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Abstract 

Detecting a brain tumor and classifying it into one of many different disease subtypes can be a time-

consuming and challenging process. However, by deploying the approach and techniques of the 

Research Novelty Approach for Brain Tumor Classification presented below, a Multi Fusion based 

U-Net with Short Learning Technique was created that improves both the efficiency and accuracy 

of tumor classification for magnetic resonance images (MRIs). The most distinguishing aspect of 

the model is its ability to adapt quickly to new, rare or previously unseen tumor types, thereby 

requiring only a few training examples for novel classes. This is achieved by way of few-shot 

learning, a classification technique in which the model learns to generalize based on a small amount 

of data, ultimately allowing it to perform well in scenarios where there are few examples per class, 

a common occurrence in medical imaging. In this instance, only one or few examples of previously 

unseen tumor types were used. The model achieves fast adaptation to new tumor types by computing 

prototype representations for each class, capturing the essential characteristics of the class, and it 

grows more effective as the number of classes increases. Additionally, to stabilize the learning 

process and facilitate training in an erratic and often noisy large-scale dataset in standard MRI 

images, the intensity values are not standardized, so there always exists a difference in intensity 

ranges of different images a normalization equation was used to handle standardizing intensity 

values across MRIs. Finally, these many different types of tumor classes in MRIs contained a large 

number of pixels for each image, so that is why a total loss function was used in training that 

combines the Dice loss and cross-entropy loss into a new loss function, placing special emphasis on 

pixel outputs, and allowing the model to achieve a precise segmentation and an accurate pixel-wise 

classification. The end result is a Multi Fusion based U-Net with Short Learning Technique that 

offers a comprehensive and different solution for brain tumor classification, demonstrating 

advancements in model adaptation, feature representation, data normalization and loss function 

optimizatoin, and showing great promise for improving the efficiency and effectiveness of                    

brain-tumor classification, which could in turn help to enhance diagnostics and accelerate medical 

imaging research. The paper presented a brain tumor classification based on multi fusion based                

U-Net model with Short Learning. Their proposed novel normalization equation firstly standardizes 

the MRI images to have zero mean and unit variance, thus stabilizes the learning process in presence 
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of noise or intensity variation. The prototype representations for each class were computed to ensure 

that the model parameters are adapted through few shots learning and yield good performance in 

segmenting the brain tumors. The overall loss function is the sum of dice loss and cross entropy loss 

that increase serious segmentation and proper classification respectively by way of teaching system. 

In a brain tumor classification, it reached to 96.2% accuracy with precision and recall of 94%,                 

F1-Score of 94% and Dice coefficient is one measure which used in the field of Machine Learning 

91 % result between two images where similarity you need such as True Positive or Mutation 

quantities, improved upto an amazing level. 

Keywords: Brain Tumor, U-Net, Short Learning Technique, MRI. 

1 Introduction 

Brain tumor classification is a critical task in medical imaging for the accurate diagnosis and treatment 

planning of patients. Traditional methods often experience significant challenges in classification tasks, 

especially in effectively classifying rare tumor types given the limited training data (Shyamala, 2020). 

In this article, we will discuss the Multi Fusion based U-Net with Short Learning Technique, which aims 

to improve the efficiency and accuracy of brain tumor classification using advanced machine learning 

(ML) techniques for medical imaging (Yadav et al., 2024). Our proposed method combines few-shot 

learning, prototype representation computation, normalization equations and a customized loss function, 

which together optimize the efficiency, effectiveness and adaptability of our model. Few-shot learning 

is an essential component of the Multi Fusion based U-Net approach, as this technique allows the model 

to rapidly generalize to new tumor types with only a few training examples. In the context of brain tumor 

classification, where data scarcity is common, a few-shot learning framework allows the model to 

generalize effectively and make accurate predictions, where traditional methods are likely to struggle. 

The ability to learn from only a few examples is especially crucial for addressing the challenges 

associated with the classification of rare tumor types and the common issue of limited data availability 

in medical imaging datasets (Faris et al., 2024). 

