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ABSTRACT 

MRI manual detection relies on the ability and experience of the physicians. This study presents a brain 

tumor segmentation and identification system to address this issue and experiments on the BraTS dataset 

which provides four types of scans, i.e. T1, T2, T1CE, and FAIR, allowing the detection of different class 

labels and establishing the ground truth for brain tumor segmentation. UNet was used to develop a fully 

automated approach for the segmentation of glioma on preoperative MRI scans. Images were preprocessed 
and then classified using the UNet CNN. 
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I. INTRODUCTION  

Malignant brain tumors are a major cause of death around 
the world, with the 5-year survival rate being 34% for men and 
36% for women. The World Health Organization (WHO) has 
stated that brain tumors kill 120,000 people every year. CNNs 
have been widely used for image classification and facilitate 
diagnosis [1-3]. Deep CNNs extract significant features. 
Cascade CNN models can handle MRI data well to detect 
various diseases. However, current fully automated CNN-based 
segmentation methods still have limitations. The proposed 
system aims to help radiologists by reducing the number of 
false positives and speeding up diagnosis, especially for 
gliomas and other difficult tumors, by automating 
segmentation, finding tumor areas in MRI scans, and trying to 
reach the same level of accuracy as an expert. 

In [4], the BraTS-10 dataset was used with a 3D CNN and 
UNet, which achieved dice scores of 0.750 (for expanding 
tumor), 0.906 (for the entire tumor), and 0.846 (for the core). 
CNNs are better than traditional methods for biomedical 
imaging, but there are still challenges with generalizability, 
ethics, and computation resources. In [5], filters and 
segmentation methods, such as thresholding, were used along 
with feature fusion. The results were very accurate, but this 
model did not work well on all machines and patients. A deep 
LSTM model [6] showed high similarity scores, but it was not 
compared to other models or a wide range of datasets. In [7], 

different ways to segment data were explored, highlighting the 
importance of clear, fair, and annotated data. AI has made it 
easier to diagnose gliomas but has issues with ethics, privacy, 
and obtaining regulatory approval [8]. In [9], GANs and 
ensemble 3D models were explored, and the need for real time 
and high accuracy was highlighted. Quantitative methods [10] 
show how hard it is to segment and ask for better DL methods. 
A review from 2019 to 2023 discussed the progress and clinical 
limitations of AI and hybrid segmentation [11]. In [12], a 2D 
CNN was successful in classification but did not detail the 
tumor's characteristics. The study in [13] focused on the role of 
AI in detection using open-source datasets, but it did not cover 
all the different types of clinical data. 

DL models, such as CNNs [14], work well for splitting up 
strange tumors, but they need large and labeled datasets. The 
system in [15] was 98.89% accurate, but it was not tested in the 
real world. In [16], BraTs 2012 was used with bilateral and 
Gabor filters, achieving 88% Dice score, but this model 
requires more validation on different datasets. In [17], transfer 
learning (VGG16) was used, achieving 98.69% accuracy, but 
there may still be bias and problems with the dataset. In [18], 
ResNet12 and MobileNet were compared for their speed and 
accuracy, but this study lacked a comprehensive validation or 
robustness analysis. Brain-DeepNet [19] achieved 96.3% 
accuracy on MRI with data augmentation, but this study did not 
describe how it could be used in the real world or how 
explainable the model is. Deep CNNs [20] did better than other 
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models on public datasets, but there were concerns about how 
well they could be used in other situations or their ethics. 
VGG-16 did better than InceptionV3 at classifying tumors [21], 
but the dataset was small. ML-based MRI segmentation helps 
in finding problems early, but it does not work well in rare 
cases and is hard to understand [22]. DL models such as 
VGG16 and ResNet152 can help in diagnosing glaucoma but 
require long time and resources [23]. In [24], CNN-Net and U-
Net to DenseNet were compared, finding that they both 
performed very well but did not examine the computational 
resources they needed. Finally, in [26], DL models such as 
AlexNet, VGG16, and ResNet-50 were up to 99.8% accurate 
but were not tested in real-life clinical settings. 

This study aimed to address the problems of current 
methods, such as low accuracy, limited generalization, high 
computational cost, lack of interpretability, and not enough 
testing on real-world clinical datasets. A UNET-based CNN 
architecture was used to automatically segment brain tumors, 
achieving more than 90% accuracy and fewer false positives. 
This architecture is efficient in terms of computational 
resources, focuses on gliomas, and aims to help radiologists in 
real time by automating segmentation and reducing human 
errors. This study also suggests a clear workflow to meet 
clinical needs. 

II. PROPOSED METHOD 

Figure 1 describes a sequential method for the detection of 
brain tumors. Before the training stage, data collection, 
preprocessing, and data augmentation are applied. The second 
stage involves preprocessing the images and training the UNet 
and CNN models. In the final step, the models are tested for 
detecting and classifying tumors. 

