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ABSTRACT: Brain tumor segmentation from Magnetic Resonance Imaging (MRI) supports neurologists and radi-
ologists in analyzing tumors and developing personalized treatment plans, making it a crucial yet challenging task.
Supervised models such as 3D U-Net perform well in this domain, but their accuracy significantly improves with
appropriate preprocessing. This paper demonstrates the effectiveness of preprocessing in brain tumor segmentation
by applying a pre-segmentation step based on the Generalized Gaussian Mixture Model (GGMM) to T1 contrast-
enhanced MRI scans from the BraTS 2020 dataset. The Expectation-Maximization (EM) algorithm is employed to
estimate parameters for four tissue classes, generating a new pre-segmented channel that enhances the training and
performance of the 3D U-Net model. The proposed GGMM + 3D U-Net framework achieved a Dice coefficient of 0.88
for whole tumor segmentation, outperforming both the standard multiscale 3D U-Net (0.84) and MM U-Net (0.85). It
also delivered higher Intersection over Union (IoU) scores compared to models trained without preprocessing or with
simpler GMM-based segmentation. These results, supported by qualitative visualizations, suggest that GGMM-based
preprocessing should be integrated into brain tumor segmentation pipelines to optimize performance.

KEYWORDS: Magnetic resonance imaging (MRI); imaging technology; GGMM; EM algorithm; 3D U-Net;
segmentation

1 Introduction
Clinical segmentation of brain tumors is essential, as it enables accurate identification and assessment

of tumors, which in turn supports the development of effective treatment plans [1]. Magnetic Resonance
Imaging (MRI)-based segmentation allows radiologists and neurologists to precisely determine the tumor’s
location, geometry, and volume, distinguishing tumor regions from healthy brain tissue. This data is vital for
surgical planning, setting parameters for radiation therapy, and evaluating the progression of treatment over
time [2].
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Recent advances in medical imaging and deep learning have significantly improved brain tumor seg-
mentation. Traditional approaches relied on automated [3], semi-automated, and manual methods [4], which
were often time-consuming and subject to inter-observer variability. Earlier machine learning techniques,
such as support vector machines (SVMs) [5,6] and random forests [7,8], performed segmentation tasks
automatically but depended on hand-engineered features, which limited their performance and scalability.

The emergence of convolutional neural networks (CNNs) and architectures such as U-Net [9] has
transformed the field. These models learn spatial features directly from data in an end-to-end manner,
leading to substantial improvements in segmentation accuracy. As a result, tumor detection has become
more consistent, efficient, and reliable, facilitating timely clinical decision-making and enabling real-time
applications in clinical settings [10].

U-Net has shown significant benefits across various medical image segmentation tasks, including
breast cancer detection [11], and has proven particularly effective in brain tumor segmentation using MRI.
Numerous modifications and enhancements to the U-Net architecture have been proposed to improve
segmentation accuracy and efficiency [9,12]. Key strategies include integrating edge information, optimizing
model parameters, and applying advanced normalization techniques. In this paper, we emphasize the
importance of data pre-processing by introducing a novel pre-segmented channel prior to employing the
robust U-Net architecture on the BraTS-2020 dataset. We demonstrate that this approach can enhance
performance across both established and emerging techniques. Specifically, our method incorporates the
Generalized Gaussian Mixture Model (GGMM) applied to contrast-enhanced MRI, enabling more accurate
delineation of necrotic and non-enhancing tumor cores, with particular attention to peritumoral edema. For
comparative evaluation, we also applied the standard GMM and assessed segmentation performance with
and without the pre-segmented channel. Unlike the standard GMM, the GGMM offers greater flexibility
in modeling the heavy-tailed or peaked intensity distributions commonly observed in brain tumor MRIs,
thereby improving its capability to differentiate complex tissue regions.

While previous studies have primarily focused on architectural enhancements to U-Net, input-level
preprocessing strategies that transform the data prior to learning remain largely underexplored. This work
addresses that gap by investigating statistical mixture modeling (GGMM) as a preprocessing technique to
enhance input representation before training. To the best of our knowledge, this approach has not been
thoroughly examined in the context of brain tumor segmentation.

Furthermore, to ensure a fair comparison, we evaluated the performance of three configurations: the
baseline U-Net, the U-Net with a GMM-preprocessed T1CE channel (GMM + U-Net), and the U-Net with
a GGMM-preprocessed T1CE channel (GGMM + U-Net). Our results provide strong evidence that the
GGMM + U-Net configuration outperforms the others, particularly in accurately identifying necrotic and
non-enhancing tumor cores as well as peritumoral edema.

This study offers three key contributions:

(i) To the best of our knowledge, it is the first to integrate a GGMM as a preprocessing step with a 3D
U-Net architecture for brain tumor segmentation. This novel approach enhances tumor differentiation
by effectively modeling the non-Gaussian intensity distributions commonly observed in MRI data.

(ii) We systematically assess the impact of GGMM preprocessing on segmentation performance by
comparing it with conventional GMM-based preprocessing and the baseline U-Net.

(iii) Our experiments demonstrate that the GGMM + U-Net configuration achieves superior accuracy,
particularly in delineating necrotic and non-enhancing tumor cores, thereby confirming the value of
statistical modeling in deep learning-based medical image segmentation.
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The remainder of this paper is organized as follows: Section Related Works reviews related
work; Section 2 introduces the theoretical background of GMM and GGMM along with the preprocessing
steps; Section 3 details the proposed method and training setup; Section 4 presents the results and discussion;
and Section 5 concludes the study and outlines future research directions.

Related Works
Recent advances in brain tumor segmentation have focused on enhancing model performance, improv-

ing computational efficiency, and integrating clinical knowledge to support diagnosis. Initial efforts in
this direction employed 3D CNNs to address challenges such as data imbalance and memory constraints.
Ballestar and Vilaplana [13] proposed a 3D U-Net-based approach that incorporates uncertainty estimation
techniques to improve segmentation accuracy. Their method leveraged both epistemic and aleatoric uncer-
tainties and utilized ensemble learning, contributing to the BraTS 2020 challenge with increased prediction
confidence. Islam et al. [14] further advanced segmentation architectures by extending the U-Net model with
channel and spatial attention mechanisms. Their work emphasized dual attention to enhance segmentation
accuracy and survival prediction for glioma patients in the BraTS 2019 dataset.