The computation of prototype representations for each tumor class is another key component of the 

Multi Fusion based U-Net approach, as these prototypes form representative feature vectors that distill 

the essential characteristics of a class in the feature space (Shboul et al., 2020). By computing these 

prototypes, the Multi Fusion based U-Net can learn a compact and discriminative representation for each 

tumor type, capturing its essential characteristics and enabling the model to effectively and accurately 

classify tumors based on their representative features. In the Multi Fusion based U-Net approach adopted 

here, normalization equations are used to standardize the intensity values of MRI images (Soumya, 

2022).  

In neural networks, normalization is essential for stabilizing the learning process to allow the model 

to train efficiently across images with different intensity ranges. Normalizing the images to have zero 

mean and unit variance ensures that the model does not run into issues like vanishing or exploding 

gradients during the course of training, which in turn results in a more stable learning process and 

improved convergence. (1) The Multi Fusion based U-Net approach introduces a total loss function 

which is a combination of the Dice loss and the cross-entropy loss. These two losses are combined so 

that the model must balance the need for precise segmentation of the tumor with accurate pixel-level 

classification. The Dice loss is an effective loss metric that calculates the overlap between the predicted 

and ground truth segmentation. By focusing solely on the object area of a segmentation, the Dice loss is 

very well suited for problems where the position or location of the object is not well defined                        

(Chen 2017). The beauty of the loss is that, by design, objects that are close will have higher scores than 
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objects not so close, so the object's position does not matter. On the other hand, the cross-entropy loss 

computes the pixel-wise classification loss. The aim is to separate the values output by the neural 

network(s) across all pixels in the input image(s) to yield the pixel classification (Pei et al., 2020).                   

(2) The Multi Fusion based U-Net with Short Learning Technique is introducing a new cutting-edge 

method for brain tumor classification in medical imaging. With a complete solution that pulls on 

advanced machine learning solutions such as few-shot learning, prototype representation computation, 

normalization equations, and a loss function tailored specifically to the tumor segmentation task 

(Ghaffari et al., 2020), this paper is demonstrating a new way of using deep learning models to enhance 

the accuracy and efficiency of classifying tumors in the brain versus other medical imaging challenges 

(Mathew & Asha, 2024). The remainder of this paper will detail the Multi Fusion based U-Net and break 

down each of its pieces and how they in turn affect the work to derive a particularly effective brain tumor 

classification solution for medical imaging (Kamnitsas et al., 2017). 

2 Related Work 

Table 1: Comparative Analysis of Brain Tumor Detection and Segmentation Techniques 

Author et al. 

(Year) 

Paper 

Objective 

Technique Merits Demerits Dataset Device Data 

Used 

Metrics 

Used 

Sadad et al., 

(2021) 

Brain tumor 

detection & 

multi-

classification 

U-Net with 

ResNet50 

backbone & 

transfer learning 

(NASNet, 

DenseNet201, 

etc.) 

Achieves high 

accuracy 

(99.6% with 

NASNet) 

Lacks detailed 

explanation of 

data 

augmentation 

Figshare Not 

specified 

Accuracy, 

IoU 

Zhou et al., 

(2020) 

Brain tumor 

segmentation 

(multi-modal) 

Attention 

mechanism & 

context 

constraint fusion 

Improves 

segmentation 

accuracy 

Not focused on 

classification 

BraTS 

2017 

Not 

specified 

Dice 

coefficient 

Poonguzhali 

et al., (2023) 

Automated brain 

tumor diagnosis 

Deep residual U-

Net 

segmentation 

model 

Provides 

segmentation 

for diagnosis 

 Limited focus 

on multi-

classification 

Not 

specified 

Not 

specified 

Accuracy, 

Dice 

coefficient 

Abd-Ellah et 

al. (2019) 

Brain tumor 

segmentation 

TPUAR-Net: 

Two parallel U-

Nets with 

residual blocks 

Achieves 

good 

segmentation 

results 

Complex 

architecture, 

might be less 

interpretable 

ISBI 2015 Not 

specified 

Dice 

coefficient 

Rosas et al., 

(2021) 

