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Introduction

Gliomas are types of tumors that occur in the brain
and spinal cord. There are two main challenges with
automatic segmentation. First, the size, shape, and
localization of brain tumors vary significantly be-
tween patients. Second, the boundaries between
parts of a tumor structure are often unclear. Given
these challenges, deep learning is widely being ap-
plied to automatic brain image segmentation.

Data

Dataset:
= BraTs 2018 dataset from UPenn

= GD-enhancing tumors, peritumoral edemas,
necrotic and non-enhancing tumor cores

= Glioblastomas (HGG) and lower grade gliomas
(LGG)

= Each patient scanned with four MRI modes: T1,
Tle, T2, Flair

= "Ground truth” segmentation files manually
created by clinicians

Data Split:
= Training Set: 10,455 images
= Test Set: 1,260 images

Figure 1: Axial view of HGG Flair image

Figure 2: Sagittal view of HGG Tlc image and label

Mask RCNN

Model:

Our first method used the Mask RCNN built on
FPN and ResNet101 which is used for image de-
tection [3]. This network was implemented using
the Stochastic Gradient Descent optimizer. An av-
erage binary cross-entropy loss was used for this
model. Transfer learning was utilized by using the
pre-trained weights from the MS COCO dataset, of
generic images.
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Figure 3: Mask RCNN Model

Figure 4: Segmentation and Mask
Results:

Validation Loss per Epoch

Loss Value

Epoch

rpn_class_loss rpn_bbox_loss

mrcnn_class_loss =——=mrcnn_bbox _loss =——=mrcnn_mask loss

Figure 5: Validation Loss Results

WNet and UNet

Model:

Our second method combined WNet, the first net-
work of the model created by Wang et al [1], and
UNet from Akereta et al [2]. For both networks
Adaptive Moment Estimation (Adam) was used as
the optimizer for training. We used softmax cross
entropy as our loss function.

Figure 6: WNet and UNet Model

Results:

View Training Accuracy
Axial  88.117
Coronal 86.627
Sagittal 97.317
Table 1: Table caption

Through the training process we observed that the
model performed worse for axial and coronal view
images compared to sagittal view images. We com-
puted a test error rate of 47.570 percent for the train-
ing performed on sagittal-view images.

Discussion

= We tried Mask RCNN because it is a object
detection algorithm that also generates
segmentation masks.

= Since the enhanced tumor core is not well
contained within one region, it was hard to train
an accurate model.

= We wanted to implement UNet because it is the
standard architecture for segmenting 3D images.

= Our model produced good accuracy but with
extreme over fitting, so the results are not
comparable to previous methods.

Future Work

= Use pre-existing medical segmentation weights
instead of COCO weights
= Try ResNet50 as the backbone of RCNN

= Implementing UNet for the whole model and not
just one network

= Use pretrained models for segementation during
pre-processing instead of using the ground truth
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