A. Data Collection 

This study used 253 MRI scans from the publicly available 
BraTS dataset [27, 28], categorized into 155 tumorous 
(malignant) (61%) and 98 healthy (benign) images (39%). 
Figure 2 shows a sample input image. Tumors are split into 
multimodal categories: uh, t1, t1, and t2. 

B. Data Augmentation 

This stage aims to expand the data using reflection, 
gaussian blur, histogram equalization, rotation, linear 
transformation, and horizontal and vertical shifts. The 
augmented dataset includes 2065 images, with 1085 instances 
(53%) and 980 negative samples (47%). 

C. Image Preprocessing 

In this stage, the images were converted to grayscale to 
reduce the impact of noise. Each pixel in an image had an 
intensity level of 1 or 0. This technique provides accurate data 
and aids the segmentation procedure. Applying a filter after 
grayscale conversion can eliminate noise.  

D. Data Split 

The dataset was divided into 70% for training, 20% for 
validation, and 10% for testing. 

 

 
Fig. 1.  System architecture. 

 
Fig. 2.  Sample input image. 

E. Convolutional Neural Network 

Classification is crucial for tumor identification in medical 
imaging. CNNs are effective in identifying even the smallest 
details. ConvNets, prioritize distinct parts of an input image, 
require less preprocessing, and can learn filters and features 
with training. They can adapt to the image collection, utilizing 
fewer parameters and weights for reuse. Input images to the 
neural network have a shape of 240, 240, 3. The CNN consists 
of the following:  

 A zero-padding layer with parameters set to (2, 2).  

 The convolutional layer has a size of 7×7 and 32 filters. To 
expedite processing, a batch normalization layer is used to 
standardize pixel values.  

 ReLU activation function is used. 

 In the max-pooling layer, the � value is 4 and the � value is 
also 4. 

 A flatten layer is used to convert the three-dimensional 
matrix into a one-dimensional vector. 

 Finally, a densely packed, fully linked layer contains a 
single neuron activated with a sigmoid function.  
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Fig. 3.  CNN architecture. 

F. UNet Architecture  

Medical image segmentation is essential because it enables 
models to simultaneously perceive large images and small 
details. U-Net is widely used because of its exceptional 
performance across a range of tasks. To combine coarse 
contextual features with fine-grained local visual features, 
CNN increases the sampling ratio while decreasing feature 
sampling. Higher output resolution is achieved by adding more 
layers to a standard contracting network through the U-Net 
model. Combining upsampled output with high-resolution 
features allows for localization, and the convolutional layer 
learns to generate output with improved precision. The encoder 
(contracting route) and decoder (expanding path) are the two 
primary components of UNet. The decoder uses upsampling 
and combines features from the encoder to improve 
segmentation details, while the encoder uses convolutional 
layers and down-sampling to acquire context. 

1) Encoder (Contracting Path) 

As the feature depth increases, the encoder gradually 
decreases the input's spatial dimensions. 

 Convolutional layers: To decrease the spatial dimensions, 
each encoder layer employs max-pooling, an activation 
function (usually ReLU), and a pair of convolution 
operations. The convolution operation is: 

�����_	
��
� � ����
����
�������� , ��� � �� (1) 

where �����_	
��is the input feature map, �� is the weight 

matrix, also called filters, and �� is the bias. 

 Max pooling layer: By maximizing each pooling window, 
the feature map is down-sampled. Max-pooling is given by: 

	���� � � !
������ �    (2) 

 

 
Fig. 4.  Basic UNet architecture. 

2) Bottleneck 

Positioned between the encoder and decoder, the bottleneck 
layer employs convolutions to record the most condensed and 
detailed feature representation. 

3) Decoder (Expanding Path) 

To recreate the image segmentation mask, the decoder uses 
skip connections to combine coarse features from previous 
layers with coarser ones from the bottleneck and then up-
sample the feature maps. The transposed convolution (up-
sampling) expands the spatial resolution of the feature maps: 

	"#$%&#�' � ����
����(
������ , ��� � �� (3) 

where ����(  is the transposed or up-sampled convolution, 
also called deconvolution. To aid in the recovery of spatial 
information, skip connections merge encoder and decoder 
characteristics. The merging skip connections are given by: 

	&')*'+$,-# � ���� �
	"#$%&#�'� 	$,-#+'./�0' � (4) 

where 	"#$%&#�'  is the upsampled feature map and 

 	$,-#+'./�0'  is the corresponding feature map from the 

encoder path. 

4) Output Layer 

The final layer uses a convolution to map the combined 
features into the desired number of segmentation classes: 

	�"1#"1_�%2') � 3���� !4����
5

	&')*'_6,-#�7  (5) 

where ����
5
  is a convolution with a 1×1 kernel, and 
3���� !  is an activation function used to output class 
probabilities. 

The loss function commonly used for brain tumor 
segmentation is the Dice loss or a combination of Dice loss and 
Cross-Entropy loss. 

89:����� � 1 < = ∑ ��?@A??

