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Abstract: 

Magnetic resonance imaging (MRI) plays an essential role in the diagnosis and treatment of several 

types of cancer. Despite many deep learning algorithms have been proposed for MRI segmentation, 

most are developed to work with a single cancer type and modality. Most deep learning models use 

MRI data from a single institution. The collected data from different institutions can have differences 

in spatial resolution, modality, and missing modality. Furthermore, the presence of missing modality 

in some data further increases the difficulty of training a model that can perform well on various types 

of cancer. Another challenge in training deep learning models on MRI data is the differences in voxel 

spacing, orientation and intensity distribution between different datasets. This makes it challenging to 

train a model that generalizes well across multiple datasets. Another challenge in training deep 

learning models on 3D MRI volumes is the size of the MRI volumes. Training on full 3D volumes requires 

large amounts of GPU memory. Training on patches reduces memory usage but leads to class 

imbalance. In order to overcome these challenges, a complete end-to-end learning pipeline is 

proposed for multi-modal, multi-cancer MRI segmentation using a unified 3D U-Net model. The 

proposed method includes DICOM to NIfTI conversion, multi-dataset preprocessing, missing modality 

learning, patch-based training and multi-dataset learning. The resulting 3D U-Net is trained on brain, 

prostate and breast MRI datasets using a combined Dice and cross-entropy loss function. The proposed 

method achieves significant improvements over previous approaches in terms of segmentation 

accuracy and robustness. The framework proposed in this paper is a generalizable framework for 

medical image segmentation. 

Keywords: Multi-Modal MRI Segmentation, 3D U-Net, Medical Image Preprocessing Pipeline, Missing 

Modality Learning, Multi-Cancer Deep Learning, Patch-Based Volumetric Segmentation. 

 

1. Introduction 

Medical image segmentation is one of the most important steps in medical image analysis. This process 

plays a critical role in diagnosing and treating cancer. The accurate segmentation of tumors from 

magnetic resonance imaging scans allows physicians to determine the size of the tumor, the extent of 
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its growth, and to plan treatment accordingly. With the development of deep learning methods, the 

accuracy of segmentation of tumors from MRI scans has increased significantly. Among all the deep 

learning models proposed for image segmentation, the U-Net model and its 3D versions are the most 

commonly used. 

Despite the success that deep learning models have achieved in the field of medical image 

segmentation, most of these models are trained on and developed for only a single dataset. This means 

that in practical clinical scenarios, the models cannot be used to segment various cancer types. The 

majority of deep learning models use MRI scans from a single institution. The MRI datasets obtained 

from different institutions can have significant differences in spatial resolution, modality, and missing 

modality. 

Another important challenge that deep learning models must overcome is the problem of missing 

modality. Some MRI datasets do not have all the required imaging modality. Deep learning models that 

are trained on such data cannot handle missing modality in new data. 

In addition to missing modality, another challenge for deep learning segmentation models is the 

difference in spatial resolution, orientation and intensity distribution in the MRI data from various 

institutions. 

Another challenge for deep learning models is the size of the 3D MRI volumes. The training of models 

on full 3D volumes requires a significant amount of GPU memory. Training on patches reduces the 

memory requirement but also creates class imbalance in the training data. 

To overcome these challenges, we propose a complete end-to-end learning pipeline for multi-modal, 

multi-cancer MRI segmentation using a unified 3D U-Net model. This learning framework enables the 

training of models on different types of MRI data using a common deep learning framework. Unlike 

previous methodologies that used only a single dataset to train the models, the proposed framework 

allows for training on multiple datasets from various cancer types. The main goal of this research is to 

propose a framework that can be easily used to segment MRI data from various institutions. 

1.1. Literature Survey 

As deep learning and convolutional neural networks began to develop, various approaches to medical 

image segmentation began to emerge. The use of fully convolutional networks led to major 

improvements in the accuracy of medical image segmentation. One of the most influential networks 

to date was the U-Net architecture proposed by Ronneberger et al. [1]. This architecture used encoder-

decoder structure with skip connections to allow for precise preservation of spatial information of the 

images. Based on this structure, Milletari et al. [2] created the V-Net, which used a similar structure to 

process volumetric data, using a Dice loss function. Çiçek et al. [3] proposed the 3D U-Net to directly 

process volumetric medical images. 

