
MULTICLASS SEGMENTATION OF 3D MEDICAL DATA WITH
DEEP LEARNING

Tomas Slunsky
Doctoral Degree Programme (1), FEEC BUT

E-mail: xsluns01@stud.feec.vutbr.cz

Supervised by: Jiri Prinosil
E-mail: prinosil@feec.vutbr.cz

Abstract: This paper deals with multiclass image segmentation using convolutional neural networks.
The theoretical part of paper focuses on image segmentation. There are basics principles of neural
networks and image segmentation with more types of approaches. In practical part the Unet architec-
ture is choosen and is described for image segmentation more. U-net was applied for medicine dataset
which consist from 3D MRI of human brain. There is processing procedure which is more described
for image proccesing of three-dimmensional data. There are also methods for data preproccessing
which were applied for image multiclass segmentation. Final part of paper evaluates results which
were achieved with choosen method.
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1 INTRODUCTION

Neural networks are built on basics that faithfully take patterns from nature and apply them in com-
puter science. This procedure have shown that design based on neural networks can solve some
problems much more effectively. They are bringing better results than another segmentation methods
because of learning - they are able to respond to unknown inputs which they have not been trained for
so far. In other words, neural networks are models of biological structures which we already know
from today living organisms and we can use these models for image processing [2][3].

Nowadays, convolutional neural networks are one of the best instruments in image segmentation task.
One of the main reasons is high precision why are so important.

Segmentation is a task when common image areas are labeled with the same class. The way how
labeling is done is the common areas have similar properties - for instance a similar color, shape and
so on. All these features create common areas, which are segmented and have a certain meaning for
the whole image from which they were segmented.

Figure 1: Visualization of multi-class image segmentation of human brain.
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Multi-class image segmentation is a task where there are more then one area with common features.
In other words, multiple classes are segmented with convolutional neural network. That is the main
difference from the commonly used segmentation methods made by neural networks.

Visualization of multi-class segmentation is shown in the figure 1. Various parts of the brain are
labeled with a different label. For demonstration purposes, all labels are colored for better orientation
in segmentation in the right picture. The picture on the right is also an example of a reference manual
segmentation. Convolutional neural network will learn and adjust its outputs by comparing results
with annotated data.

One of the biggest problems is a dataset quality. There are many attributes which can influence
quality. Size of dataset is one of the mos important attributes. The situation when dataset is too small
cause the convolutional neural network can not achieve great results in most cases. Another quality
attribute can be a noise and it can be solved by dataset preprocessing. Also commonly used methods
for higher quality of dataset is data augmentation too.

2 DATASET

Dataset consist from 30 fully annotated multi-sequence 3D MRI scans of human brains. 3D MRI
images were acquired on a 3T scanner at the UMC Utrecht. For this purposes are available these
types of scans - T1-weighted, T1-weighted IR and T2-FLAIR. The distortion field was corrected
using the N4ITK algorithm[1]. The dataset is part of the MRBrainS18 challenge.

All scans have a voxel size of 0.958mm x 0.958mm x 3.0mm and all are aligned. Each 3D scan has
48 images with size of 240x240px.

Training data will be accompanied with a file containing the manual reference standard, containing
the following 11 labels.[1] The training data consists of 7 subjects.

Class Description
0 background
1 cortical gray matter
2 basal ganglia
3 white matter
4 lesions of white matter
5 cerebrospinal fluid (CSF)
6 ventricles
7 cerebellum
8 brain stem
9 infarction
10 other

Table 1: Table of classes

The objective of the challenge is automatic segmentation into classes 1 - 8 (classes are shown in table
2), the remaining ones will be excluded from the evaluation, they will not influence the resulting
accuracy in any way. Label (class) 0 or background will not be considered as a separate object [1].

326



3 METHODOLOGY

There are two approaches for multi-class segmentation which were chosen for training convolutional
neural network.

The first option is that the input model size will match the size of the whole 3D MRI scan, big
advantage of this method is that, data preprocessing is not needed and data preparing is easier. Model
will be set to be able to distinguish 10 different classes.