∑ ��?� ∑ @A?  ??
   (6) 

where BB- is the predicted probability for pixel 9 and CD-  is the 
Ground Truth label for pixel 9. 
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III. RESULTS AND DISCUSSION 

The results in this section come from tests on the BraTS 
dataset, using it as a benchmark [4, 9, 14]. The proposed UNet-
based segmentation method was compared with older methods, 
such as thresholding, watershed, and a baseline CNN model. 
Threshold and watershed segmentation are all examples of 
classical segmentation methods. These methods have problems, 
such as being sensitive to noise and changes in intensity, not 
being able to understand the context or generalize across 
different MRI modalities, and providing many false positives 
and false negatives. Although it requires much computing 
power, the proposed UNet-based CNN approach is a better and 
more accurate way to segment brain images. 

The analysis of the CNN and UNet models for brain tumor 
segmentation focuses on accuracy and loss metrics. The CNN 
model showed a significant improvement in training accuracy, 
increasing from 36.2% to 90.05% by the 100

th
 epoch, as shown 

in Table I and Figure 5. The training accuracy gap narrowed as 
the training progressed due to better generalization and less 
overfitting. The model learned effectively and decreased errors 
on the training set, with a significant drop in training loss from 
1.38 in the first epoch to 0.22 by the 100

th
 epoch, as shown in 

Figure 6. 

TABLE I.  PERFORMANCE OF CNN 

Epochs Accuracy Loss 

1 0.361991 1.384916 

10 0.524887 1.078237 

20 0.624434 0.950129 

30 0.709821 0.73544 

40 0.733032 0.696195 

50 0.841629 0.471065 

60 0.841629 0.400818 

70 0.841629 0.381313 

80 0.891403 0.34273 

90 0.909502 0.273973 

100 0.904977 0.22705 

 

 

Fig. 5.  Accuracy of the CNN model. 

 
Fig. 6.  Loss of the CNN model. 

   
(a) (b) (c) 

Fig. 7.  (a) Input Image, (b) Threshold segmented image,  (c) Watershed 

segmented image. 

Figure 7 shows the visual results of different segmentation 
techniques applied to brain tumor MRI scans. Figure 7(a) 
shows the original MRI scan, which shows the brain's structure 
with visible tumor regions. Figure 7(b) shows the segmentation 
result using simple intensity-based thresholding. Figure 7(c) 
shows the watershed segmented image. The watershed 
algorithm takes into account the topography and boundaries of 
the image. 

 

 
Fig. 8.  Accuracy performance of the UNet model. 
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Fig. 9.  Loss performance of the UNet model. 

As shown in Table II, with 96% accuracy, the proposed 
UNET-based CNN strikes a balance between segmentation 
accuracy, training efficiency, and clinical applicability. This 
approach suits real-time diagnostic use because it provides a 
compromise between performance and resource requirements, 
minimizing reliance on large datasets or pre-trained models. 

This steady and faster improvement compared to the CNN 
shows that the model extracted useful information from the 
training samples, as shown in Figure 8. Figure 9 displays the 
loss graph, which fluctuated less than the CNN. Figures 8 and 9 
demonstrate the significant improvement in training accuracy 
and loss with UNet over CNN. 

TABLE II.  COMPARISON ANALYSIS OF BRAIN TUMOR SEGMENTATION METHODS 

Method  Study Model Type Performance Remarks 

Proposed UNET-

based CNN 
This work 

2D UNET with preprocessing 

and augmentation 

Accuracy: 96%  

(10 epochs) 

Fast convergence, lightweight, accurate 

segmentation and classification 

Traditional ML 

Methods 
[5], [16], [21], [22] SVM, texture, rule-based Accuracy: 85–89% 

Low generalization, manual feature 

engineering 

Basic CNN / LSTM 

Models 
[1], [3], [6], [19] CNN, LSTM Accuracy: 90–94% Slower training, less spatial precision 

Transfer Learning 

Models 
[15], [17], [18], [26] VGG, ResNet, TL Accuracy: 95–98% 

High accuracy, but computationally 

intensive 

3D / Ensemble 

UNETs 
[4], [9], [14], [24] 3D UNET, Attention UNET Dice: 0.89–0.92 

Accurate but resource-heavy and slower to 

train 

 

IV. CONCLUSION 

Accurate and timely diagnosis of brain tumors remains one 
of the most critical challenges in neuro-oncology. Manual 
segmentation of MRI scans is time-consuming and prone to 
subjectivity, leading to potential diagnostic delays and 
variability. This study presents an automated, end-to-end brain 
tumor segmentation and classification framework based on a 
UNet-enhanced CNN architecture, designed specifically for 
multimodal MRI images sourced from the widely used BraTS 
dataset. The study on MRI inputs and tumor segmentation 
using a UNet-based CNN model demonstrated its effectiveness 
in reducing misdiagnosis and supporting radiologists. The 
model achieved 96% accuracy, surpassing traditional methods 
and complex models such as 3D UNet and ResNet. This study 
highlights the potential of this model in clinical settings, with 
future plans to add cross-slice correlation and 3D volumetric 
analysis. 
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