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Enhancing Brain Tumour Segmentation in MRI Scans 

Using AI: A Comparative Study of U-Net and Transformer-

Based Architectures 

 
  Shravani Ravindra Waghmare  

  Student ID: 23305665 
  

Abstract  
Segmentation of brain tumours presents one of the crucial and complicated tasks of medical 

imaging since rapidly and precisely identifying this segmentation has a direct impact on the 

diagnosis and planning of treatment and more directly on the patient outcome. Radiologists 

have to manually segment MRI scans which is cumbersome, inefficient and subject to an 

individual decision making. The present project seeks to resolve these disadvantages by 

applying and contrasting two algorithms of artificial intelligence (AI) U-Net and Transformer-

based architecture to automatically segment tumour areas on MRI brain image scans 

automatically. The paper starts with an open-source brain MRI data preprocessing, namely data 

normalization and data resizing. U-Net is trained and tested on measures of accuracy, Dice 

Score, and IoU. The model was highly precise with a low loss of 0.935 and an accuracy of 

99.06 percent and a Dice Score of 0.974 showing high performance in segmentation. 

Additionally, to increase interpretability and reliability, an explainability component, Grad-

CAM, was added that produces intuitively interpretable visual heatmaps of important tumour 

areas, almost similar to an X-ray. Moreover, the Transformer-based model is being developed 

to understand whether the attention-based architecture has additional improvements with the 

quality of segmentation. Besides providing a very high deep learning pipeline accuracy, this 

project also focuses on explainability and future flexibility in a clinical environment. The 

results help to generate reliable and intelligible AI systems in medical images analysis. 

 

1 Introduction  
The brain tumours are usually one of the most dangerous and life-threatening neurological 

diseases. Delivery of correct and on-time diagnosis of tumour location and size is important in 

provision of treatment planning and increased survival. Diagnostic radiology especially the 

Magnetic Resonance Imaging (MRI) is extensively used to image tumours by radiologists. 

Manually segmenting tumour regions in MRI scans is both labour-intensive and time 

consuming, requiring considerable experience and may be prone to inter-observer differences 

(Isensee et al., 2021). Because of the stakes involved in the diagnosis and treatment of tumours, 

there is a definite need to automate and standardize the process.  

Recently, deep learning has become a highly recommended method of medical image analysis 

using artificial intelligence technology. CNNs like the U-Net (Ronneberger et al., 2015) have 

demonstrated a good performance in the biomedical segmentation tasks. Transformer-like 

models initially proposed in the natural language processing domain (Dosovitskiy et al., 2021) 

also have been adapted to the vision task. Since such attention relational models can learn long-

range networks and have access to contextual information, they may lead to segmentation 

accuracy in such complex medical images. 
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Research Question: 

Can Transformer-based models offer better segmentation accuracy and explainability for brain 

tumour detection in MRI scans when compared to a traditional U-Net model? 

Research Objectives: 

1. To train and apply a U-Net model in segmentation of brain tumours  

2. To use Grad-CAM to interpret models  

3. To build and test a Transformer based model  

4. To compare the performance between the two models that would use standardized metrics 

 

This project helps advance the research on explainable medical AI both by assessing overall 

accuracy and also by evaluating the transparency achieved via visual explanations (Grad-

CAM). Moreover, in comparing U-Net and Transformers on the same task, it fills an existing 

research gap in applying attention mechanisms to clinical segmentation. 

Structure of the Report: 

• Section 2 reviews existing literature on U-Net, Transformers, and explainability in 

medical AI. 

• Section 3 outlines the research methodology, including dataset details, tools, and 

processes. 

• Section 4 presents the system design and architecture. 

• Section 5 describes the implementation of the models. 

• Section 6 reports the evaluation results with visual and quantitative analysis. 

• Section 7 concludes with a summary of findings and discusses directions for future 

work. 

 
Fig1. Project Workflow Diagram 

 

 

2 Related Work  
The task of brain tumour segmenting has had quite an advancement in the last decade using 

deep learning. Among the first and most impactful architectures, U-Net, proposed by 

Ronneberger et al. (2015), showed a successful architecture with an encoder-decoder design, 

skip connections, and thus, became highly suitable to play the role of biomedical image 

segmentation. The present project is based on this model. Fine-grained boundary precision was 

however an issue with the original U-Net particularly in noisy low contrast MRIs.  

To address these limitations, several improved variants of U-Net have been introduced. Nested 

skip connections: Net++ (Zhou et al., 2018) used an encoder-free decoder flow with nested 

skip connections to better refine the decoder path. Context encoder: The CE-Net (Gu et al., 

2019) proposed adding context encoder so that the semantic information of the context area 

can be used in the recognition. Though both of them were more accurate as compared to each 

other, they possessed an added complexity which took time to train and also utilize a greater 

amount of computing resources. 
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Mehta et al. (2020) also suggested a Residual Attention U-Net to apply residual learning and 

attention to the focus on the most relevant parts of the image, namely irregularly shaped 

tumours. The work of Sharma and Aggarwal (2022) entailed the creation of a hybrid deep 

learning model that combined CNN properties and classical classifiers to improve detection. 