Li and Li [15] proposed Dilated Convolution-Dense Block-Transformation Convolution-Unet, a novel
segmentation model that integrates dilated convolutions, dense residual blocks, and the U-Net architecture.
Their study demonstrated the effective use of multimodal MRI data from the BraTS-2018 and BraTS-2019
datasets, highlighting improvements in the extraction of critical features for segmentation. Similarly, Zhao
et al. [16] proposed MM-UNet, a multimodal fusion network that integrates multi-modal MRI data to
enhance segmentation performance, achieving superior results on the BraTS-2020 dataset. Ha et al. [17]
presented a segmentation system based on the U-Net++ architecture, tailored for radiosurgery planning. By
leveraging the BraTS-2020 dataset, their approach offered a clinically oriented solution that addressed the
challenges posed by heterogeneous datasets and region-specific medical requirements.

Collectively, these and other studies underscore the strength of U-Net-based architectures in brain
tumor segmentation. Their widespread adoption and consistent success, particularly as core components
of top-performing solutions in the Medical Image Computing and Computer Assisted Intervention BraTS
challenges, demonstrate U-Net’s remarkable ability to capture and integrate spatial features essential for
accurate medical image analysis. Inspired by this success, the present study investigates whether U-Net’s
performance can be further improved through informed data preprocessing. Specifically, we explore the
potential advantages of incorporating a pre-segmented T1-weighted contrast-enhanced (T1CE) modality
into the input pipeline. Given the T1CE sequence’s efficacy in delineating contrast-enhancing tumor regions,
we hypothesize that its targeted inclusion as a prior can guide the learning process, enhance convergence
during training, and ultimately yield more accurate and robust segmentation outcomes. Through this
approach, we aim not only to improve U-Net’s segmentation accuracy but also to assess the broader impact
of modality-specific priors in complex multimodal segmentation tasks.

2 Pre-Segmentation Using GMM and GGMM

2.1 Gaussian Mixture Model (GMM)
A GMM is a statistical model that represents a population as a weighted sum of two or more Gaussian

distributions, each corresponding to a cluster, class, or subpopulation [18]. GMMs are particularly useful
when the underlying data can be divided into subgroups with features that follow a normal distribution. The
probability density function (PDF) of GMM for a data point x in a D-dimensional space is given by:

P (x) = ∑k
k=1 πk N (x∣μk , Σk) , (1)
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where:

– k is the total number of Gaussian components.
– πk is the weight of the πk-th Gaussian component, with∑k

k=1 πk = 1.
– μk is the mean of the πk-th component.
– Σk is the covariance matrix of the πk-th component.
– N (x∣μk , Σk) is the multi-variate normal distribution.

N (x∣μk , Σk) =
1

2π D
2 ∣Σk ∣

1
2

ex p(− 1
2
(x − μk)T Σ−1

k (x − μk)) . (2)

2.2 Generalized Gaussian Mixture Model (GGMM)
A GGMM is an extension of the standard GMM where the individual components follow Generalized

Gaussian Distributions (GGD) instead of only Gaussian distributions [19]. This modification allows GGMM
to represent a wider variety of data distributions, especially those exhibiting skewness or heavy tails.
Therefore, GGMM has a better ability to handle real-world data of various shapes and nature, which can’t be
adequately represented by the Gaussian assumption. The probability density function of GGMM at a data
point x is:

P(x) = ∑k
k=1 πk θ(x∣μk , Σk , βk) (3)

where:

– k is the number of mixture components.
– πk is the weight of the πk-th component, with∑k

k=1 πk = 1.
– μk is the mean, Σk is the covariance matrix, and βk is the shape parameter of the generalized Gaussian

distribution for component k.

The GGD for a component is given by:

θ (x∣μk , Σk , βk) =
β

2σΓ (1/β) ex p
⎛
⎝
−(∣x − μ∣

σ
)

β⎞
⎠

, (4)

where:

– σ is a scale parameter controlling spread,
– β adjusts the shape of the distribution, and
– Γ (⋅) is the Gamma function. When β = 2, the GGD reduces to a standard Gaussian distribution, making

GGMM a generalization of GMM.

2.3 GMM and GGMM for Image Segmentation
2.3.1 GMM-Based 3D MRI Image Segmentation

The GMM-based segmentation algorithm described below (see Algorithm 1) employs a statistical
approach by modeling voxel intensities as a mixture of Gaussian distributions. Each voxel intensity is
treated as a data point, which the GMM clusters into different classes (e.g., healthy tissue, tumor regions).
The algorithm begins by importing the necessary libraries. The T1CE MRI image is flattened into a one-
dimensional array, normalized, and segmented using a GMM with the EM algorithm [20], based on its
grayscale histogram. Each voxel is then assigned a cluster label according to the class Gaussian whose mean
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is closest to its intensity, and these labels are reshaped back into the original three-dimensional structure. The
result is a segmented 3D image that highlights regions of interest. This approach is computationally efficient,
making it well-suited for scenarios where segmentation speed is critical.

Algorithm 1: GMM-based 3D MRI image segmentation
Require: 3D MRI modalities, number of components n components, maximum iterations max_iter,
tolerance tol.
Ensure: Segmented 3D T1CE image.
START
1. Step 1: Import Libraries:
2. NumPy, Sci-Kit Learn, Matplotlib, TensorFlow Keras, nibabel, and MinMax

Scaler from Scikit-learn.
3. Step 2: Define GMM Function:
4. Implement the **apply gmm_function** with the following steps:
5. Flatten the input 3D image to a 1D array.
6. Normalize the image data using MinMaxScaler.
7. Initialize a **Gaussian Mixture** model with n components and fit it to the

flattened image data.
8. Predict cluster labels for each voxel using the GMM model and EM algorithm.
9. Reshape the predicted labels back into the original 3D shape.
10. Step 3: Load MRI Modality (T1CE):
11. Load the **T1CE** image using nibabel from the **BraTS 2020 dataset** path.
12. Step 4: Initialize Segmented 3D Image Array:
13. Create an empty array to store segmented slices.
14. Step 5: Iterate through Each Slice for Each Slice along the Third Axis of the 3D Image:
15. Extract the current slice.
16. Apply the **apply_gmm function** to the slice.
17. Store the segmented slice in the segmented 3D image array.
18. Step 6: Save the Segmented 3D Image
END