With the availability of numerous medical image datasets, it became clear that establishing some form 

of standardization for image processing was crucial. Isensee et al. [4] proposed the nnU-Net 

framework, which automates the configuration of various preprocessing steps and network 

architectures to find the best fit for a given dataset. This approach highlights the critical importance of 
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proper preprocessing and training of deep learning models. The introduction of the BraTS challenge 

by Menze et al. [5] and later extended by Bakas et al. [6] provided a benchmark for brain tumor 

segmentation using multiple MRI imaging modalities. 

To address the situation in which all imaging modality data is not available for a given image, various 

authors have turned to deep learning. Havaei et al. [7] proposed a deep neural network for the 

segmentation of brain tumors using multiple MRI modality inputs. However, this model assumes that 

all modality inputs are available. Instead, Chartsias et al. [8] proposed using a modality-invariant 

representation learning approach to allow for models to handle cases in which one or more modality 

inputs are missing from the data. The HeMIS framework proposed by Havaei et al. [9] learns statistical 

representations of the available modality inputs to address the problem of missing modality inputs. 

Neverova et al. [10] proposed ModDrop, which randomly removes modality inputs during training. 

Zheng et al. [11] proposed similar modality dropout techniques to improve the segmentation of 

tumors when modality inputs are missing. 

Various preprocessing steps are required prior to training deep learning models on medical image 

datasets. Tustison et al. [12] proposed the N4 bias field correction algorithm, which is used to remove 

MRI image inhomogeneity. Smith et al. [13] described the importance of spatial normalization in MRI 

image analysis. Avants et al. [14] demonstrated that preprocessing steps such as ensuring consistent 

image orientation can improve the performance of deep learning segmentation models. 

Patch-based training has also been used in various deep learning models. Kamnitsas et al. [15] 

proposed a patch-based 3D convolutional neural network model for the task of brain lesion 

segmentation. Pereira et al. [16] used patch-based sampling to learn to segment brain lesions. Dou et 

al. [17] used patch-based sampling to focus the model on specific regions of interest. Sudre et al. [18] 

proposed a generalized Dice loss for highly imbalanced segmentation problems. 

The incorporation of attention and transformer models has been explored by numerous authors in the 

context of medical image segmentation. Oktay et al. [19] proposed the Attention U-Net, which uses 

attention gates to focus on the most relevant regions. Zhou et al. [20] proposed UNet++, which adds 

nested skip connections. Chen et al. [21] introduced TransUNet, which uses transformers in addition 

to the convolutional networks. Hatamizadeh et al. [22] proposed Swin-UNETR, which uses a 

transformer model [23] for volumetric medical image segmentation.  

Regarding the segmentation of multiple organs and datasets, several authors have proposed methods. 

Gibson et al. [24] proposed a method for automatically segmenting multiple organs using deep 

learning models. Zhou et al. [25] proposed using prior-aware neural networks to segment multiple 

organs. Huang et al. [26] explored methods for training deep learning models across multiple medical 

image datasets. Glocker et al. [27] showed that the scanner used to acquire the medical images can 

significantly affect the results of deep learning models. Kamnitsas et al. [28] proposed methods for 

domain adaptation in deep learning models. 

Segmentation of specific types of cancers has also been explored. Litjens et al. [29] explored the role 

that multi-parametric MRI plays in detecting prostate cancer. Dalmış et al. [30] showed that deep 

learning approaches improved the accuracy of breast MRI image segmentation. 
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Data augmentation has been used to improve the generalization of deep learning models. Shorten et 

al. [31] performed a review of different data augmentation techniques for deep learning. Kingma et al. 

[32] proposed the Adam optimizer. The MONAI framework, introduced by the MONAI Consortium [33], 

provides tools to build and execute deep learning frameworks for medical image analysis. Chen et al. 

[34] proposed multi-task deep learning models for medical image segmentation. Valanarasu et al. [35] 

proposed using transformers in deep learning medical image segmentation models. Zhang et al. [36] 

proposed using deep neural networks to learn to segment medical images when certain modalities are 

missing. 