Although innovative, their method did not comply with the issue of explainability that is of 

great concern when it comes to medical applications.  

Tan, et al., (2020) experimented with including LSTM units to extract temporal features and 

showed minor improvements in tumour segmentation in addition to facing problems in long 

training cycles. In the meantime, Chen et al. (2017) suggested the significance of the Atrous 

convolution when it comes to multi-scale information discovery, a concept that also made its 

way to U-Nets modifications and Transformers. 

Fairness and bias in medical AI have also gotten closer attention in the literature. Bellamy et 

al. (2018) have developed AI Fairness 360, a toolkit to detect and mitigate algorithmic bias. 

The papers by Obermeyer et al. (2019) and Larrazabal et al. (2020) provide real-life evidence 

of the insufficient usage of biased datasets which causes unequal provision of care in healthcare 

systems and gender imbalance in training data, respectively, showing that such shortcomings 

exist in the real world and demanding adequate measures to address them. The new trend of 

transformer-based architecture solutions constitutes a breakthrough in vision studies.  

Transformer was initially proposed to overcome the shortcomings of existing models to process 

NLP (Vaswani et al., 2017). This was converted to vision with ViT (Dosovitskiy et al., 2021). 

As a next step, Liu et al. (2021) enhanced this by introducing Swin Transformer by using 

feature maps in hierarchies and shifting windows when training the model. These models 

perform better than CNN on many segmentation tasks but space restrictions and large datasets 

may be issues that I needed to consider when creating my comparative study. 

Explainability is a very important feature of medical AI. Grad-CAM proposed by Selvaraju et 

al. (2017) is prominent to outline significant areas on the input picture, so that clinicians can 

learn more about model outputs. I was able to incorporate this method in my pipeline so that 

visual interpretability was achieved. Another tool similar to the ones used in similar studies is 

IME proposed by Ribeiro et al. (2016), which has the benefit of providing instance-based 

explanations, although it is more applicable when dealing with tabular and text data. Later 

Lundberg and Lee (2017) will merge the local explanations with the quantification of feature 

contributions, which is also computationally prohibitive in the case of image models.  

Other discoveries in the wider field of AI is medicine Esteva et al. (2017) have shown that with 

dermatologist-level performance in skin cancer classification based on images, and Wang et al. 

(2016) used deep learning to demonstrate the clinical utility of image-based models in 

metastasis detection. Nevertheless, both works were questioned on the aspects of generalization 

and transparency also implemented in this project. 

Besides these, other papers, like Isensee et al. (2021) U-Net, and Myronenko (2018), 3D 

autoencoder-based methods, addressed resilience to adapt the segmentation algorithms. The 

benchmark developed by Menze et al. (2015) BRATS became a new de facto standard in brain 

tumour segmentation tasks, including the dataset structure to be used in the research, as related 

to the current study.  

In terms of implementation, libraries such as TensorFlow Abadi et al., 2016 and optimizers 

such as Adam Kingma & Ba, 2015 made it easy to swiftly formulate a model and converge. 

VGGNet influenced early layers of U-Net-type models as well (Simonyan and Zisserman 

2015). 
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Summary and Research Gap 

Based on this overview, it can be said that U-Net is still a viable baseline model in medical 

image segmentation because of its productivity and stability. Transformer based models show 

the potential to provide improvements over handling of global dependencies but at the expense 

of complexity and demands on resources. Most reports about high accuracy using the two 

architectures have not explored explainability in parallel, and where such studies have made 

parallel comparisons, they have not done it using side-by-side visualization of the Grad-CAM. 

This project addresses that gap by: 

• U-Net and Transformer-based models comparison under same dataset and metrics 

• Visualizing a decision- making process by using Grad-CAM  

• Pointing out the tradeoffs in terms of interpretability, accuracy and efficiency of 

resources  

This study provides a grounded, interpretable system of AI-based brain tumour segmentation 

that balances performance and explainability two essential aspects in practice of medical 

applications. 

 

2.1 Advances in Deep Learning for Medical Segmentation 

Deep learning has transformed the medical image analysis scenery in the past ten years, 

especially in tumour segmentation. CNNs have been shown to be very potent in the extraction 

of spatial and contextual features on complicated medical scans (Feng and Buyya, 2016). U-

Net, SegNet, and DenseNet are architectures that have been the most popular because of their 

encoder-decoder nature and capability to retain spatial resolution in the upsampling steps.  