2.3.2 GGMM-Based 3D MRI Image Segmentation
The GGMM-based segmentation algorithm introduced herein (see Algorithm 2) enhances the GMM

model by offering greater flexibility in modeling voxel intensity distributions. It employs the Generalized
Gaussian PDF, incorporating parameters such as shape and tail thickness, which enable it to better fit subtle
variations in the data. The GGMM uses K-Means clustering to initialize the model’s parameters (means,
sigmas, and weights), while the shape parameter β is initially set to 2 for each component, assuming a
Gaussian starting point. It is then iteratively updated using a second-order gradient-based method derived
from the log-likelihood function’s derivatives. Subsequently, the EM algorithm [21] is employed to iteratively
update all four parameter sets, means, sigmas, shape parameters, and weights, refining the segmentation with
each iteration. The algorithm also utilizes a helper function [22] to compute the first and second derivatives
of the log-likelihood function, facilitating improved convergence. This enhanced model captures subtle
variations in MRI data, which can be critical for distinguishing between tumor sub-regions.



2424 Comput Model Eng Sci. 2025;144(2)

Algorithm 2: GGMM-based 3D MRI image segmentation
Require: 3D MRI modalities, number of components n components, maximum iterations max_iter,
tolerance tol
Ensure: Segmented T1CE 3D image
START
1. Step 1: Import Libraries Import Required Libraries
2. Keras, Numpy, Matplotlib, Scikit-learn, SciPy, and nibabel.
3. Step 2: Define Generalized Gaussian PDF Function
4. Define the **Generalized Gaussian PDF function** to compute the probability

density for given inputs.
5. Step 3: Define Helper Function (GGDfun3)
6. Implement the **GGDfun3 function** to calculate the first and second derivatives

of the log-likelihood function.
7. Step 4: Apply GGMM Function
8. Implement the **apply ggmm function** as follows:
9. Flatten the input image.
10. Normalize the image data using MinMaxScaler.
11. Use **KMeans** clustering to initialize parameters (means, sigmas, and weights).
12. Use EM algorithm to compute responsibilities, update parameters (means,

sigmas, betas, and weights), and check convergence.
13. Step 5: Load MRI Modality (T1CE)
14. Load the **T1CE** image using nibabel from the **BraTS 2020 dataset** path.
15. Step 6: Initialize Segmented 3D Image Array Create an Empty Array to Store Segmented

Slices
16. Step 7: Iterate through Each Slice For Each Slice along the Third Axis of the 3D Image
17. Extract the current slice.
18. Apply the **apply ggmm** function on the slice.
19. Store the segmented slice in the segmented 3D image array.
20. Step 8: Save the Segmented 3D T1CE Images
END

2.3.3 EM Algorithm for GGMM
Expectation-Maximization (EM) for GGMM fits several Gaussian-like curves to complex data [23], such

as medical image pixel intensities [20,24], where regular Gaussian distributions might not be accurate. As
described in Algorithm 3, we start by initializing component means using K-Means clustering, followed by
initializing variances, shape parameters (β), and equal weights for all components. E-step calculates General-
ized Gaussian PDF for all components and normalizes to one in each iteration to calculate responsibility for
each data point. During the M-step, weights are calculated from the overall responsibilities, and means are
recalculated with L2 regularization applied to the mean and variance updates to prevent overfitting and avoid
division by zero. A regularization weight of λ = 0.01 is used to stabilize training, and variances are updated to
ensure numerical stability. The β shape parameter is adjusted using gradient descent and the gradients of an
auxiliary function. Log-likelihood is tracked at each iteration to monitor convergence and the process stops
when the change falls below a predefined threshold. The EM algorithm runs for a maximum of 10 iterations
or until the difference in log-likelihood between successive iterations is less than 10−4. This iterative process
enables the GGMM to effectively fit complex, non-Gaussian data distributions.
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Algorithm 3: EM algorithm for GGMM
Require: Flattened image data X with n pixels, number of components K, max_iter, tolerance tol
Ensure: Fitted GGMM parameters μj, σj, βj and weights wj for each component j
1. START: Initialize parameters using K-Means.
2. Fit K-Means on X to get cluster centers μj.
3. Initialize σj with half the standard deviation of X and set βj = 2 for all components.
4. Set initial weights to equal values, a small regularization constant ε, and log-likelihood to

negative infinity.
5. for each iteration in 1 to max_iter, do
6. E-Step: Calculate Responsibilities
7. for each component j do
8. Compute the Generalized Gaussian PDF for component j.
9. Set responsibilities based on the PDF and component weight.
10. end for
11. Normalize responsibilities to ensure they sum = 1.
12. M-Step: Update Parameters
13. Update the weights based on total responsibilities.
14. Update the means using L2 regularization to prevent overfitting.
15. Update the variances, ensuring they are not too small.
16. Use gradient descent to refine the shape parameters βj.
17. Check Convergence:
18. Calculate the new log-likelihood.
19. if the difference between the new and old log-likelihood is below the tolerance then
20. Break: Convergence achieved.
21. end if
22. Update the old log-likelihood to the new value.
23. end for
24. END: Return the fitted parameters (μj, σj, βj, wj.)

2.3.4 Pre-Processing Segmentation Results
Fig. 1 shows the results of pre-processing (or pre-segmentation) for four randomly selected slices. The

top row presents T1-weighted contrast-enhanced (T1CE) MRI images, which clearly distinguish the tumor
from the surrounding tissue, demonstrating their effectiveness in delineating tumor boundaries and filled
regions. The second row displays the segmentation results using the GMM, which attempts to differentiate
tissue regions based on intensity but may struggle with complex contrast variations, leading to potential
misclassifications. The third row demonstrates the use of the GGMM, which is an improvement over these
boundaries because it enables a more diverse set of intensity distributions, enhancing identification of tumor
areas such as the necrotic core, edema, and tumor-enhancing areas. The fourth row depicts the ground truth
segmentation mask, a regular image that delineates the specific region of interest (e.g., necrotic core, edema,
and enhancing tumor) in different colors, for reference to look at details presented by GGMM pre-segmented
T1CE and how useful it is to utilize as model training input.
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Random slice (1) Random slice (2) Random slice (3) Random slice (4)