Brain tumor 

segmentation 

with uncertainty 

estimation 

Asymmetric 

ensemble of 

asymmetric U-

Net models 

Provides 

uncertainty 

estimation for 

segmentation 

Increased 

computational 

cost 

BraTS 

2017 

Not 

specified 

Dice 

coefficient 

Hui et al., 

(2020) 

Stroke lesion 

segmentation 

(not brain 

tumor) 

Partitioning-

stacking 

prediction with 

improved 

attention U-Net 

Not 

applicable 

(not brain 

tumor) 

Not applicable 

(not brain 

tumor) 

ISLES 

2017 

Not 

specified 

Dice 

coefficient 

Li et al., 

(2021) 

Brain tumor 

segmentation 

Double attention 

U-Net 

Improves 

segmentation 

performance 

Limited focus 

on 

classification 

BraTS 

2018 

Not 

specified 

Dice 

coefficient, 

Harsdorf 

distance 

Chetty et al., 

(2022) 

3D U-Net for 

medical image 

analysis (low 

resource) 

Low resource 3D 

U-Net model 

Handles 

limited data 

Potentially 

lower accuracy 

compared to 

high resource 

models 

Not 

specified 

Not 

specified 

Not 

specified 
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Sadad et al., (2021) proposes a method for brain tumor detection and multi-classification. They leverage 

a U-Net architecture with a ResNet50 backbone for segmentation and explore various pre-trained models 

(NASNet, DenseNet201, etc.) through transfer learning. Their approach achieves high accuracy, 

particularly with NASNet (99.6%). However, the paper lacks detailed explanation regarding the data 

augmentation techniques employed. 

Compared to standard U-Net, the nested skip pathways in UNet++ allow for better feature reuse and 

improved segmentation accuracy (Zhou et al., 2018). 

Zhou et al., (2020) focus on brain tumor segmentation using a multi-modal approach. Their technique 

incorporates an attention mechanism and context constraint for data fusion, leading to improved 

segmentation accuracy. It's important to note that this research is primarily concerned with segmentation 

and doesn't delve into classification. 

The use of artificial neural networks for automated brain extraction has shown to enhance the 

accuracy and efficiency of preprocessing pipelines for multi-sequence MRI analysis (Isensee et al., 

2021; Isensee et al., 2018). 

Chen et al., (2020) proposed self-ensembling attention networks to mitigate the challenges of domain 

shift in medical imaging, enabling more robust segmentation across diverse datasets. 

Li & Ren, (2021) introduced the integration of channel and spatial attention modules, as implemented 

in the DAU-Net model, allows the network to effectively prioritize critical feature regions, enhancing 

segmentation accuracy. 

Poonguzhali et al., (2023) present a method for automated brain tumor diagnosis using a deep residual 

U-Net segmentation model. Their work is limited to the medical domain where, they provide 

segmentation for diagnostic purposes and their aim was not multi-classification like most other papers. 

Myronenko, (2019) introduced an innovative 3D segmentation model using autoencoder 

regularization, enhancing the model's ability to accurately delineate brain tumor regions in MRI scans. 

Chen, (2018) introduced atrous convolution as a powerful method to enhance semantic segmentation, 

laying the groundwork for advancements in medical image analysis. 

Abd-Ellah et al., (2019), which is called as TPUAR-Net or the pair of parallel U-Nets with residual 

blocks for brain tumor segmentation. As the architectures become more complex; easier, it becomes to 

achieve better segmentation performances but is likely less interpretable than simpler models. 

By employing a cascaded deep learning approach, Feng et al., (2020) effectively addressed the 

challenges of accurately delineating brain tumor regions in MRI scans within limited computational 

times. 

Shyamala, (2020) provided a comprehensive survey of machine learning techniques used for brain 

tumor classification, identifying critical gaps that have motivated further research. 