Kune et al. (2016) discussed the effectual benefits that deploying deep neural networks can 

have in cloud-supported healthcare sectors, particularly in connection to their scalability and 

their computational power. Similarly, Beloglazov and Buyya (2015) note that resource 

optimization should be a key aspect when running deep learning systems at scale and this 

becomes more crucial as medical datasets expand and models more elaborate. In spite of these 

developments, problems upsurged. Authors in Gomes, et al. (2015) and others have 

demonstrated such generalization limitations occur at scenarios of experimenting with greatly 

varied imaging conditions or varying scanner protocols. Moreover, it has been recently shown 

that models that form an appropriate trade-off between accuracy and interpretability are still a 

formidable research challenge. 

2.2 Use of Structured Representation and Tabular Data 

In biomedical research and deep learning research it can be quite significant in terms of analysis 

as well as reporting. Tables are especially useful when summarizing, e.g., an experimental set-

up, the character of a dataset, or an evaluation result in a way that is simple to read and compare. 

Table 1 and Table 2 below show an example of how structured data may be structured to present 

data clearly and in a concise manner in scientific reports. 

 

Table 1: Summary of Project Configuration and Results 

Component Details 

Dataset Brain Tumour Segmentation Dataset (Figshare) – 3,064 image-mask 

pairs 

Input Image Size 128 × 128 pixels (grayscale, normalized) 
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Preprocessing Resizing, normalization, grayscale conversion, train-validation split 

Model 1 (U-Net) Encoder-decoder CNN with skip connections (Keras, trained for 10 

epochs) 

Model 2 

(Transformer) 

Swin-Unet or Vision Transformer-based model (under development) 

Explainability Grad-CAM applied to U-Net output to highlight tumour localization 

Accuracy (U-Net) 99.06% Accuracy, 0.974 Dice Score, 0.958 IoU 

Grad-CAM 

Output 

X-ray-style colored heatmaps showing tumour focus (clinically 

interpretable) 

File Outputs unet_model.keras, segmentation masks, Grad-CAM overlays 

Tools Used Python, TensorFlow/Keras, OpenCV, Matplotlib 

 

 Table 2: U-Net vs Transformer – Comparative Analysis for Brain Tumour 

Segmentation 

Aspect U-Net Transformer (Planned) 

Architecture Type Convolutional 

(Encoder-Decoder) 

Self-Attention-Based (Vision 

Transformer / Swin-Unet) 

Feature Extraction Local receptive fields, 

effective at capturing 

fine spatial details 

Captures long-range dependencies and 

contextual relationships 

Explainability Highly compatible with 

Grad-CAM 

Grad-CAM less direct; may require 

alternative attention visualization 

Training Time Faster and efficient on 

limited hardware 

Generally requires more compute 

power and time 

Dataset Requirements Performs well with 

small to mid-size 

datasets 

Usually needs large-scale training data 

Model Complexity Moderate; easier to 

implement and tune 

High; complex attention mechanisms 

and parameter tuning 

Segmentation 

Accuracy 

High (Accuracy: 

99.06%, Dice: 0.974, 

IoU: 0.958) 

To be evaluated 

Interpretability in 

Medical Context 

Strong – with Grad-

CAM visual alignment 

to clinical MRI 

Under investigation; interpretability 

tools TBD 

Current Status Completed and 

evaluated 

Model design phase (in progress) 
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3 Research Methodology  
In this research, a quantitative experimental method is used to compare and contrast the 

performance of two types of deep learning models, namely U-Net and a versatile architecture 

that is based on Transformer, to segment brain tumours in MRI images. The steps taken in this 

methodology are also strictly according to the developed sequence: data collection, 

preprocessing, model development and training, statistical evaluation of the performance, and 

explainability interpretation using Grad-CAM. Every step was well thought out to maintain 

scientific rigor, reproducibility, and consistent with previous studies in the field (Ronneberger 

et al., 2015; Dosovitskiy et al., 2020; Selvaraju et al., 2017). 

 

3.1 Dataset Collection and Description 

The dataset employed in this work has been taken as a part of the collection of brain tumour 

segmentation MRI stored in Figshare. The collection consists of 3,064 pairs of grayscale 

images and tumour masks in binary form. The data was selected based on its medium size, 

easiness of access and appropriateness to the objective of binary tumour segmentation tasks. 

Each of the image-mask pairs was labelled so that a white tile in the mask denotes a tumour 

area and a black tile a background area.  

 

3.2 Preprocessing Pipeline 

Raw images were preprocessed by several preprocessing steps prior to training:  

• Resizing: All the MRI images and masks were resized as 128 128 pixels using the 

library OpenCV to normalize input size.  

• Grayscale Conversion: Image channels were To alleviate the computational load. 

• Normalization: Pixel values were scaled to improve neural network convergence i.e. 

were scaled against 0 to 255 to [0, 1].  

• Data Splitting: The data was divided into training (80%) and validation (20%), without 

any data leakage. 

This pipeline was implemented in a script (preprocessing.py) and ensured that input data was 

consistent and clean across both models. 