T1CE MRI images

GMM segmented T1CE

GGMM segmented T1CE

Groundtruth mask

Figure 1: Example of a random slice: 1st line shows the T1CE modality, 2nd line shows the GMM-segmented T1CE, 3rd
line shows the GGMM-segmented T1CE, and the 4th line shows the ground truth mask of the tumor regions

3 Segmentation Framework Using 3D U-Net
We used the BraTS-2020 dataset [25–27] for our segmentation approach and model training. Its

standardized structure and high-quality annotations make it well-suited for developing and validating
segmentation models. As highlighted in [28], benchmark datasets like BraTS provide a necessary foundation
for controlled model evaluation before tackling the variability and complexity of real clinical data. The
dataset includes four modalities: native T1, contrast-enhanced T1-weighted (T1Gd), T2-weighted (T2), and
T2 Fluid-Attenuated Inversion Recovery (T2-FLAIR). Due to hardware limitations, we trained our models
using cropped MRIs of size 128 × 128 × 128. For a fair comparison, we trained three models, as detailed in
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the following sub-sections: U-Net, GMM pre-segmented T1CE channel with U-Net (GMM + U-Net), and
GGMM pre-segmented T1CE channel with U-Net (GGMM + U-Net). The GMM and GGMM components
were applied during the preprocessing step.

3.1 Data Preparation and Preprocessing
The overall workflow for segmenting the BraTS-2020 dataset is explained below in eight main steps in

Algorithm 4. First, we load the MRI modalities, FLAIR, T1, T1CE, and T2, along with their corresponding
segmentation masks. Then, we normalize the images to a range between 0 and 1, since the intensity values
across different modalities vary. This normalization helps the model better understand the nature of the
images. Subsequently, the modalities are combined into a single 4D array. After that, the 4D array is cropped
to a standard size of 128 × 128 × 128 to ensure that the input meets the model’s requirements. Next, the data
is divided into smaller patches of 64 × 64 × 64 to improve memory efficiency and accelerate model training.
Patches containing a sufficient number of non-zero labels are retained, while the others are discarded. The
dataset is then split into training and validation sets using the splitfolders tool with a 75/25 ratio. Finally, this
prepared dataset can be used to train deep learning models such as 3D U-Net.

Algorithm 4: Main function 1—Data preparation for 3D medical images and segmentation masks
Require: FLAIR, T1CE, T2 images, and corresponding segmentation masks
Ensure: Fitted GGMM parameters μj, σj, βj and weights wj for each component j
START
1. Step 1: Load MRI Modalities and Segmentation Masks
2. Load FLAIR, T1CE, and T2 images, along with their corresponding

segmentation masks
3. Step 2: Normalize and Reshape Images
4. Normalize the images using MinMaxScaler and reshape them as needed

for processing
5. Step 3: Combine Channels and Crop Irrelevant Parts
6. Combine the FLAIR, T1CE, and T2 channels into a multi-channel array and

remove irrelevant sections
7. Step 4: Check If GMM/GGMM Segmentation Is Required If GMM or GGMM Segmentation Is

Needed
8. Apply GMM or GGMM on the T1CE image
9. Step 5: Combine Images into 3D/4D Arrays Depending on the Segmentation Model
10. Combine images into a 3D array (FLAIR, T1CE, T2) for U-Net
11. Combine images into a 4D array (FLAIR, T1CE, T2, segmented modality) for

+GMM + U-Net or GGMM U-Net
12. Step 6: Crop the Combined Array to 128 × 128 × 128 8
13. Step 7: Divide Data into Patches of Size 64 × 64 × 64
14. for each patch in the dataset do
15. if patch contains enough labeled pixels then Save the patch for

training and split into training and validation sets
16. Else Discard the patch
17. end if
18. end for
19. Step 8: Split Data into Training and Validation Sets Split the Data into 75% Training and 25%

Validation Sets
END
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3.2 Model Configuration and Training
As shown in Fig. 2, the 3-dimensional U-Net model consists of three main components: a contracting

path (C1–C4), a bottleneck (C5), and an expansive path (U6–U9). The contracting path learns spatial
variations using convolutional and max-pooling layers, progressively reducing the spatial dimensions and
deepening feature representations. The bottleneck (C5) acts as a bridge, where it learns high-level abstract
features. The expansive path (U6–U9) regains spatial resolution using upsampling and convolutional layers,
with skip connections added from corresponding layers in the contracting path to retain fine-grained details,
thereby increasing segmentation accuracy. The 3D U-Net algorithm we utilized in our study (see Algorithm
5) for the segmentation of medical images is guided by a methodical process to efficiently learn and predict
from volumetric data [29]. It begins with importing necessary libraries such as Keras and NumPy, followed by
data preparation through loading and preprocessing of the training and validation sets (images and masks).
The 3D U-Net architecture includes a contracting path (encoder) to capture spatial information, a bottleneck
layer to represent features in a compact manner, and an expansive path (decoder) with skip connections to
merge contextual and spatial information.

Figure 2: 3D U-Net architecture overview

Algorithm 5: Main function 2—3D U-Net training process for medical image segmentation
Require: Training and validation datasets (images and masks).
Ensure: Trained 3D U-Net model and predictions.
START
1. Step 1: Import Libraries
2. Import necessary libraries such as Keras, Numpy, and Matplotlib.
3. Step 2: Data Preparation
4. Load training and validation data using appropriate directory paths for images

and masks.
5. Step 3: 3D U-Net Architecture Design the U-Net Model with
6. Contracting path (C1–C4).
7. Bottleneck (C5).
8. Expansive path (U6–U9) with skip connections between matching layers.
9. Step 4: Loss, Metrics, Optimizer

(Continued)
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Algorithm 5 (continued)
10. Define the loss function using a combination of Dice Loss and Categorical

Focal Loss.
11. Use the Adam optimizer with metrics such as Accuracy and Intersection over Union

(IoU).
12. Step 5: Compile Model
13. Compile the 3D U-Net model using the defined optimizer, loss function,

and metrics.
14. Step 6: Train Model
15. Train the model with data generators, using:
16. Batch size: 2.
17. Number of epochs: 50.
18. Step 7: Save Model
19. Save the trained model to disk.
20. Step 8: Visualize Training Results
21. Plotthe training and validation loss and accuracy for each epoch to assess the

model’s performance.
22. Step 9: Load Model for Prediction
23. Load the saved model to resume training or make predictions on new data.
24. Step 10: Predict and Evaluate
25. Use the trained model to make predictions on a batch of test images.
26. Compute the **Mean IoU score** to assess prediction accuracy.
28. Step 11: Visualize Predictions
28. Plot the predicted masks and compare them with the ground truth masks for

visual verification.
END

The model is optimized using a combination of Dice Loss and Categorical Focal Loss, along with
the Adam optimizer, and its performance is monitored by measuring accuracy and IoU. The combined
use of Dice Loss and Categorical Focal Loss helps balance class representation during training. Dice Loss
enhances spatial overlap, while Focal Loss focuses learning on underrepresented tumor regions, improving
the segmentation of challenging substructures.