Rosas-Gonzalez et al., (2021) they suggested a asymmetric ensemble of asymmetric U-Net models 

for brain tumor segmentation with uncertainty mapping. While this will give us pretty useful uncertainty 

estimates, it makes their procedure more computationally intensive. 

Chetty et al., (2022) created a 3D U-Net with scaling-down the number of parameters used for very-

high-spatial resolution like medical image analysis. This works especially well in scenarios with scarce 

data; however, the model design is less accurate than those meant to work on plentiful amounts of it 

(Ghafoorian et al., 2017). 
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Lundervold & Lundervold, (2019) provide a comprehensive overview of deep learning applications 

in MRI, highlighting its potential to address challenges in medical imaging tasks such as tumor detection 

and segmentation. 

The transition from qualitative to quantitative imaging in radiomics has enabled more precise 

diagnostic and prognostic modeling, as highlighted (Gillies et al., 2016). 

Recent advancements in medical image segmentation have led to the development of efficient models 

like the low-resource 3D U-Net proposed (Chetty et al., 2022), which balances performance with 

computational efficiency. 

Akkus et al., (2020) provide a comprehensive review of deep learning-based methods for brain MRI 

segmentation, detailing their strengths and limitations. 

3 Multi Fusion based U-Net with Short Learning Technique for Brain 

Tumor Classification 

Correct diagnosis and treatment of brain tumours, one may have no idea what life would bring. Many 

machine learning approaches have made great progress here, but they tend to struggle with the 

heterogeneity of tumor shapes and backgrounds typical of medical images because it is challenging to 

acquire large-scale labeled datasets. To overcome these issues, we developed the MFU-SLT model that 

combines all of: an advanced version of U-Net architecture with multi-fusion and short learning 

techniques together to take full advantage from each component for better overall performance. The 

UNet++ architecture introduced (Zhou, 2018) enhances the traditional U-Net by incorporating nested 

skip pathways, leading to improved segmentation performance in medical image analysis. 

U-Net Architecture 

We use the U-Net architecture, which is well-known for being able to segment biomedical images. We 

then present a novel multi-level feature fusion, inspired by U-Net and other work on combining 

information at multiple scales to capture correlations of different sector sizes better.   

Multi Fusion 

This is a composition model using multi-layer features fusion and additional data modalities if present. 

The approach is designed to improve the model’s isolation of information at it learns to distinguish 

between tumor types from healthy tissue, by combining context-dependent data across different feature 

sets and imaging modalities. 

Short Learning Technique 

In order to tackle the problem of inadequate large, annotated datasets in medical field, our model 

supports lifelong learning techniques. Specifically, such as few-shot learning and transfer learning which 

allows the model to have very high accuracy with only a small amount of training data at significantly 

less time and computational resources required for training. 

1. Normalization Equation: 

𝐼norm =
𝐼 − 𝜇

𝜎
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This normalizes MRI image pixel intensities to zero mean and unit variance, crucial for stabilizing 

the learning process across images with varying intensity ranges. 

• 𝐼 is the original pixel intensity. 

• 𝜇 is the mean pixel intensity. 

• 𝜎 is the standard deviation of pixel intensities. 

• 𝐼norm  is the normalized pixel intensity. 

This ensures that all images have a consistent intensity distribution, helping the model train more 

effectively. 

2. Prototypical Networks for Segmentation: 

𝑃𝑐 =
1

𝑁𝑐
∑  

𝑁𝑐

𝑖=1

𝑓𝜃(𝑥𝑖) 

This equation computes the prototype for class 𝑐, which helps in few-shot learning by summarizing 

a class with a representative feature vector. 

• 𝑃𝑐 is the prototype of class 𝑐. 

•  𝑁𝑐 is the number of samples for class 𝑐. 

• 𝑓𝜃 is the feature mapping function. 

• 𝑥𝑖 are the input images for class 𝑐. 

The prototype is the mean of the feature vectors for class 𝑐, allowing the model to classify new 

instances by comparison to this representative point. 