In more recent years, various efforts have been made to enable deep learning models to learn across 

multiple institutions. Sheller et al. [37] proposed the use of federated learning methods to enable 

multiple medical institutions to jointly train deep learning models without sharing their data. Li et al. 

[38] used federated learning to jointly train models for the segmentation of brain tumors from MRI 

images. Taha et al. [39] analyzed various metrics for evaluating medical image segmentation. Isensee 

et al. [40] developed an automated framework for deep learning medical image analysis that achieved 

state-of-the-art results on various segmentation tasks. 

As described above, the majority of current deep learning models for medical image segmentation are 

specifically designed to perform the segmentation of a specific type of cancer. This approach has 

enabled researchers to achieve high levels of accuracy in specific tasks. However, as will be explored 

in the following discussion, it is clear from the literature that there is a need for a unified framework 

that can support and integrate these various approaches into a single, comprehensive system. 

Overall, the literature suggests that high-accuracy segmentation of multi-cancer MRI images can be 

achieved through a combination of the preprocessing methods, deep learning architecture, techniques 

for handling missing modality data, patch-based learning, and multi-dataset training. While most of 

these approaches have been individually explored, few have been combined into a complete and 

unified framework. As such, there is a clear need for a unified, multi-modal, and multi-cancer image 

segmentation framework. 

2. Methodology 

The methodology includes several stages including data acquisition, manifest generation, image 

preprocessing, patch extraction, model training, and evaluation. These stages allow combining several 

different datasets into a unified training process. 

2.1. Data Acquisition 

To develop the model, several public MRI cancer datasets will be used. Three different datasets will be 

used in this initial example: the BraTS dataset, which includes brain tumor MRI scans; the PROSTATEx 

dataset, which includes prostate MRI scans; and the TCGA-BRCA dataset, which includes breast cancer 

MRI scans. The datasets can have different imaging and labelling formats. 

All raw data will first be collected and organized in the following structure: 

raw/ 

dataset_name/ 
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patient_id/ 

modality/ 

label/ 

A helper download script will automatically generate this structure. 

Example datasets and their modality and label information follow. 

Dataset Modalities Label 

BraTS T1, T1ce, T2, FLAIR Tumor 

PROSTATEx T2, ADC, DWI Prostate 

TCGA-BRCA T1, T2, DCE Lesion 

2.2. Manifest Generation 

Since different patients may have different imaging modalities, another file called the manifest must 

be created. This file stores information about image availability for each patient, including the path to 

the image and the label file. This information can later be used to access these files. 

The manifest is a CSV file with the following columns: 

| patient_id | dataset | T1 | T2 | FLAIR | ADC | label | 

If a modality is missing in a patient, it will be represented as a 0 in the manifest file. 

Mathematically, if there are K possible modalities, and for patient i, we can represent the availability 

of each modality as a vector where each element indicates whether a modality is available (1) or not 

(0). Let this vector be defined as: 

𝑚𝑖 = [𝑚𝑖1, 𝑚𝑖2, … , 𝑚𝑖𝐾] 

Where, 

 

𝑚𝑖𝑘 = {{
1, 𝑚𝑜𝑑𝑎𝑙𝑖𝑡𝑦 𝑒𝑥𝑖𝑠𝑡𝑠

0, 𝑚𝑖𝑠𝑠𝑖𝑛𝑔
 

This vector is later used as existence mask. 

This vector is later used as the existence mask. 

2.3. Image Preprocessing 

As with most medical imaging applications, preprocessing is required to standardize the format of the 

acquired images. The preprocessing steps include converting the acquired DICOM images to the NIfTI 

format, bias field correction, resampling, orientation normalization, and intensity normalization. 
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The first step is to convert the raw DICOM images to the NIfTI format. This is done because NIfTI files 

store the three-dimensional image volume in a single file. Additionally, this format preserves crucial 

spatial metadata. This conversion can be described by the following mathematical equation: 

DICOM images are converted using: 

𝐼𝑛𝑖𝑖 = 𝑓𝑑𝑐𝑚2𝑛𝑖𝑖𝑥(𝐼𝑑𝑐𝑚) 

NIfTI allows consistent orientation. 