The second approach will be more different from the first one. The data will be preprocessed for
smaller model. It means that 3D scan is fragmented into smaller patches.

One scan will not be processed by the network in a single step as is described in the method above.
When dimensions of the 3D scan are reduced by fragmenting into smaller parts, there are large number
of smaller fragments which is very beneficial in situation, when there is data lack. The number of
processing steps per one 3D scan will be equal to the number of 3D fragments which were created
from the original one. Patches have 50% overlap for increase dataset.

Splitting larger three-dimensional images into fragments brings a number of benefits such as greater
heuristic flexibility or a variety of options while training. Also when a large dataset is processing ,
there is often a memory problem because trained object is too big to load it into. Such solution has
greater impact on memory size of the graphics card and that is undesirable.

Figure 2: Visualization of fragments and overlap

In multiclass image segmentation is supervised network used. The model of the neural network was
built on U-Net architecture. U-Net model architecture can achieve good results on a smaller dataset
and has less memory consumption. U-Net also has good result with training from randomly initialized
weights [4][5].

4 RESULTS

Results evaluation of the this paper follows metrics that were also used to evaluate the results of the
challenge. To determine accuracy between the segmented object and the reference one is used dice-
coefficient method, hausdorf distance and image similarity. Resulting coefficient is measured for each
segmented class, so that the accuracy of each class is clear.

As outlined above, two methods for multi-class segmentation have been used. These two methods are
different in the way how they access to data for training neural network.
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Figure 3: From the left to right - following graph demonstrate training with whole 3D scans. The
acc and loss metrics show accuracy of training set, val_acc and val_loss show accuracy of validation

set. Second graph demonstrate training with fragments - training of one 3D scan has more steps
because of fragmenting and overlap.

Results of training are demonstrated in table 2 and 3 below. Table row indicates metrics and column
indicates current segmented class. DSC = dice coefficient, higher value is better in range 0-1. H =
hausdorf distance[6], lower value is better. VS = volumetric similarity, similar to DSC, higher value
is better.

# CGM BG WM WML CFS V C BS

DSC 0.15 0.00 0.35 0.00 0.05 0.09 0.11 0
H 13.85 61.00 9.50 30.44 78.03 50.68 58.73 –

VS 0.44 0.65 0.91 0.92 0.16 0.33 0.55 0

Table 2: Results of whole scan training.

# CGM BG WM WML CFS V C BS

DSC 0.54 0.24 0.62 0.17 0.67 0.79 0.86 0.87
H 2.24 4.69 4.69 16.12 3.16 7.00 4.00 3.74

VS 0.90 0.67 0.95 0.24 0.96 0.90 0.96 0.93

Table 3: Results of fragment training.

From the result of training both methods can be concluded that the accuracy of classes is directly
dependent on the percentage of that class in the brain. So if the class has a higher representation in
the brain (in meaning that class represents bigger part of brain), it is a good assumption for more
successful prediction in multiclass image segmentation.

According to the results of tab.2, some classes have significantly low accuracy. Some of the classes
were failed to segment in case of the first method (whole scan training). Every segmentation failure
is demonstrated with a zero result or no value (-).

In the opposite of first method is the second one. The tab. 3 demonstrates that all classes were
successfully segmented. From the results above it can be concluded the second method was more
successful in multi-class segmentation.
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Figure 4: Visualization of resulting 3D image segmentation. Image demonstrates final segmentation
of three classes. Every class is marked another color. Red color shows class V (ventricles), orange

color demonstrate C (cerebellum) and yellow class is BS (brain stem)

5 CONCLUSION

The result of this work is 3D segmentation of medical data into multiple classes. The neural network
model follows the U-net architecture which was modified to implement multi-class image segmen-
tation. Main contribution of this work is 3D segmentation into more classes. This paper offers two
possible approaches to multi-class segmentation and demonstrate comparison between each other.
Fragment method was more successful in image segmentation and all classes were successfully seg-
mented.
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