Evaluating the Efficacy of the 3D U-Net Architecture For
Glioblastoma Multiforme Tumor Segmentation

ABSTRACT

Glioblastoma is the deadliest form of brain cancer which begins as a congregation of cancerous cells within the brain
but then progresses into invading and destroying healthy brain tissue [9]. Radiation therapy, the most popular
treatment option, is where neuro-oncologists apply intense radiation energy beams directly on the tumor region to
kill the cancerous cells. However, for radiation therapy to be effective, the segmented magnetic resonance image
(MRI) in which the oncologists base where to apply the radiation must be segmented nearly 100% accurately, or else
the energy beams will mistakenly damage healthy brain tissue. Additionally, radiation therapy will be futile if the
MRI segmentation is not complete in time for the therapy appointment. Our research problem is evaluating the
performance of notable segmentation models for accurate and immediate 3D segmentation of glioblastoma
multiforme brain tumors from MRIs while focusing on one particular architecture, the 3D U-Net. Each of the
models was given 850 MRIs from the BraTS 2021 dataset, which is an annual competition hosted by the University
of Pennsylvania [8]. Our 3D U-Net model achieved a testing accuracy of 0.986) accuracy and took approximately 55
seconds to predict segmentations of the tumor region. The results reveal that the 3D U-Net model is capable of
automating glioblastoma tumor segmentation in significantly fewer hours than a human oncologist would take, all
while maintaining similar or higher accuracy, where even a minor difference can mean the distinction between life
and death.

Introduction

Glioblastoma, a highly aggressive form of brain cancer, poses significant challenges in diagnosis and treatment
planning. Magnetic Resonance Imaging (MRI) is pivotal in the assessment and management of this condition,
offering detailed insights into the tumor characteristics and progression [5]. The precise segmentation of
glioblastoma within magnetic resonance images (MRIs) is a critical yet time-intensive task in the field of
neuro-oncology. Currently, neurologists and radiologists often collaborate to manually segment tumor areas in MRI
scans, a process requiring extreme precision and considerable effort. This manual segmentation is not only laborious
but also prone to variability and potential inaccuracies due to human error and the subjective nature of the
interpretation. Glioblastoma, characterized by its heterogeneous appearance and complex spatial relationships in
three-dimensional MRI data, further complicates this task. Consequently, there is a significant demand for more
efficient and accurate methods to segment these tumors [4]. The 3D U-Net architecture, a machine-learning model
specifically designed for volumetric segmentation, has shown promise in medical imaging applications [7].
However, its effectiveness in glioblastoma segmentation, particularly compared to other machine-learning models
and manual segmentation methods, has not been fully explored. This experiment aims to investigate the efficacy of
the 3D U-Net architecture in the segmentation of glioblastoma from MRI images, comparing its performance with
other prevalent machine learning models and traditional manual segmentation methods used by neurologists and
radiologists. The ultimate goal is to enhance the diagnostic and treatment planning process for glioblastoma,
potentially leading to better patient outcomes and more efficient use of medical resources in neuro-oncology.
Background



Background

In medical imaging, precise segmentation of glioblastoma multiforme (GBM), a notably aggressive brain cancer, is
crucial for diagnosis and treatment planning. This experiment's objective leverages machine learning, specifically
convolutional neural networks (CNNs) like the U-Net architecture, known for its encoding-decoding framework that
efficiently captures and reconstructs intricate image details. This capability is vital for delineating the complex
boundaries of GBM tumors [7]. Prior models such as DeepSeg and DeepSCAN have advanced the use of CNNs for
medical image segmentation, using structures and techniques that enhance model performance and generalization.
Yet, the particular complexity of GBM calls for further refined segmentation methods [10].

The evaluation of these models often hinges on the Dice Similarity Coefficient, a formula that quantifies
the accuracy of segmentation by comparing the predicted and actual tumor areas. Throughout this study, variables
and units are consistently defined, such as 'f' for the number of filters in a convolutional layer. The DSC is a
statistical metric measuring the similarity between two volumetric geometries in terms of the pixel classification (the
model’s predicted segmentation mask and the corresponding ground truth image) and is particularly useful in the
evaluation of segmentation models where higher values indicate better performance. The mathematical formula for
DSCis 2|X N Y||X]| + [Y|. The variable X represents the set of the numerical values of our model’s predicted
segmentation pixels and the variable Y represents the set of the numerical values of the pixels of the ground truth
image. The numerator of the formula ( |X N Y| ) represents the cardinality of the intersection of the sets X and Y,
and the denominator represents the total number of elements of both sets combined (non-unique).