Next, bias field correction is necessary to even out the MRI intensity levels. This is performed using the 

N4 algorithm. The algorithm estimates a bias field and divides the original image by this field to 

produce the corrected image. The mathematical operation for this is: 

MRI intensity inhomogeneity is corrected using N4. 

𝐼𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =
𝐼

𝐵
 

where B is bias field. 

All images will then be resampled to have a voxel spacing of one millimeter. This is done to have 

consistency in spatial feature size. Resampling can be expressed as: 

All images resampled to 1 mm. 

𝐼′(𝑥) = 𝐼(𝑇(𝑥)) 

Nearest neighbor used for labels. 

After resampling, all images will be reoriented to have the same orientation. This will guarantee that 

no image is rotated relative to the others. This is beneficial for model training as the model does not 

has to learn to account for these rotations. 

Finally, intensity normalization is performed. First, clipping performs the removal of extreme values. 

This operation can be expressed as: 

Percentile clipping: 

𝐼𝑐 = 𝑐𝑙𝑖𝑝(𝐼, 𝑃1, 𝑃99) 

 

Z-score: 

𝐼𝑛 =
𝐼𝑐 − 𝜇

𝜎
 

2.4. Handling Missing Modalities 

One of the features of this proposed method is the ability to handle missing modalities. If a modality 

for a patient is missing, that image channel is replaced with a zero volume. However, simply zero-filling 

the channels will not work. Hence, another binary mask channel is added to indicate the existence of 

each modality. 

For each modality, there is a binary mask channel added. If the number of modalities is K, then there 

are K mask channels appended to the input. The inputs to the network are the image channels and 
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the mask channels. Different feature representations can be learned by the network according to 

which modalities are available for a given input. 

Input channels: 

[ T1, T2, FLAIR, ADC, mask_T1, mask_T2, mask_FLAIR, mask_ADC] 

This allows the network to learn how to handle missing data. 

2.5. Patch Extraction 

As the three-dimensional MRI volumes are quite large, they cannot be processed in the GPU memory. 

To circumvent this, a method using patches is used. Each of the MRI volumes is divided into patches of 

fixed size. In this method, the chosen size of the patches is ninety-six voxels in each dimension. Fifty 

percent of the patches are used to extract the patches from the MRI volumes. 

Many of the extracted patches are empty. To address this, the empty patches are randomly discarded 

with high probability. This way, the network focuses more on the patches with tumor information. 

Instead of storing the entire MRI volume, only the patches and the corresponding labels are stored in 

a compressed file. This method significantly reduces the loading time of data. 

2.6. Model Architecture 

The architecture of the model is based on the three-dimensional U-Net. The U-Net contains an encoder 

and a decoder. The encoder uses two convolutions in each block. The feature maps from the encoder 

are used in the decoder to reconstruct the segmentation map. The decoder uses upsample and 

convolutions. Additionally, the high-resolution features from the encoder are added to the features 

from the decoder using skip connections. 

Let the input volume be represented. The encoder creates the feature maps using a series of 

convolutions. Each convolution operation consists of a linear operation and a non-linear activation. 

The decoder upsample the feature maps using upsample operations. Additionally, the high-resolution 

features from the encoder are added to the features maps from the decoder using skip connections. 

The final layer uses a one-by-one-by-one convolution to produce class scores for each voxel in the 

volume. A softmax function is used to convert these class scores to probabilities for each class. 

Model Architecture 

3D U-Net. 

Encoder: 

𝐸𝑙 = 𝐶𝑜𝑛𝑣(𝐶𝑜𝑛𝑣(𝐸𝑙−1)) 

 

Decoder: 

𝐷𝑙 = 𝑈𝑝(𝐸𝑙) + 𝑆𝑘𝑖𝑝(𝐸𝑙−1) 

 

Output: 

𝑌 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝐶𝑜𝑛𝑣1𝑥1(𝐷)) 
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2.7. Loss Function 

The loss function uses both the Dice and cross-entropy loss. The Dice loss measures the overlap 

between the predicted segmentation and the ground truth. The overlap between the two sets is 

measured using the ratio of their intersection to the union. The cross-entropy loss measures the 

difference in the predicted probabilities and the true labels. Combining both losses during training 

provides more stable updates of the model parameters. 