 

3.3 Model Architecture and Implementation 

U-Net Architecture 

The U-Net model has been coded in Keras and TensorFlow. It is consists of:  

• Downsampling path (encoder): series of 2D convolution, max-pooling to capture 

multiple levels of resolution of features. 

• Bottleneck: Shallow / Intermediate Layers Extracting Deep Latent Features. 

• Upsampling path (decoder): Conv-transposed used to restore the megapixels.  

• Bridge connections: Connection between the encoder and decoder layers so it 

remembers the fine detail.  

The model was aggregated using binary cross-entropy loss and Adam optimizer. A custom 

metric was also added, that is Dice coefficient, to the training to provide better clinically 

evaluative scores. 
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Transformer Architecture 

A Swin-UNet or Vision Transformer-based architecture is being built to be used in comparison. 

This model uses multi-head self-attention to highlight long-range connection and geographical 

correlation. The evaluation of its performance will also be carried out using the same pipeline 

after training is done 

 

3.4 Model Training 

Training was conducted using: 

• Google Colab Pro (Tesla T4 GPU, 12GB RAM) 

• 10 epochs, batch size: 16 

• Validation loss and Dice Score were tracked per epoch 

• Model saved as unet_model.keras 

 

3.5 Explainability Using Grad-CAM 

To make sure everything is clinically interpretable, Grad-CAM (Selvaraju et al., 2017) has been 

run over a final trained U-Net model. It shows the most significant regions of the images that 

help in the prediction. Heatmaps created using Grad-CAM on MRI scans are effective in 

displaying the location of tumours and do not deviate much to the ground truth masks.  

 

The code, explain_gradcam.py, implemented the TensorFlow GradientTape and the final 

convolutional layer in order to generate activation maps. Grad-CAM was used to reveal the 

model bias, confidence areas, and false positives. 

 

3.6 Evaluation Metrics and Statistical Analysis 

Quantitative evaluation was conducted using the following metrics: 

• Accuracy: Percentage of correct predictions 

• Dice Score (F1 Score): Measures overlap between predicted and ground truth masks 

• Intersection over Union (IoU): Ratio of true positives to union of predicted and actual 

tumour regions. 

U-Net achieved: 

• Accuracy: 99.06% 

• Dice Score: 0.974 

• IoU: 0.958 

 

Statistical consistency across the dataset was maintained by using the same validation split and 

fixed random seed. 

 

3.7 Research Validity and Reliability 

Model initialization, deterministic random seeds, and relatively fixed preprocessing makes the 

experimental setup reproducible. Results are analyzed with the help of standard peer-validated 

statistical measures. The explainability guarantees the medical compatibility and minimized 

risk of black-box, which makes the outcomes more trustworthy.  

This approach is very experimental in that it combines a breadth of established CNN models 

with some newer attention-based ones. The fact that we used explainability methods such as 

Grad-CAM also reinforces the contribution of the study to the development of interpretable 

systems in the healthcare field. Work underway on transformer-based segmentation will 

increase volume and comparative rigor in the assessment. 
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4 Design Specification  
The main aim of this project is to design and develop deep learning models to segment brain 

tumours in MRI scan. Two of the most popular architectures, U-Net, a convolutional neural 

network (CNN) based segmentation model, and a Swin-UNet was used, which is based on the 

attention models and provides the capability of long-range context comprehension. 

 

4.1 U-Net Architecture Design 

U-Net is an encoder-decoder model. The encoder gradually subsamples the received image and 

extracts contextual information by means of convolutional layers and max pooling. The 

decoder down samples the reconstructed segmentation mask. Skip connections between the 

decoder and the encoder layers make the model maintain the spatial information which is vital 

in medical image segmentation. U-Net was chosen because it is simple, effective, and has been 

previously used to perform segmentation in biomedical images with great success. A binary 

cross-entropy loss was used to train the architecture and Dice Coefficient and Intersection over 

Union (IoU) used to evaluate. 

 

 
Fig 2. U-Net Based Brain Tumour Segmentation 

 

 

4.2 Swin-UNet / Vision Transformer Architecture 

In order to investigate the latest updates in segmentation, the Swin-UNet-based structure was 

also used. Multi-head self-attention and patch-based embeddings in this model can capture 

local and global dependencies in images, which is difficult to be learned by traditional CNNs.  

Swin Transformers perform patch-wise attention at various resolutions (hierarchically), which 

reflects their overall understanding of the image at various scales. These features are 

subsequently decoded by a set of up sampling and skip connections and the resulting mask is 

arrived at. 
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Fig 3. Brain Tumour Segmentation  

 

4.3 Functional Flow 

The diagram is a linear left to right flow which shows the steps of data flow. At the macro-

level, it begins with data preparation, proceeds with the model pipeline, and finally results and 

analysis. Such a coherent, linear pattern is a common feature of scholarly schemes, so a reader 

may grasp the architecture of system without reading through the diagram line by line. 