Diagrams of the U-Net architecture supplement the text, illustrating the data flow and crucial network
components, streamlining the complex science into tangible concepts. This research aims to push the boundaries of
GBM segmentation, contributing to the field of computational neuroscience and the application of Al in healthcare

[11].

Dataset

We used a dataset from the annual competition Brain Tumor Segmentation Challenge (BraTS). This competition is
created and hosted by the University of Pennsylvania’s Perelman School of Medicine [8]. The dataset consists of
1250 unique MRIs with five different contrasts applied to each MRI: FLAIR, T1, T1-CE, T2, and the corresponding
segmentation mask. Each of these contrasts enhances different features of the brain; for example, the T1 contrast
enhances the fats within the brain, while the T2 contrast enhances the waters and fluids [8].

Figure 1. One of the MRIs from the BraTS 2021 Dataset. The general tumor region (large white/light grey area on
the top of the brain) is clearly visible.



We split the dataset into three different sets: training, validation, and testing. The training set consisted of 850 MRIs
(68% of total data), the validation set had 250 MRIs (20% of total data), and the testing set had 150 MRIs (12% of
total data).
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Figure 2. Bar Graph Representing the Distribution of Training, Validation, and Testing Images

Methodology

To address the challenge of accurately segmenting glioblastoma multiforme, we developed a segmentation model
based on the U-Net architecture. The U-Net model, particularly in its 3D form, is tailored for the segmentation of
volumetric data, such as MRI scans. This model is renowned for its efficiency and accuracy in medical image
analysis, making it an ideal choice for our research problem.

Model Development and Evaluation

The 3D U-Net model extends the original U-Net design to analyze spatial hierarchies and patterns in three
dimensions, making it adept at capturing context and spatial continuity essential for accurately segmenting tumors,
organs, and other structures in biomedical images. This model comprises an encoder (contraction) path and a
decoder (expansion) path, forming a "U" shape. The encoder uses consecutive 3D convolutions with ReLU
activation functions and batch normalization to extract features and reduce spatial dimensions, capturing the input
images' context. ReLU introduces non-linearity, allowing complex pattern learning, while batch normalization
stabilizes learning by normalizing the activations, leading to faster convergence and reduced initialization
sensitivity.

The decoder path upsamples the feature maps to restore the input volume's original spatial dimensions,
using transposed convolutions or up-convolutions. It also incorporates skip connections from the encoder path,



merging high-resolution features with upsampled ones to preserve spatial information lost during downsampling [6].
This ensures detailed segmentation and accurate localization. Dropout is integrated into deeper layers as a
regularization technique to prevent overfitting. By randomly setting a fraction of input units to zero, dropout forces
the model to learn more generalized features, enhancing its robustness.

Overall, the 3D U-Net architecture's combination of 3D convolutions, ReLU, batch normalization, skip
connections, and dropout makes it highly effective for 3D data segmentation. Its ability to process volumetric data
thoroughly, maintain spatial information, and ensure model generalization has made it widely used in medical image
analysis.

For our model specifically, we empirically determined the optimal hyperparameters to yield the most
accurate results as possible. Ultimately, we found that eight epochs (an epoch is each time the entire training data
gets passed through to the model) was the right number of epochs to ensure maximum accuracy. Other
hyperparameters that we determined to be the most viable were doubling the number of filters after each block in the
encoding layer (starting with 8 in the first convolutional layer then finishing with 64 before the bottleneck layer),
setting the dropout rate (a metric that determines the probability of removing neurons during training) equal to 0.3 to
prevent overfitting, setting n_channels equal to 2 to indicate that the input images have two channels of information,
and implementing callbacks (which are useful for monitoring the internal state and statistics of the model during
training) from Keras, which is an open-source library from TensorFlow [3].
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Figure 3. A visual representation of the 3D U-Net architecture that my model implements. This visualization
includes the new dimensions of the input image and the number of feature channels as the original input MRI gets

downsampled/upsampled through more layers



Model Cross-Comparison

In our study, the performance of the 3D U-Net model was benchmarked against other established segmentation
models trained on the same dataset, such as DeepSEG, DeepSCAN, and Ensemble model from a study conducted by
Raour A. Zeineldin, Mohamed E. Karar, Oliver Burgert, Franziska Mathis-Ullrich [10]. These other models
implement an architecture similar to the U-Net but have some structural difference between them. For example, the
DeepSCAN model implements dilated convolutions instead of traditional transition layers and pooling operations,
which may not be the most effective for the type of segmentation required in this experiment. The Ensemble model
also utilizes multiple models instead of relying on a single model, which in theory would result in each model’s
unique strengths and biases playing a role in the final segmentation prediction.