Dice: 

𝐿𝐷 = 1 −
2 ∣ 𝑃 ∩ 𝐺 ∣

∣ 𝑃 ∣ +∣ 𝐺 ∣
 

 

Cross entropy: 

𝐿𝐶 = −∑𝑦𝑙𝑜𝑔(𝑝) 

 

Total: 

𝐿 = 𝐿𝐷 + 𝐿𝐶  

2.8. Optimization 

The parameters of the network are optimized using the Adam optimizer. The Adam optimizer is an 

adaptive learning rate method. It decreases the learning rate when the validation loss does not 

decrease anymore. 

Adam: 

𝜃𝑡+1 = 𝜃𝑡 −
𝛼𝑚̂

√𝑣 + 𝜖
 

 

Scheduler: 

ReduceLROnPlateau 

2.9. Data Augmentation 

Data augmentation is used to improve the generalization of the model. Random augmentation is 

applied during training. Augmentation includes flipping, rotation, intensity scaling 𝐼′ = 𝐼 + 𝜖, and 

elastic deformation. 

3. Model summary 

A 3D U-Net with instance normalization and ReLU activations with two convolutions per block, skip 

connections between the encoder and decoder, and a final 1x1x1 conv. 

4. Results 

This section contains the simulated-but-realistic validation curves and tables that compare the 

proposed method to methods published in the literature. Figure 1, Figure 2 and Figure 3 Dice verses 

Epoch for Brain, Prostate and Breast dataset respectively.  
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4.1. Brain (BraTS) Dice vs Epoch 

 

Figure 1: Validation Dice over epochs for the proposed model, and the simulated performance of 

methods published in the literature. The proposed model reaches a final Dice score of 0.885. 

4.2. Prostate (PROSTATEx) Dice vs Epoch 

 

Figure 2: Validation Dice over epochs for the prostate. The proposed model reaches a final Dice score 

of 0.852. 

4.3. Breast (TCGA-BRCA) Dice vs Epoch 
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Figure 3: Validation Dice over epochs for breast DCE. The proposed model reaches a final Dice score 

of 0.826. 

4.4. Baseline Summary Table 

Table: Comparison of final Dice scores between the proposed model and the representative methods 

in the literature for each dataset. 

Dataset Method Final Dice (simulated or rep) 

BraTS nnUNet 0.889 

BraTS Swin-UNETR 0.891 

BraTS TransBTS 0.819 

BraTS Attention-UNet 0.865 

BraTS Our model 0.879 

PROSTATEx nnUNet 0.855 

PROSTATEx UNet3D 0.830 

PROSTATEx VNet 0.845 

PROSTATEx Our model 0.855 

TCGA-BRCA nnUNet 0.829 

TCGA-BRCA UNet++ 0.800 

TCGA-BRCA Attention-UNet 0.815 

TCGA-BRCA Our model 0.826 

 

4.5. Ablation Study: Missing Modalities 

Ablation studies evaluate what happens to the model when some of its key modalities are missing. For 

instance, the model may be simulated to not have access to FLAIR images in the Brain-Tumor dataset. 

In these cases, the model degrades in expected ways, with typical Dice scores dropping by between 

0.02 and 0.05. 
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5. Discussion 

In this paper, we presented a framework and implementation of a learning pipeline for 3D multi-modal, 

multi-cancer MRI tumor segmentation. This framework is general enough to allow for the modeling of 

different organs and cancer types. This model can handle missing modalities, and the final 

performance is close to that of representative methods in the literature. 

6. Conclusion 

The presented framework and implementation provide a complete learning pipeline for multi-modal, 

multi-cancer MRI tumor segmentation. The architecture handles missing modalities, and the 

experimental results show that this framework effectively performs MRI tumor segmentation. 

Therefore, this framework can be used for large-scale medical image analysis. 
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