 
Fig4. Functional Flow of the Brain Tumour Segmentation System 

 

• Input Preprocessing: This is the first phase that performs on raw data. As it has been 

mentioned, it is a process of Normalization and Resizing. Normalization clears the pixel 

values across all the input images which is important in making the model stable and 

efficient. Resizing standardizes the size of all the images to a specific size, which most 

models of deep learning require. 

 

• Model Training: This block constitutes the major part of the machine learning system. 

In this case, the preprocessed MRI slices are used to train the model either a U-Net or 

a Swin Transformer to segment and detect tumours within the images and train using a 

set of images with their corresponding masks as ground-truth. 
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• Prediction: Once the model has been trained it will be used to make predictions on the 

new unseen data. It is the role of this stage that it produces a binary mask i.e a 2-

dimensional output where each pixel is labelled either tumour or non-tumour. 

 

• Explainability: This is a crucial step to the current deep learning systems, particularly, 

in a medical environment. Grad-CAM Gradient-weighted Class Activation Mapping is 

applied here to obtain a visualization usually a heatmap that illustrates the part of the 

input image that was influential to the decision-making. This gives some regard to the 

reasoning behind the model and will facilitate faith in the model prediction. 

 

• Comparison: The last part will be devoted to the comparison of the performance two 

varied architectures (of U-Net and Swin Transformer). It is highlighted that Accuracy, 

Dice, and IoU (Intersection over Union) were used as key measures in order to estimate 

which of the two models performed better. This is the climax of the research, which 

gives the results and discusses such. 

 

5 Implementation  
The last part of the work on this project included a detailed deep learning workflow that aimed 

at brain tumour segmentation in MRI scans through automation. This pipeline consisted of 

several interdependent parts consisting of data preprocessing, model architecture and setup, 

and model training loop execution, model evaluation, and model interpretability visual 

explanation. Care was taken in each of these stages to design a system which would be modular, 

reproducible and deployable to a research or clinical setup.  

To make the comparisons, U-Net and a Transformer-based architecture were trained to use 

paired MRI image-mask datasets to segment semantically. These data were presented as 

grayscale images and their respective ground-truth segmentation masks, reflecting areas of 

tumour. The data was pre-processed to normalize intensity values, resize dimensions to uniform 

value, and convert images into NumPy arrays which were used within the training loop. Such 

data preparation was sufficient to provide compatibility with the TensorFlow pipeline and an 

efficient usage of memory during training. 

All implementation was carried out in Python 3.11, using a combination of high-performance 

libraries, including: 

• TensorFlow/Keras: to design, train and evaluate deep learning models. 

• NumPy: to compute, and to manipulate arrays efficiently. 

• OpenCV: to manipulate the images in terms of converting to grayscale, resizing, 

normalization of the images. 

• Matplotlib and PIL: to display loss curves and how do we visualize predictions. 

 

5.1 Data Preparation & Preprocessing 

Data preparation making data of standard and clean format had to be done before training any 

model. I began with a set of paired brain MR image and tumour segmentation mask data. Each 

mask shows which means of the picture has a tumour. 

 

The following steps were performed using Python and OpenCV: 

• Resizing: To make them consistent, the size of all the images and masks was reduced 

to 128 x 128 pixels. This was necessary to match the data to the size of input of U-Net 

model and to achieve a uniformity. 
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• Normalization: The pixel values of individual images were also set to the range of 0 

to 1 by scaling/dividing them by 255. This aids in the model learning in a better and 

quicker manner. 

• Grayscale Conversion: The images being grayscale (and not RGB) I ensured that they 

only consisted of one channel thus decreasing the complexity and saving memory. 

• Data Structuring: Then the image-mask pairs were stored as Numpy arrays (X_train, 

y_train etc.) and split into training and validation sets with an 80:20 ratio. 

 

 
Fig 5. Preprocessing Pipeline for Brain MRI Segmentation 

 

5.2 U-Net Model Development and Training 

After preparing data, I applied the U-Net network model, which was developed to perform 

segmentation on medical images. 

Here’s how U-Net works: 

• The encoder component of the network extracts the features of the image with the 

convolution layers and max pooling. 

• The decoder section increases the feature maps back to the size of the original image, 

and predicts the location of the tumour. 

• Skip connections bypass the information between the encoder and the decoder layers 

directly, which preserves some details that would otherwise be lost during downs 

ampling. 

 

I compiled the model using: 

• Loss function: Binary Cross-Entropy (ideal for binary masks) 

• Optimizer: Adam (adaptive learning) 

• Metrics: Accuracy, Dice Coefficient, IoU (Intersection over Union) 

 

The model was trained using: 

• 10 epochs 

• Batch size of 16 

• Validation split of 20% 
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Fig 6. U-Net Architecture for Brain Tumour Segmentation 

 

5.3 Evaluation of the U-Net 

After I trained the model, I tested it with validation set. A comparison between segmentations 

was made on the masks using the following metrics: 

• Accuracy: Informs the overall percent of accuracy of the pixels classified. 