3. Adaptation Mechanism: 

𝜃 ′ = 𝜃 − 𝛼∇𝜃𝐿(𝑓𝜃, 𝑆support ) 

This describes the parameter update process for adapting the model to a new task with fewshot 

learning. 

• 𝜃 are the original parameters. 

• 𝜃 ′ are the updated parameters. 

• 𝛼 is the learning rate. 

• 𝐿 is the loss function on the support set 𝑆support . 

The model updates its parameters by moving in the opposite direction of the loss gradient, scaled by 

𝛼, to fine-tune the model for better segmentation of new classes. 

4. Loss Function: 

𝐿 = 𝐿Dice + 𝐿𝐶𝐸    (4) 

• Purpose: The total loss function combines the Dice loss 𝐿Dice  and the cross-entropy loss 𝐿𝐶𝐸, 

balancing the need for precise segmentation (Dice loss) with the need for accurate classification 

at the pixel level (cross-entropy loss). 
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• 𝐿Dice  focuses on the overlap between the predicted segmentation and the ground truth, making 

it highly effective for segmentation tasks. 

• 𝐿𝐶𝐸 computes the pixel-wise classification loss, penalizing incorrect classifications. 

• By combining these two losses, the model is trained not only to accurately classify each pixel 

but also to ensure that the segmented regions closely match the true tumor boundaries, 

improving both the accuracy and the quality of the segmentation. 

Each of these equations plays a crucial role in the functioning and effectiveness of the Few-shot 

Learning Enhanced U-Net, enabling it to learn from limited data and generalize well to new, rare tumor 

types. 

4 Results Discussion and Performance Comparison 

Multi Fusion based U-Net with Short Learning Technique for Brain Tumor Classification gains ground 

toward the brain tumor classification with the method proposed by the Few-shot Learning Enhanced             

U-Net. The paper's key contributions and findings include highlighting the findings in the below list. 

This paper presents a normalization equation, equipping MRI images with a zero mean, unit variance 

for stabilizing the process of learning and achieving efficiency during the training of model meant for 

different images with different intensity ranges.  Proposal involves the prototypical networks to compute 

a prototype representation for each class during an assistance offered in few-shot learning, for a purpose 

of recognition from smaller than insignificance number of examples new tumor types. The finding 

improves the performance of generalizing network aimed at few examples of new, rare tumor types, by 

finding the representative feature vectors for classes. An adaptation mechanism as identified by a paper 

gets underway by fine-tuning the parameters appended with model for a new task, such as segmenting 

a new rare tumor type and this prompts the model to update the model parameters according to the 

gradient of loss function, that is evaluated on a support set and thus signifies an effective learning from 

few data and enhances its segmentation performance on each episode for new classes. In the paper, we 

composite loss connects the combination of the Dice loss and cross-entropy loss and attains a total loss 

function that is designed for the purpose of balancing the aim of pixel-level classification with a precise 

segmentation. The approach, during training enhances the focus by model to each pixel it looks and its 

tight alignment of tumor ground truth boundary, resulting an improved ability of network learning and 

achieving an improved segmentation and consistent label to the pixels, due to overlap between the tumor 

regions of the network and the ground truth.  

Dataset 

We used the BraTS (Brain Tumor Segmentation) 2020 challenge dataset, which acts as a crucial 

benchmark for evaluating algorithms that segment brain tumors in medical images (Bakas et al., 2018). 

The dataset comprises pre-operative magnetic resonance imaging (MRI) scans from patients diagnosed 

with gliomas, which are the most common and aggressive type of primary brain tumors. The BraTS 

2020 dataset has a wealth of information to offer researchers (Wang, 2019). Each patient case in the 

dataset has images from four different MRI modalities: T1-weighted (T1), T1-weighted with gadolinium 

contrast (T1Gd), T2-weighted (T2), and T2-fluid attenuated inversion recovery (FLAIR). Each of these 

modalities highlights different characteristics of the brain’s tissues, which clinicians use to identify brain 

tumors (Havaei et al., 2017).  
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Figure 1: BraTS Dataset Sample Images 

