP
ity — 5
Sensitivity TP+ FN (2)
e TN
Speci ficity = TN FP (3)

The Hausdorff95 distance is defined by the supremum sup of the distance d
between two sets X and Y, made more robust to outliers by reporting the 95th
percentile rather than the maximum:

dros = Pos {Sup d(z,Y),sup d(X, y)} (4)
zeX yey
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3 Results

3.1 Model architecture

To gauge the performance of existing model architectures, we first trained a
UNet using the nnUNet architecture, a frontrunner in previous segmentation
challenges. On the training dataset with 5fold cross-validation, this network al-
ready outperformed top solution of the past years, likely due to the increased
size of the training dataset(Fig. 3)[6, 1].

As with relatively few exceptions the predicted segmentation masks were very
close to the ground truth labels, we hypothesized that performance gains could be
achieved via smaller adjustments to the network and postprocessing rather than
through rewriting the entire architecture. Specifically, we aimed to increase the
resolution of the predicted masks while reducing the risk of overfitting. To this
end, we replaced the transposed convolutions in the decoder part of the network
with unpooling layers, leading to a SegNet architecture(here called nnSegNet due
to its integration into the nnUNet framework) which should result in a better
conservation of location while also reducing the number of parameters in the
model by roughly 10% (Tab. 1)[3]. This resulted in a slight stabilization of the
metrics characterized by a lower standard deviation and inter-quartile range of
the individual sample scores (Fig. 3).

On the public validation dataset, the performance of the nnSegNet was
slightly decreased for the tumor core and enhancing tumor classes, but in-
creased for the peritumoral edema (Tab. 2), with mean scores slightly favoring
the nnUNet architecture. An ensemble method combining the predictions of the
nnUNet for TC and ET and the nnSegNet for WT did not appear to achieve an
overall increase in performance on the training set with cross-validation (Fig. 3).

3.2 Postprocessing

To further improve the performance, we decided to fine-tune the class assign-
ment. As class labels were non-overlapping, it would be possible to use the
argmax along the output channels. However, as the classes are nested and pre-
dicted with different sensitivities, we took a different approach, sequentially pre-
dicting each class to be present if the softmax surpassed a certain threshold (see
Methods)[11]. To improve the performance of our model, we decided to tune the
threshold for each class, revealing that the previously used threshold of 0.5 is not
ideal for all classes (Fig. 4). For ensembles of nnSegNet and nnUNet, this ap-
proach was used with the softmax activations for TC and ET from the nnUNet
and WT from the nnSegNet, but this did not lead to a major improvement (Figs.
3 and 4).

3.3 Missing classes

For the ET class, we observed a drastic difference of the mean HD95 between
the training and validation sets. Upon closer inspection, we found this to be
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Fig. 3. Performance metrics for different model architectures. Per-image metrics are
shown for images from the training dataset, using 5fold cross-validation. Ensemble
denotes a combination of nnSegNet activations for the peritumoral edema and nnUNet
activations for the other classes. horizontal lines indicate the median, boxes depict the
inter-quartile range (IQR), whiskers extend to 1.5x the IQR.

caused by several outliers where ET area was predicted, but was absent from
the ground truth annotation. In the metrics calculation for the BraTS challenge,
these cases were scored with a HD95 of over 370, resulting in a strong skewing of
scores considering the mean score for correctly predicted images was below 10.
To address the erroneous prediction of ET voxels in images where no enhancing
tumor was present, we made use of the observation that these images typically
had very few voxels predicted to be ET, allowing us to set a threshold below
which we could reassign the voxels to one of the other two tumor classes or
background.

Table 2. Performance metrics for all classes for various model architectures. pp indi-
cates models subjected to threshold tuning and removal of small ET predictions.

Model Dice WT|Dice ET|Dice TC|HD95 WT|HD95 ET|HD95 TC
nnUNet 0.926 0.816 |0.885 |3.793 22.873 7.425
nnSegNet 0.928 [0.808 |0.877 |3.483 26.232 7.571
Ensemble 0.926 0.808 |0.885  |3.792 26.231 7.406
nnUNet pp {|0.926 0.848 |0.886  |3.783 9.286 5.813
nnSegNet pp|(0.928  |0.847  |0.878 3.470 9.335 7.564
Ensemble pp||0.926 0.843 |0.887 |3.783 9.432 5.789

Still, overall scores were strongly influence by poorly performing outliers, as
can be seen from the discrepancy of mean and median score values of the nnSeg-
Net (Tab. 3). Similar effects were observed for the other model architectures.
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Table 3. Mean vs. median performance metrics for the nnSegNet.

Dice WT|Dice ET|Dice TC/HD95 WT|HD95 ET|HD95 TC
mean 0.928 0.847 | 0.878 3.470 9.335 7.564
median| 0.948 0.903 0.944 2.236 1.414 1.732
nnUNet
Edema Enhancing Necrotic
-
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Fig. 4. Threshold optimization. Results of the parameter tuning of thresholds for as-
signing classes from the softmax activations of the model output. Thresholds are shown
on the horizontal axis, Dice coefficients on the vertical axis. Grey levels indicate the
density of trials where a corresponding score was achieved. Top row: UNet architecture.
Middle row: SegNet architecture. Bottom row: Ensemble with WT from SegNet and
the other classes predicted from the UNet activations.
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4 Discussion

While the models presented achieve a markedly increased performance compared
to previous top competitors, this is in large part due to the increase in samples
(660 in 2020, 2,000 in 2021). The nnUNet without post-processing, which is
identical to an architecture used for BraTS 2020[10], already performed exceed-
ingly well, with minor performance gains through the post-processing for the
WT and TC classes. The nnSegNet architecture did not improve overall results,
but achieved a comparable performance with only 88% of the parameters of the
nnUNet.

Scores below a Dice coefficient of 0.9 or a Hausdorff95 distance of above 5
were mostly attributable to outliers, indicating that the general performance of
the models is exceedingly good. This is also reflected in the median scores of the
nnSegNet, ans is especially apparent in the HD95 there. The median HD95 are
in the range of 2, which likely falls within the range of disagreement between
human specialists. Penalizing the incorrect presence of even a single voxel of e.g.
ET in an image where it is absent with a distance of over 370 gives these outlier
cases an outsized influence. Since this is the largest possibility for improvement
of the segmentation metrics, addressing these outliers above all else is the most
promising way to improve the performance in future challenges. To improve the
usability in a real-world setting, however, a closer look at common misclassifica-
tion of e.g. anatomical structures is needed. This is currently disincentivized in
challenges, but could be achieved by penalizing the classification of areas such
as the choroid plexus as part of the tumor.
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