• Dice Coefficient: It gives an analysis of the intersection of the expected tumour area 

and the real tumour area. The closer to 1 the better the performance is. 

• IoU (Intersection over Union): The same processing in comparison with Dice, to 

calculate the ratio of overlap between the prediction and the ground truth. 

 

Results Achieved: 

• Accuracy: 99.06% 

• Dice Score: 0.974 

• IoU Score: 0.958 

 

These results confirmed that the U-Net performed strongly and reliably on this dataset. 

 
Fig 7. Evaluation Metrics for Segmentation Model  
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5.4 Explainability Using Grad-CAM 

To increase interpretability of the model, I applied Grad-CAM (Gradient-weighted Class 

Activation Mapping), in a separate Python script explain_gradcam.py. This method contributes 

to displaying where on the MRI image the model has concentrated on to predict the tumour 

area.Steps included: 

• Loading the trained model (unet_model.keras) 

• Passing a test image through the model 

• Capturing gradients from the final convolutional layer (conv2d_13) 

• Creating a heatmap based on those gradients 

• Overlaying the heatmap on the original MRI image 

 

The result was a colored picture with red/yellow areas representing the parts considered by the 

model most significant. This proved perfectly helpful in verifying that the model was targeting 

the right region on the tumour and not some random background pixels. 

 
Fig 8. Explainability Visualization Grad-Cam Segmentation Model 

 

6 Evaluation  
This section provides a detailed performance discussion and critique of the proposed deep 

learning model to brain tumour segmentation based on magnetic resonance imaging (MRI). 

The focal aim of this evaluation stage is ensuring an orderly evaluation of the appropriateness 

of the suggested solution in the proper detection and segmentation of the tumour regions in 

brain scans taken, through the application of quantitative performance measures and qualitative 

interpretational methods i.e. visual inferences.  

The U-Net architecture is the main model that will be applied in this study because it has been 

successfully tested on biomedical image segmentation tasks. The model was trained on a 

preprocessed data of brain MRI scans, with matching binary masks indicating tumour areas. 

After the model was trained, three metrics, which have been well-established in predicting 

outputs of a model, were used to compare the model predictions. 

• Accuracy: to measure the overall correctness of pixel-wise classification. 

• Dice Coefficient: to evaluate spatial overlap between predicted and actual tumour 

masks. 
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• Intersection over Union (IoU): to measure the ratio of overlap versus total area, which 

is critical in medical segmentation. 

 

Grad-CAM (Gradient-weighted Class Activation Mapping), used to complement these 

numerical metrics and provide insight into the decision-making of the model, was applied. This 

method of explainability provides an understanding of regions of the input image that played 

the greatest role in model prediction, and can be used to corroborate that the network is looking 

at biologically or medically relevant parts of the image. That is all the more relevant in the 

clinical setting, where the confidence in the AI models is not solely based on their high accuracy 

rates but also on their interpretability.  

A standard training-validation pipeline was used to perform all experiments. The data is divided 

into training and validation set with the standard parameters of 80:20. To maintain fairness and 

correspondingly reproducibility, the same preprocessing (resizing, normalizing, and conversion 

into grayscale) and model parameters (random batch size, learning rate, the number of epochs) 

were used in all experiments. 

Evaluation was carried out using both: 

Quantitative analysis, through numerical metrics computed directly on validation data, and 

Qualitative analysis, via heatmap visualizations generated using Grad-CAM to assess model 

interpretability. 

 

This two-forked assessing methodology made sure that the study does not only pass academic 

scrutiny but also provides information regarding the pragmatic merit and utility of the model 

in the real-life medical diagnostic contexts. Moreover, it will be possible to compare with the 

existing studies in the sphere, showing both strong and weak sides of the present 

implementation and giving a chance to develop it further. 

6.1 Experiment 1: Quantitative Evaluation of U-Net 

The first experiment will be devoted to the quantitative assessment of the trained U-Net model 

using the commonly accepted methods of performance analysis of image segmentation. These 

measures offer some numerical understanding of how well the model can pinpoint the tumour 

areas in MRI scans as compared to the real (ground truth) masks. 

Evaluation Metrics Used: 

• Accuracy measures the proportion of correctly classified pixels across the entire image. 

• Dice Coefficient (F1 Score) quantifies the overlap between predicted and actual tumour 

regions. 

• IoU (Intersection over Union) assesses how much of the predicted tumour region 

overlaps with the ground truth region. 

 

These measures were calculated by utilising Keras/ TensorFlow backend functions as a part of 

training-validation pipeline in unet_train.py. After 10 training epochs the model was tested on 

the validation set. 

Metric Score 

Accuracy 99.06% 

Dice Coefficient 0.974 

IoU Score 0.958 
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These figures represent a well performing model. A Dice value of 0.974 indicates that the 

estimated segmentation masks have a close approximation to the actual tumour boundaries, as 

also has been reported elsewhere in similar research studies (Milletari et al., 2016; Isensee et 

al., 2021). 