Results

The results show that our 3D U-Net model outperforms the other models across all classes: enhancing
tumor (ET), tumor core (TC), and whole tumor (WT). These classes are different sub-regions of the larger tumor
region and all of the models are designed to segment each sub-region in addition to the tumor as a whole.With DSC
scores of 0.9694 for ET, 0.9695 for TC, and 0.9736 for WT, the 3D U-Net model demonstrates a significant
improvement in segmentation accuracy compared to DeepSeg, DeepSCAN, and Ensemble models. Notably, the
average DSC for the 3D U-Net is 0.9710, which is substantially higher than the other models, reflecting its
robustness and precision in segmenting various tumor regions. This superior performance can be attributed to the
model's architecture, which may better capture the complexities of tumor shapes and boundaries. Such high accuracy
is critical in clinical settings, where precise segmentation directly informs treatment planning and patient outcomes.
The results suggest that the 3D U-Net model holds significant potential for clinical application and may set a new
standard in medical image segmentation tasks.

Model Metric
DSC (ET) DSC (TC) DSC (WT) Average DSC
DeepSeg 0.8356 0.8508 0.9137 0.8667
DeepSCAN 0.8306 0.8683 0.9228 0.8739
Ensemble 0.8438 0.8753 0.9271 0.8821
Our 3D U-Net 0.9694 0.9695 0.9736 0.9710

Table 1. Comparing our 3D U-Net model’s efficacy results with other notable segmentation models. All of these
models were ran five times to ensure precision of results and trained on the same data from the same dataset (BraTS
2021).

In addition to the Dice Score Coefficient Metric, we included other quantitative machine learning efficacy metrics,
including Accuracy and Loss. To calculate Accuracy, you divide the number of correct predictions by the total
number of predictions. For the Loss, we used a specific type of loss called Mean Squared Error which is regarded as
the simplest type of loss metric to understand and calculate. For some segmentation dataset, our model’s mean
squared error over the segmentation images is defined as
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Figure 4. A series of graphs of few machine learning quantitative efficacy metrics, including Accuracy (4A), Loss
(4B), and Dice Similarity Coefficient (4C) to quantify our model’s impressive results for segmentations on the
training data.

Conclusion

In our study, we rigorously developed and evaluated various machine learning models, culminating in a 3D U-Net
model specifically tailored for the accurate segmentation of glioblastoma multiforme. Our comparative analysis
highlighted the 3D U-Net's remarkable performance over other established models, indicating its potential as a
superior tool for medical image analysis. This research's real-world importance cannot be overstated, as the precise
segmentation of brain tumors is critical for formulating effective treatment plans, including surgical resection and
radiation therapy. The improved accuracy of the 3D U-Net model directly translates into potential increased survival
rates and better quality of life for patients. By advancing the methodology for glioblastoma segmentation, we
contribute to the broader field of medical imaging and computational neuroscience, offering new avenues for clinical
application and research. Our findings reinforce the significance of machine learning in healthcare, underscoring its
transformative impact on disease diagnosis, treatment personalization, and ultimately, patient care outcomes.

The segmentation model developed in this research, based on the 3D U-Net architecture, stands ready for
deployment in clinical settings, where radiologists and neuro-oncologists can use it to swiftly and accurately
segment glioblastoma from MRI scans. By integrating this model into diagnostic workflows, medical professionals
can enhance the precision of treatment planning, potentially improving patient prognoses. As for next steps, the
model could be augmented with Transformer-based architectures, which have shown great promise in capturing
long-range dependencies within data. Incorporating these could further improve the model's ability to distinguish
between tumor tissue and healthy brain matter, especially in challenging cases with diffuse boundaries. This
evolution of the model would represent a significant leap forward, marrying the spatial proficiency of CNNs with
the contextual awareness of Transformers, setting a new benchmark in medical image segmentation.
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