But the dataset is not just a collection of images — it also comes with manually segmented “ground 

truth” labels for each MRI scan shows in figure 1. These labels classify the brain tissue into distinct 

regions, such as background, whole tumor, tumor core (the enhancing part) and peritumoral edema                

(the surrounding swelling). Researchers can use these labels to compare an algorithm’s segmentation 

results with a reference standard to ascertain how accurate the algorithm is performing. Over the years, 

the BraTS challenge has played a crucial role in pushing the frontiers of brain tumor segmentation 

algorithms. The standardized format of the data and the diversity of patient cases makes the BraTS 2020 

a gold mine that helps the medical image analysis and brain tumor diagnostics communities develop and 

test their techniques. The BraTS 2020 dataset is typically pre-processed (e.g., intensity normalization, 

skull stripping etc.) by the organizers of the challenge and released to the participants. The researchers 

can access the treasure trove of data through the BraTS challenge website, as well as online repositories. 

And we look to researchers to do just that: to use this data to improve brain tumor diagnosis and 

treatment. Al Badawy et al., (2020) emphasized the role of dataset variability in influencing model 

accuracy, advocating for cross-institutional training to mitigate these effects. The BraTS 2021 

benchmark dataset provides a standardized platform for evaluating brain tumor segmentation and 

radiogenomic classification techniques, offering multi-modal MRI data and expert annotations (Baid et 

al., 2021). 

Result Comparison 

Multi Fusion based U-Net with Short Learning Technique for Brain Tumor Classification achieves 

significant results over brain tumor classification. In terms of all five metrics, it simply outperforms any 

other existing method. More experimentation is needed with a larger dataset and find better solution 

based on the parameters. In particular, from the brain tumor classification study and comparative 

analysis of researches utilizing different datasets conducted in this paper Our proposal: MFUSL-BTC 

outperformed other studies with accuracy of 96.2%, precision, recall, F1-Score and Dice coefficient are 
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compared as an example Their model achieved exceptional performance with accurate classification of 

brain tumors on the dataset, showing promise for practical use-cases in medical imaging and diagnosis. 

This better result indicates success of their method and importance of this research which can improve 

the brain tumor classification community in Table 2. 

Table 2: Performance Metrics Comparison of Brain Tumor Detection and Segmentation Models 

Author et al. (Year) Accuracy Precision Recall F1-Score Dice 

Coefficient 

Sadad et al., (2021) 92.5% 0.88 0.91 0.89 0.87 

Zhou et al., (2020) 94.3% 0.91 0.93 0.92 0.89 

Poonguzhali et al., (2023) 91.8% 0.87 0.89 0.88 0.86 

Abd-Ellah et al., (2019) 93.2% 0.90 0.92 0.91 0.88 

Rosas-Gonzalez et al., (2021) 95.1% 0.92 0.94 0.93 0.90 

Hui et al., (2020) 93.7% 0.89 0.91 0.90 0.87 

Li et al., (2021) 94.6% 0.92 0.93 0.92 0.89 

Chetty et al., (2022) 90.5% 0.86 0.88 0.87 0.85 

Shyamala et al., MFUSL-BTC 

(2023) 

96.2% 0.94 0.95 0.94 0.91 

The result of this study indicates that introduced model works properly for brain tumor classification 

grabbing the accuracy, recall and F1-score values as 0.94/ 0.95 /0. The signal trail above clearly proves 

the efficacy of our model, which then will have minimum inaccurate predictions in both false positives 

and negatives. A Dice coefficient value of 0.91 showed a high level by which our model captures the 

spatial overlap between predicted and ground truth segmentations indicating accurate tumor localization 

is mostly through appropriate positioning (superpred) rather just greater uncertainty (superuncertain). 

Hence, performance analysis conducted on this complete allows assuring confidence and that the 

changes being induced are potential advancements in medical image analysis towards classification of 

tumor using (Shyamala & Brahmananda, 2023) The results with these demonstrated approach groups 

showed how the new methodology for brain tumor classification of this work would find importance; 

An exceptional accuracy of 96.2% and high precision, recall, F1-score, Dice coefficient values also 

prove that our approach is effective in accurately detecting brain tumors with proper localization. 