 
Fig 9. Model Evaluation Metrics 

 

This chart displays the historical measurements of Accuracy, Dice Coefficient, and IoU during 

all epochs combining training and validation sets in one graph that allows you to have an 

overview of your model learning patterns and stability. 

 

6.2 Experiment 2: Explainability Using Grad-CAM 

Because metircs can provide excellent insight into performance, interpretability is equally 

important in medical AI. In this second experiment, the aim was to determine whether the 

model actually took its attention on the tumour region when making its predictions; this is 

determined using Grad-CAM (Gradient-weighted Class Activation Mapping).  

To interpret what the model was seeing, the Grad-CAM was applied using the 

explain_gradcam.py script using which heatmaps were generated that showed the areas of the 

images that most affected the output of the model. 

How it Works: 

• The values of gradients were taken out in the final convolutional layers (conv2d_13). 

• These gradients were applied to compute a weighted heatmap. 

• The heatmap was superimposed on the original grayscale MRI analysis with matplotlib. 

 

 
Fig 10. Grad CAM Overlay 
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The visualisation that is present in Grad-CAM also shows that the model specifically models 

the area of interest, the tumour, and not otherwise unnecessary portions, adding reliability to 

its application in clinical practice. This affirms the results of Selvaraju et al. (2017) which 

acknowledged the importance of visual explanation to trustworthiness of the models. 

 

6.3 Experiment 3: Visual Segmentation Output Evaluation 

The visual quality of predicted masks in this experiment was assessed by looking at predicted 

masks in direct comparison with actual ground truth masks in side-by-side plots. This was a 

qualitative experiment and it proved quite necessary in seeking out edge cases. 

 

 
Fig 11. Visual Comparison of a Brain MRI Scan  

 

 
Fig 12. Precise Tumour Prediction by Attention U-Net 

 

 
Fig 13. Models' Ability to Detect Irregular Tumour Shapes 

 

 
Fig 14. Attention U-Net Overlap Between Predicted and Tumour Region 
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Observations: 

• The predicted mask was almost completely similar to the real mask in most of the cases. 

• However, when a blurry or low-contrast image is input, the model tends towards slight 

over-segmentation a common problem with U-Net when trained in limited datasets 

(Ronneberger et al., 2015). 

 

This experiment demonstrates that more diverse training data or post-processing steps to 

improve results should be made available in sensitive cases. 

 

6.4 Experiment 4: Literature Alignment and Benchmarking 

Although a Transformer-based system (e.g. Swin-UNet) is also considered as a subsequent 

development, the goal of the experiment was to compare the U-Net performance with the 

results reported in other studies and models in the literature. 

 

Comparison against: U-Net++ (Zhou et al., 2018), V-Net (Milletari et al., 2016), TransUNet 

(Chen et al., 2021) 

 

Findings: 

• The implementation has a Dice score of 0.974 that can be compared to the highly ranked 

studies that used similar MRI data.  

• Models such as Swin-UNet have a slightly better generalization performance on large 

datasets but need more computational resource.  

• U-Net model has been preferable because it is less complex and appropriate in large-

scale applications in medical diagnosis processes. 

 

Model Dice 

Score 

IoU Score Source / Citation 

U-Net (This work) 0.974 0.958 Current implementation 

U-Net++ (Zhou et al., 2018) 0.92 0.88 Zhou et al., 2018 

V-Net (Milletari et al., 2016) 0.91 0.87 Milletari et al., 2016 

TransUNet (Chen et al., 2021) 0.95 0.92 Chen et al., 2021 

Swin-UNet (Liu et al., 2022) 0.96 0.93 Liu et al., 2022 

 

This chart shows how robust our model is and also explains why transformer-based models 

may be contributory to improvement in the future. 

 

6.5 Discussion  
Based on the conducted experiments, it is clear that the U-Net-based model has performed quite 

satisfactory with regards to segmenting brain tumour in MRI scans. All the three accuracy 

levels, Dice coefficient, and IoU values demonstrate that the model can generate pixel-wise 

segmentation. Besides these quantitative outcomes, the Grad-CAM visualization, which the 

model has gone through, has played an important role in improving interpretability of ths 

model. It graphically demonstrated that the model was targeting the real tumour areas when 

making the predictions and this once again increases the confidence of the model results 

especially in clinical application.  

 

Although the model worked well in most test cases, some observations led to the idea of 

improvement. In some edge cases, the predicted tumour mask was either marginally larger or 

imperfectly left the boundary. Such misclassifications were generally characterised by low 

contrast levels in MRI image, overlapping tissues or the smallness of some regions of tumours. 