Training is performed over 50 epochs in batches of size 2 using data generators to prevent memory
overflow. To reduce overfitting, dropout was applied in the U-Net architecture, and random cropping of
3D patches was used during training to introduce variability and improve generalization. Once trained, the
model is saved and used for prediction, with the Mean IoU value used to measure segmentation efficiency.
Finally, training enhancements, along with visualizations comparing predictions to ground truth masks,
provide feedback regarding the model’s accuracy and its ability to learn effectively. We trained three versions
of the model, each with a different input configuration derived from the preprocessing stage.

– Model 01: U-net (FLAIR, T1CE, T2) (128 × 128 × 128 × 3) +masks.
– Model 02: GMM + U-net (FLAIR, T1CE, T2, GMM segmented) (128 × 128 × 128 × 4) +masks.
– Model 03: GGMM + U-net (FLAIR, T1CE, T2, GGMM segmented) (128 × 128 × 128 × 4) +masks.

Fig. 3 illustrates and summarizes our data pipeline. Raw T1CE MRI is preprocessed using either GMM
or GGMM, generating a new pre-segmented channel. This channel is combined with the original MRI
modalities (FLAIR, T1CE, T2) to form a 4D input array, which is then used for training. We evaluate three
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models: (1) Baseline U-Net, (2) GMM + U-Net, and (3) GGMM + U-Net, following a standard training
pipeline. The GGMM-preprocessed model demonstrates superior segmentation accuracy by enhancing
feature representation.

Figure 3: Data processing pipeline integrating GMM/GGMM-based pre-segmentation into U-Net training for
enhanced brain tumor segmentation

4 Results and Discussion

4.1 Model Performance and Generalization Analysis
The comparison of training performance among the three models clearly demonstrates that incorpo-

rating pre-segmented channels into the input significantly enhances segmentation accuracy compared to the
baseline U-Net. Notably, the model augmented with the T1-weighted contrast-enhanced (T1CE) modality,
segmented by the GGMM, consistently outperformed its counterparts across all key evaluation metrics. This
superior performance highlights the value of embedding prior structural knowledge, specifically, spatially
localized tumor information, directly into the model’s input. Such an approach is particularly beneficial
when addressing the heterogeneous and multi-regional nature of brain tumors, as represented in the
BraTS2020 dataset. The GGMM + U-Net model achieved the highest accuracy, recall, and Dice similarity
coefficient, underscoring its robustness and ability to balance sensitivity and specificity. These results affirm
that incorporating a semantically rich, pre-segmented modality can provide meaningful guidance to the
network during training, improving its ability to delineate complex tumor subregions. Consequently, the
GGMM-enhanced U-Net emerges as a promising and well-balanced architecture for semantic segmentation
tasks involving multifocal or infiltrative tumor structures.
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Furthermore, the training and validation curves revealed that the baseline U-Net model exhibited
noticeable overfitting, demonstrating strong performance on the training set but weaker results on the
validation set, particularly in terms of IoU and loss. In contrast, the GGMM +U-Net model displayed more
consistent behavior across both training and validation phases, indicating improved generalization. This
suggests that the GGMM preprocessing step not only enhances segmentation accuracy but also contributes
to greater robustness on unseen data.

4.2 The Intersection over Union IoU Score (Training and Validation)
The Intersection over Union (IoU) score graph for the three models, shown in Fig. 4, clearly highlights

the superior performance of the GGMM + U-Net model. By epoch 50, this model achieved an IoU of 0.74
on the training set and approximately 0.65 on the validation set, outperforming the GMM + U-Net model,
which reached 0.71 and 0.63, respectively. The baseline U-Net model recorded the lowest scores, with 0.68
for training and 0.58 for validation. These results underscore the positive impact of incorporating a GGMM-
pre-segmented T1CE modality as an additional input channel. The enriched structural information provided
by the GGMM segmentation enhances the model’s capacity to localize and delineate tumor boundaries
with greater precision. This improvement is particularly evident in validation performance, reflecting
better generalization and robustness in segmenting complex tumor geometries. Overall, integrating the
GGMM-enhanced input substantially contributes to more accurate and fine-grained semantic segmentation.

Figure 4: IoU score comparison of U-Net models with different preprocessing techniques

4.3 Loss Comparison (Training and Validation)
The loss graph in Fig. 5 (where lower values indicate better performance) illustrates that the GGMM +

U-Net model most effectively minimizes error throughout training. It exhibits the steepest decline in both
training and validation loss and concludes at epoch 50 with the lowest validation loss of 0.82. The GMM +U-
Net model also demonstrates solid convergence, closely trailing the leading model. In contrast, the baseline
U-Net shows slower optimization and weaker convergence, indicating its reduced effectiveness in the
segmentation task. These findings further confirm that GGMM preprocessing enhances model robustness
and facilitates more efficient learning from the data.
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Figure 5: Loss comparison of U-Net with GMM and GGMM preprocessing

4.4 Accuracy Comparison
Accuracy is a metric that reflects the model’s ability to correctly classify instances across all

classes [30,31]. It represents the proportion of correct predictions among the total number of cases, offering
a general indication of the model’s overall performance.

Accurac y = (TP + TN)
(FN + FP + TP + TN) , (5)

– TP (True Positives): Instances identified correctly to belong to the target class, matching the
ground truth.

– FP (False Positives): Instances identified incorrectly to belong to the target class when they do not.
– FN (False Negatives): Instances belong to the target class but not identified.
– TN (True Negatives): Instances identified correctly do not belong to the target class.