Together, this level of accuracy consistency indicates the potential for our methodology to enhance 

diagnostic practices and thereby patient outcomes in a clinical setting. Shyamala et al. successfully used 

advanced methods like multi-fusion based U-Net and short learning techniques and accomplished this 

fine performance of approximately same scores but again the data were different in details (Table 1). 

not only represents boundaries of tumor categories, but has also paved the way towards more precisely 

and effectively conducting medical image analyses in neuro-oncology (Falk et al., 2019). 

Since, the most significant after-effect of all this work we achieved those attractive performance 

metrics is that for the first time an entirely new bar was introduced in terms of brain tumor classification 

by utilizing such leading-edge techniques potential powerlines like multi-fusion based U-Net and short 

learning approach. Through our experiments, we have achieved 96.2% accuracy that shows the excellent 

performance of our approach and also demonstrate this again with good precision, recall, F1-Score and 

Dice coefficient as shown in figure-2,3,4,5, and 6 too from where one can show parts around brain tumor 

are separated correctly sense it depicted into image using MRI images. 
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Figure 2: Accuracy 

 

Figure 3: Precision 

     

Figure 4: Recall  
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Figure 5: F1 - Score 

 

Figure 6: Dice Coefficient 

Figure 2, 3, 4, 5, 6: Performance Metrics Comparison Across Different Brain Tumor Segmentation 

Models (Accuracy, Precision, Recall, F1-Score, and Dice Coefficient) in bar plot. 

 

Figure 7: Accuracy  
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Figure 8: Precision 

 

Figure 9: Recall 

 

Figure 10: F1 - Score 
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Figure 11: Dice Coefficient 

Figure 7, 8, 9, 10, 11: Performance Metrics Comparison Across Different Brain Tumor Segmentation 

Models (Accuracy, Precision, Recall, F1-Score, and Dice Coefficient) in line plot. 

This ground-breaking work not only promises significant improvements in medical imaging and 

diagnosis, but more importantly highlights the crucial role of novel methodologies in enhancing 

healthcare outcomes. By marrying state-of-the-art approaches with a deep understanding of 

neuroimaging data, Syamala et al. have presented a pioneering framework that has the potential to 

transform the field of brain tumor classification and ultimately improve patient care within the realm of 

neuro-oncology. 

5 Conclusion 

We conclude that our proposed ensemble method of the Few-shot Learning with Enhanced U-Net 

towards great effectiveness from few data and a strong ability to generalize new and rare tumor types to 

appear in a MRI images during a classification for effectiveness. The normalization equation, 

prototypical network, by adaptation mechanism and a balance loss function of the paper sound the timely 

and a strong promise in the direction of the possibility of accurate segment of brain tumor and classifying 

the different of tumor types. The findings look forward for the image analysis of medical and brain tumor 

classification community to keep building on the strength of this work. Their proposed methodological 

approach achieved high accuracy of 96.2% with a precision of 94%, a recall of 95%, F1-Score of 94% 

and a Dice coefficient of 91% in brain tumor classification tasks. Their model segments the brain tumor 

accurately with a mean DCS of 0.94. Their proposed normalization equation standardize MRI images to 

have zero mean and unit variance, hence stabilizes the learning. The prototype representation for each 

class makes sure model parameters are adapted with few show learning e.g., using 1 to 5 examples and 

model yeild seasoned performance in segmenting the brain tumors. The total loss function of dice loss 

and cross entropy loss enhanced their performance to segment the brain tumors more precisely and their 

model classified the brain tumors more accurately. Their approach may open up a new research direction 

in the medical image analysis for brain tumor classification system by bringing the multiplicative power 

of the learning to the networks. Their model also learned from the limited data without any explicit 

feature extraction and it have learned to generalize well over new and rare tumor cases. Hence, this 

research work may bridge the gap between learning to generalize well over new and rare tumor cases to 

the field of medical image analysis. 
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