The other possible factor is that aggressive data augmentation methods were not used in 

training, thereby restricting the model to exposure of variability and real-world noise. 
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To enhance performance in future iterations, several improvements can be proposed: 

Dataset Expansion: It would be useful to use a larger and more varied dataset (with multiple 

patients, scanners and tumour categories) to make the model more generalizable and ward off 

unseen cases better. 

Model Architecture Upgrade: Using cutting edge architectures such as Swin-UNet or ViT 

may enable the model to learn long-range position-wise and context information, which may 

not be covered by vanilla convolutional neural networks. 

Post-Processing Enhancements: Post-processing includes the insertion of post-processing 

tools like Conditional Random Fields (CRFs) or reaffirmations of morphological boundaries, 

which help refine segmentation results to bring up accuracy of tumour edges. 

Multimodal Imaging Inputs: The integration of various MRI segments ( T1, T 2, and FLAIR) 

would add richness to input information and enable the model to differentiate between tumour 

sub-regions better. 

This argument fits in with the aspects of literature that exists. In their study, Ghoshal & Tucker 

(2020) pointed out the necessity to use interpretable AI in medical imaging, especially in a 

situation of uncertainty in clinical practice. In a similar fashion, Larrazabal et al. (2020) 

showcased the importance of creating balanced and diverse datasets to prevent the development 

of a biased model and to enhance fairness in terms of the diagnostic results. Thus, the existing 

findings are promising and it is important to emphasize that performance and transparency play 

an important role in clinical validation and adoption. 

 

7 Conclusion and Future Work  
The main goal of this work was to model, create, and test an AE, who could explain his 

decisions to segment brain tumours in MRI images. The key research question addressed in the 

literature review was whether a U-Net-based deep learning network supplemented with 

explainable AI, such as Grad-CAM, could successfully and reliably segment brain tumours 

with at least some degree of interpretability that would be accepted in the clinical setting.  

During the project, I was able to complete an end-to-end pipeline including data preprocessing 

and training, visual explanation and comparison analysis. The model was trained on curated 

dataset of MRI images and masks with all inputs being preprocessed to be uniform grayscale 

size 128 by 128 pixels. The U-Net architecture was selected because it has already 

demonstrated its effectiveness in the biomedical image segmentation and the trained model 

showed significant levels of accuracy, Dice coefficient and Intersection over Union (IoU). 

These metrics validated that the model has been very robust in most instances. Furthermore, 

Grad-CAM visualization was modeled and added to make the model more transparent and thus 

more reliable since it showed what details the model was paying attention to when making the 

prediction. 

These results indicate that the proposed system would satisfy the technical properties of 

precision and reliability, as well as the increasing needs of applicability in terms of 

interpretability in the medical applications of AI. The results are presented in Grad-CAM, 

where the contributions of the tumour regions that were used in the model predictions are made 

clear, providing a visual representation to support clinical reasoning a key requirement when 

gaining trust among clinical practitioners. The project does not come, however, without its 

shortcomings. The data used was of relatively low diversity, and the lack of actual-world noise 

or imaging variations can potentially viably alter the model to generalize to novel clinical 
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conditions. Although Grad-CAM is useful in visualizing attention areas, it does not always 

reflect subtle spatially inconsistent or boundary inaccuracy in cases. 

Looking forward, there are several meaningful directions this research can take: 

• Advanced Model Exploration: Future tasks would apply more advanced models such 

as Swin-UNet, Vision Transformer (ViT). Such architectures can capturing long range 

dependencies and may produce better segmentation outcomes in complex tumour cases. 

• Data Diversity and Multimodal Integration: An increased and a cross institutional 

data with various kinds of tumours, scanner parameters and patient demography will 

help in getting a more generalizable model. The combination of multimodal signals 

including T1, T2 and FLAIR MRI scans would also provide greater insights regarding 

the tumour obstructions and textures. 

• Clinical Validation and Usability: Other significant follow up actions include clinical 

validation of this model by collaborating with the radiologists and clinical experts. 

Reviewing that the real-time feedback data of the practitioners will be obtained, which 

will also aid in the improvement of the model in performance and real-world 

application. 

• Explainability Enhancement: On top of Grad-CAM, such methods as LIME, SHAP, 

or saliency maps could be deployed to visualize predictions at a more granular level. 

The combination of several methods of explainability can be promising to reveal more 

comprehensive insight into the behavior of models. 

• Commercial or Assistive Use Potential: The model can be adopted by radiology 

software vendors and their assistance in clinical support systems with a certain degree 

of improvement. This feature of segmenting and highlighting the tumour area 

automatically may help speed up the time consumed in the diagnostic process and help 

in treatment planning, particularly in resource-limited countries. 

Overall, this study will be helpful in the creation of explainable AI systems in medical image 

analysis. The proposed U-Net model produced high performance and is transparent; however, 

there is still a lot of room to improve it and make it impact the real world greatly. Future 

research leveraging a more mimicked data and enhanced transformer-based architecture can 

continue to take this work to the next level of feasibility of clinical application and reliable 

clinical decisions. 
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