The accuracy graph presented in Fig. 6 demonstrates that the GGMM + U-Net model achieved the
highest segmentation accuracy at 98.35%, surpassing both the baseline U-Net model (98.11%) and the
GMM + U-Net model (97.95%). While the differences in overall accuracy may appear marginal, they
are consistent and clinically meaningful within the context of medical image segmentation, where even
slight improvements can significantly impact diagnostic outcomes. These findings further substantiate the
effectiveness of the GGMM-based preprocessing strategy in enhancing the network’s capacity to detect
and delineate complex tumor structures. By supplying a semantically enriched and spatially informative
input derived from the T1CE modality, the GGMM segmentation enables the U-Net architecture to more
accurately focus on critical tumor regions. This leads to more reliable and precise segmentation, which is
essential for supporting diagnostic decision-making and treatment planning in brain tumor analysis.
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Figure 6: Accuracy comparison of U-Net models with GMM and GGMM preprocessing

4.5 Confusion Matrix Analysis
The confusion matrix of the baseline U-Net model, shown in Fig. 7, demonstrates a high degree

of accuracy in segmenting the background (Class 0), reflecting the model’s strong ability to identify
non-tumorous brain regions. However, its performance declines markedly when classifying tumor-related
regions, particularly Class 2 (peritumoral edema) and Class 3 (Gadolinium-enhancing tumor). This drop
in classification accuracy suggests that, although the baseline U-Net effectively captures dominant non-
tumor areas, it struggles with the more complex and less prevalent tumor subregions. These results reveal
an imbalance in the model’s sensitivity across tissue types, emphasizing its limitations in detecting subtle
or heterogeneous features characteristic of malignant growths. Consequently, this underscores the need for
enhanced input representations or architectural modifications to improve the model’s discriminatory power
for tumor-specific regions.

Figure 7: Confusion matrix of the baseline U-Net model showing tumor class misclassification patterns
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The inclusion of the GMM-pre-segmented T1CE modality as an additional input channel enhances class
separability, particularly between edema (Class 2) and background (Class 0). This improvement is evident
in Fig. 8, where the overlap between these two classes is significantly reduced compared to the baseline model.
The reduced overlap suggests that the model, guided by the pre-segmented structural cues, is better equipped
to distinguish morphologically similar but clinically distinct regions. By incorporating prior spatial context
related to tumor-enhancing areas, the GMM-enhanced input allows the network to more effectively capture
subtle intensity variations and spatial boundaries. This results in more accurate voxel-level classification and,
ultimately, more precise and reliable segmentation, critical for clinical tasks that require accurate delineation
of tumor subregions.

Figure 8: Confusion matrix of the GMM + U-Net model highlighting improved class differentiation

As illustrated in Fig. 9, the GGMM + U-Net model demonstrates superior performance, particularly
in reducing misclassifications between challenging tumor subregions such as the necrotic tumor core (Class
1) and peritumoral edema (Class 2). This enhanced distinction highlights the value of incorporating the
GGMM pre-segmented T1CE modality, which enriches the input with spatially relevant prior information
and facilitates more effective feature learning during training. By improving the model’s ability to differ-
entiate morphologically adjacent yet clinically distinct regions, the GGMM layer significantly contributes
to more accurate and reliable segmentation. Among the evaluated models, GGMM + U-Net achieves the
highest accuracy and the most balanced predictions across all tumor classes, particularly in complex and
infiltrative regions. This makes it the most effective architecture for medical image segmentation in scenarios
requiring precise delineation of tumor boundaries to support clinical diagnosis, treatment planning, and
patient monitoring.
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Figure 9: Confusion matrix of the GGMM + U-Net model demonstrating enhanced tumor region segmentation
accuracy

4.6 Per-Class Performance Analysis
Dice score and Recall were selected as the primary evaluation metrics due to their well-established

relevance in medical image segmentation, particularly within the BraTS challenge benchmarks. Dice offers
a robust measure of spatial overlap, while Recall reflects the model’s sensitivity to tumor detection, making
both metrics essential for evaluating segmentation quality in clinical applications.

4.6.1 Calculated Key Performance Metrics
To comprehensively evaluate segmentation performance, we computed two key metrics, Recall and the

Dice Coefficient, for each class, as illustrated in Figs. 10 and 11. The evaluated classes include:

• Class 0: Background,
• Class 1: Necrotic and Non-Enhancing Tumor Core,
• Class 2: Peritumoral Edema, and
• Class 3: Gadolinium-Enhancing Tumor.

Recall, also referred to as the true positive rate or sensitivity, measures the model’s ability to correctly
identify all relevant voxels for a given class. It represents the proportion of true positive predictions relative
to the total actual instances of that class, and is defined as follows [30–32]:

Recal l = TP
TP + FN

, (6)

where TP denotes true positives and FN denotes false negatives.
The Dice Coefficient is a widely used metric for evaluating segmentation quality. It quantifies the degree

of overlap between the predicted segmentation and the ground truth, and is particularly effective in assessing
spatial agreement for medical image segmentation tasks [30–32]:

Dice Coe f f icient = 2 × TP
2 × TP + FP + FN

, (7)
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where FP represents false positives. A higher Dice score indicates a better match between predicted and true
segmentation masks, with 1.0 representing perfect agreement.

Figure 10: Class-wise recall comparison across segmentation models

Figure 11: Class-wise dice coefficient comparison demonstrating overlap accuracy

4.6.2 Class-Level Performance
The comparative analysis of class-wise performance across the three models, as illustrated in Figs. 10

and 11, reveals significant variations in segmentation accuracy among tumor subregions. All models demon-
strate excellent performance on Class 0 (Background), with the baseline U-Net achieving the highest recall
(99.53%) and Dice coefficient (99.56%). This is expected, as background pixels dominate the volume and are
typically easier to distinguish due to their distinct characteristics.

In Class 1 (Necrotic and Non-Enhancing Tumor Core), the GGMM +U-Net model clearly outperforms
the other models, achieving the highest recall and Dice score. This indicates its improved capability in
identifying more challenging and less distinct tumor regions, likely due to the enhanced structural prior
provided by the GGMM-pre-segmented input.
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For Class 2 (Peritumoral Edema), the GGMM +U-Net again shows superior performance, with a recall
of 88.52% and a Dice coefficient of 81.44%. These results suggest that the model is more effective in capturing
the diffuse and often ambiguous boundaries associated with edema, a critical region for clinical analysis and
treatment planning.

In Class 3 (Gadolinium-Enhancing Tumor), the baseline U-Net achieves the highest Recall, reflecting
strong sensitivity to contrast-enhancing regions. However, this comes at the cost of increased false positives,
as evidenced by its lower Dice score. The GGMM + U-Net model closely follows, achieving the highest
Dice coefficient (80.64%), indicating a better overall balance between sensitivity and precision, an essential
consideration in clinical contexts where minimizing false positives is often as important as detecting all
tumor tissue.

Taken together, the GGMM + U-Net model demonstrates the most consistent and balanced perfor-
mance across all tumor classes. Its ability to accurately detect and delineate complex and morphologically
varied tumor structures makes it a strong candidate for robust medical image segmentation, particularly in
scenarios requiring precise boundary detection to support clinical decision-making.

4.6.3 Statistical Significance of Dice Improvements
To evaluate the statistical significance of performance differences in Dice coefficients, a repeated-

measures Analysis of Variance (ANOVA) was performed using class-wise Dice scores from the three
segmentation models. This approach was appropriate given the within-subject design, where each model was
assessed across the same tumor classes. The analysis revealed a statistically significant effect of model type
on segmentation performance, F(2, 6) = 5.68, p = 0.041, with 2 and 6 representing the between-model and
within-subject degrees of freedom, respectively. These results confirm that the performance gains achieved
by the GGMM + U-Net model are not attributable to random variation. Among the evaluated models,
GGMM +U-Net consistently achieved the highest Dice scores across all tumor subregions, whereas GMM +
U-Net demonstrated the weakest performance. These findings underscore the effectiveness of the GGMM-
based preprocessing strategy in enhancing segmentation accuracy; particularly when measured by the Dice
coefficient, the most widely adopted and balanced metric in medical image segmentation.

4.7 Training Time and Preprocessing Cost Comparison
Beyond segmentation accuracy, we also evaluated the computational cost associated with both the

training and preprocessing phases of the proposed pipeline. Model training was performed on a system
equipped with an NVIDIA GeForce RTX 3050 Ti GPU (4 GB VRAM), 16 GB RAM, and an Intel Core
i5 12th Gen CPU. Fig. 12 presents the total training time required for each model. The baseline U-Net
completed training in 26,297 s, while the GMM + U-Net and GGMM + U-Net models required 25,694 and
25,617 s, respectively. These results indicate that the integration of pre-segmented input channels, particularly
the GGMM-preprocessed T1CE modality, does not increase training time. In fact, the GGMM + U-Net
model, which delivered the best segmentation performance, also achieved the shortest training duration.

To assess the feasibility of preprocessing, we also measured the time required to generate the pre-
segmented input volumes. This step was performed on a separate machine equipped with an Intel Core i7
10th Gen CPU and 16 GB RAM. GMM-based preprocessing took approximately 3 h for the entire dataset,
while GGMM-based preprocessing required about 7 h. Although GGMM incurs a higher computational cost
due to its more complex parameter estimation, this additional time is justified by the resulting improvement
in segmentation accuracy, particularly in terms of the Dice score.
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Figure 12: Total training time for baseline and preprocessed U-Net models

4.8 Performance Evaluation and Benchmarking
The evaluation metrics for Whole Tumor (WT) segmentation on the test dataset indicate strong

performance, with an accuracy of 97.75%, reflecting a high overall correctness in predictions. The model
achieves a precision of 86.57%, indicating a low rate of false positives, while the recall of 88.93% demonstrates
its effectiveness in capturing most tumor regions. The Dice score of 88.03% represents a balanced trade-off
between precision and recall, and the Intersection over Union (IoU) of 78.15% suggests substantial overlap
between the predicted and ground truth tumor regions. To further enhance segmentation quality, techniques
such as post-processing, data augmentation, and hyperparameter tuning could be explored to improve the
IoU and refine the model’s predictions.

A comparative analysis with state-of-the-art methods was conducted to validate the proposed approach.
As summarized in Table 1, the proposed GGMM + 3D U-Net achieves a Dice score of 0.88 for Whole Tumor
segmentation on the BraTS 2020 dataset. This performance is competitive with recent deep learning models,
outperforming the 3D Attention U-Net (Dice = 0.70) and 3D U-Net-Multiscale (Dice = 0.84). While models
such as U-Net++ (Dice = 0.87) show comparable results, the proposed method benefits from the integration
of GGMM for enhanced feature extraction, contributing to more robust and accurate tumor segmentation.

Table 1: Comparison of the proposed method with state-of-the-art approaches for WT segmentation

Authors Method Dataset used Dice for WT
Proposed GGMM + 3D U-Net BraTS-2020 0.88

Ballestar and Vilaplana [13] 3D U-Net-multiscale BraTS-2020 0.84
Islam et al. [14] 3D Attention U-Net BraTS-2019 0.70
Li and Li [15] DRT-U-Net BraTS-2018-2019 0.84

Zhao et al. [16] MM-U-Net BraTS-2020 0.85
Ha et al. [17] U-Net++ BraTS-2020 0.87

4.9 Strengths, Limitations, and Future Directions
The proposed GGMM +U-Net model significantly enhances brain tumor segmentation by integrating

Generalized Gaussian Mixture Model (GGMM) preprocessing with a 3D U-Net architecture. The flexibility
of GGMM in modeling non-Gaussian data distributions improves feature separation, leading to increased
segmentation accuracy across diverse tumor subregions.

4.9.1 Strengths
The GGMM + U-Net model demonstrates balanced performance across all tumor classes, making it

effective for segmenting heterogeneous tumor structures. The inclusion of GGMM-based preprocessing
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improves the model’s ability to distinguish complex tumor regions, resulting in a Dice score of 0.88 for Whole
Tumor segmentation. This performance is comparable to or surpasses that of other state-of-the-art methods.

4.9.2 Limitations
Despite its high accuracy, the model exhibits occasional misclassifications, particularly in distinguishing

the necrotic core from peritumoral edema, which often share similar intensity profiles. Training was limited
to 50 epochs using cropped images due to hardware constraints, potentially restricting the model’s ability
to capture broader spatial context. Additionally, the EM algorithm employed in GGMM is sensitive to
initialization, which may affect segmentation consistency. Although efforts were made to ensure proper
dataset partitioning, evaluation was restricted to the BraTS dataset, limiting insight into generalizability
across different datasets or clinical settings. The relatively small training set and limited regularization
introduce a risk of overfitting, especially in high-contrast regions where the model may learn dataset-specific
noise. Furthermore, due to limited computational resources, all reported performance metrics are based on
single representative runs without variance analysis, which may impact the repeatability of findings. Lastly,
GGMM-based preprocessing was applied solely to the T1CE modality, omitting complementary information
from FLAIR and T2 sequences, modalities crucial for identifying edema and non-enhancing tumor regions.

4.9.3 Future Directions
Future work will focus on incorporating multi-modal MRI data (e.g., FLAIR, T2) into the GGMM

preprocessing pipeline to improve the delineation of all tumor components. Advanced architectures, such
as those integrating attention mechanisms or transformer-based modules, will be explored to enhance
feature representation. Post-processing methods like Conditional Random Fields (CRFs) may further refine
tumor boundaries. Leveraging higher-end computational resources would enable full-resolution training,
deeper architectures, and extended training schedules. To ensure robustness and reproducibility, future
studies will include statistical validation across multiple runs and random seed initializations. Moreover,
external validation on datasets from different institutions or imaging protocols is essential to assess the
model’s generalizability. Beyond medical imaging, the GGMM preprocessing strategy also holds potential
for segmentation tasks in other domains, such as satellite imagery analysis, industrial defect detection, and
biometric recognition.

4.10 Qualitative Analysis
Fig. 13 shows the processing step results for the same 4 random slices shown in Fig. 1; the predicted

results are presented for the 3 models trained by 50 epochs. The base U-Net configuration, as we can notice
in the figure, detects the general tumor area. However, it fails to define at the edge, particularly within the
necrotic core, resulting in a trespassing effect on nearby structures like edema or GD-enhancing region. This
baseline U-Net model has a general shape for edema but no fine details at the boundaries, this can affect
the accuracy of assessing peritumoral edema. Although the model is fairly good, its inability to recognize
accurate boundaries compromises its potential in analyzing fine tumor structure. However, it is still very
good at detecting the whole tumor. The GMM pre-segmented channel configuration enhances segmentation
accuracy for the necrotic tumor core; it delivers more defined details than the baseline U-Net. However,
we notice some overlaps and incomplete edges. For edema, the model setup shows modest improvements
yet remains somewhat limited in contrast sensitivity in identifying the GD-enhancing tumor. This model
addition may not help fully capture the variable MRI contrasts in certain areas, impacting the accuracy of
GD-enhancing tumor segmentation.
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Random slice (1) Random slice (2) Random slice (3) Random slice (4)

Groundtruth mask

Baseline U-Net

GMM + U-Net

GGMM + U-Net
Necrotic tumor core Edema GD-enhancing tumor

Figure 13: Example of predicted segmentation for 04 random slices for the three 03 trained models

The GGMM pre-segmented channel configuration produces sharp and highly precise segmentations,
particularly for the necrotic tumor core, which is distinctly delineated with high boundary accuracy. This
improvement is attributed to GGMM’s flexibility in modeling diverse MRI contrast levels. In the case of
edema, the model demonstrates enhanced detection capabilities, enabling precise separation from adjacent
tissues and facilitating clearer identification of peritumoral edema. Additionally, the GD-enhancing tumor
region is accurately isolated with minimal overlap, making the model highly effective for reliable and accurate
tumor segmentation.

The results clearly indicate that the GGMM + U-Net configuration outperforms both the standard U-
Net and the GMM + U-Net in terms of segmentation accuracy. This is evident in its ability to produce
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more sharply defined edges for both the necrotic tumor core and edema, enabling better differentiation
between tumor subregions. Moreover, the model exhibits enhanced sensitivity to contrast variations, an
essential factor in the accurate detection of tumor structures, thereby improving the overall reliability of
the segmentation. Furthermore, the GGMM +U-Net precisely delineates GD-enhancing regions, which are
critical indicators of active tumor growth. These capabilities make the GGMM + U-Net architecture highly
suitable for applications that demand high segmentation accuracy, such as treatment planning and disease
monitoring in clinical settings. Its improved performance has the potential to enhance diagnostic accuracy
and enable more personalized therapy, ultimately contributing to better patient outcomes.

5 Conclusions
This study evaluated the effectiveness of incorporating a dedicated preprocessing step to enhance

brain tumor segmentation performance using the BraTS 2020 dataset. The proposed approach applied a
GGMM in combination with EM to estimate class parameters from the T1-weighted contrast-enhanced
(T1CE) modality. The resulting segmented outputs were used to enrich the input data with structural priors
before training.

Three models were developed and assessed: a baseline 3D U-Net, a U-Net augmented with a GMM-
presegmented T1CE channel, and a U-Net enhanced with a GGMM-presegmented T1CE channel. Among
these, the GGMM + U-Net model consistently outperformed the others across multiple evaluation metrics,
including recall, Dice coefficient, and Intersection over Union (IoU). It also demonstrated superior class-level
differentiation, particularly in accurately segmenting tumor subregions that are typically difficult to delineate.
These findings highlight the efficacy of GGMM-based preprocessing in improving both segmentation
accuracy and boundary precision by providing informative structural context.

GGMM proved to be a flexible and powerful tool for extracting salient features prior to training,
enhancing the model’s ability to learn from complex, multimodal data. Its adaptability to variations in
imaging characteristics supports improved generalization across tumor classes.

However, certain limitations were encountered due to hardware constraints. Training was limited to
50 epochs, full-resolution images were down sampled via cropping, and the number of classes in the pre-
segmentation step was reduced. These compromises, while necessary, may have limited the full potential of
the proposed approach. With enhanced computational resources, including support for higher resolution
volumes, longer training durations, and more detailed class-level priors, the performance of the GGMM-
enhanced models could be further optimized.

Future work could extend this approach by incorporating additional pre-segmented channels, partic-
ularly from the FLAIR modality, to improve delineation of the whole tumor region. Moreover, leveraging
full-volume scans and more advanced network architectures could further boost segmentation outcomes.
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