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Abstract— Nowadays, the use of computers to evaluate medical images automatically is critical part of the life. Today's treatment method 

relies heavily on early diagnosis and accurate disease identification, which were formerly difficult for medical research to achieve. Brain 

Magnetic Resonance Imaging (MRI) is essential to the detection and treatment of brain tumor (BT). Tumor of the brain are the result of brain 

cell division that has gone awry or is otherwise out of control. The manual MRI segmentation of BT is a difficult and time-consuming process. 

The most critical factor in the effective treatment and identification of BT is the ability to accurately locate the tumor. The detection of BT is 

regarded as a difficult task in medical image processing. For analysing and interpreting MRI, there are semi-automatic and fully automated 

systems that require large-scale professional input and evaluation, with varying degrees of effectiveness. Automated identification and 

extraction of the tumor's localization from brain MRI will be proposed in this paper. To achieve this goal, the data collected from Kaggle and 

the collected data are processed. Then the U-Net is employed to segment the tumor region from the MRI. Next, the MRI is classified using DL 

models like Convolutional Neural Network (CNN), and the hybrid Convolutional Neural Network and Long Short-Term Memory (CNN-

LSTM). Both process segmentation and classification are evaluated using the metrics. From the evaluation, it is identified that CNN-LSTM 

outperforms the CNN model. 
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I.  INTRODUCTION  

The detection and classification of organ 

abnormalities, including leukemia, colon cancer, brain tumor, 

breast cancer, bowel cancer, skin cancer, and optic image 

analysis, are crucial aspects of medical imaging classification. 

Organ defects and tumor growth are closely linked and can lead 

to fatalities [1]. Brain tumors (BT) are particularly serious as 

they affect the central nervous system and can occur in both 

children and adults. BTs can be benign or malignant, with 

malignant tumors being highly dangerous and requiring 

accurate diagnosis for effective treatment [2]. 

Medical imaging, especially MRI, heavily relies on 

computer technology, and image segmentation plays a 

fundamental role in medical image analysis [3]. Various 

segmentation methods are used to accurately categorize tumors 

from MRI images, improving classification success rates [4]. 

Ensembling features and using Convolutional Neural Networks 

(CNN) are effective techniques for tumor segmentation and 

classification [5][6][7]. Other approaches combine clustering 

methods with CNN for efficient segmentation [8][9]. Transfer 

learning is also employed to enhance classification performance 

[10]. 
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A deep learning-based multiscale approach for brain 

tumor segmentation and classification demonstrates the 

advantage of processing input images at different spatial scales 

via different processing routes [7]. The use of Shuffled Frog-

Leaping Algorithm (SFLA) for CNN optimization shows 

improved classification accuracy [13]. Additionally, combining 

semantic segmentation with CNN helps accurately predict the 

presence of a tumor in MRI images [11]. A hybrid model that 

combines U-Net segmentation and CNN-LSTM classification 

is proposed to enhance the accuracy of BT detection [12]. 

Although significant progress has been made in BT 

detection, there is still room for improvement. Future research 

can focus on further enhancing the accuracy and efficiency of 

tumor segmentation and classification. The proposed hybrid 

model of U-Net segmentation and CNN-LSTM classification 

can be explored to automate the BT detection process 

effectively [15]. 

II. METHODOLOGY 

The methodology involved in the segmentation and 

classification of the BT is detailed in this chapter. The steps 

involved are detailed below: 

• Data collection: The BT and non-tumor MRI images 

and its mask are collected from the Kaggle website.  

• Data processing: The collected raw MRI is processed 

using techniques like resizing, normalizing, and 

augmentation. 

• Segmentation: The tumor region is segmented from 

the MRI using the U-Net model. And the constructed 

U-Net model is evaluated using the metrics IoU and 

Dice coefficient. 

• Classification: The MRI is classified using a DL model 

like CNN and CNN-LSTM. The model is trained and 

validated using 80% and 10% of the whole data. 

Finally, the model is tested using the remaining10% 

data. Each model is evaluated using metrics of 

accuracy and loss. 

The methodology is represented in the flow chart as shown in 

figure 1. 

 

Figure 1.  BT segmentation and classification process flow 

III. DATA COLLECTION AND PROCESS 

The dataset was obtained from Kaggle [Kaggle 

website], and it consists of brain MR images with custom fluid-

attenuated inversion recovery (FLAIR) aberrant segmentation 

masks. The images were obtained from The Cancer Imaging 

Archive (TCIA). These belong to 110 individuals from The 

Cancer Genome Atlas (TCGA) lower-grade glioma sample with 

whom sequencing and genomic cluster data are available. 

Figure 2 shows the gathered BT data and it is composed of MRI, 

mask, and label. Mask is used for identifying the tumor region 

and a label is used to identify whether the tumor is present or 

not. 

 

Figure 2.   BT data 

The collected MRI and its corresponding mask are 

shown in figure 3. The figure consists of four rows, the first row 

contains a tumor image and the second contains a tumor mask 

image, similarly the third and fourth are composed of non-tumor 

MRI and its mask image. 
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Figure 3.   Brain MRI image and its tumor mask 

The collected raw images undergo essential pre-

processing steps, including resizing, normalization, and 

augmentation, to make them suitable for segmentation and 

classification tasks. Resizing images is a crucial step in 

computer vision, as deep learning algorithms generally perform 

better when trained on smaller images [16]. Smaller input 

images reduce the number of computations, leading to shorter 

training times for neural models. 

Data normalization ensures that input parameters have 

a uniform distribution, as it transforms floating-point attribute 

values to a new range, typically between 0 and 1. This process 

helps create a Gaussian distribution of pixel values, making data 

uniformly dispersed within the defined range [17]. The widely 

used min-max standardization technique is employed to 

normalize the pixel values in this study [17]. 

Data augmentation is a powerful technique that 

enhances the diversity of the dataset by generating new images 

with slight variations. This process is akin to imagination or 

daydreaming, where diverse scenarios are envisioned to gain a 

better understanding of the subject matter[18]. Data 

augmentation methods simulate changes such as rotation, shift, 

shear, zoom, and flip in the images, thereby increasing the 

robustness of the model [19]. 

IV. SEGMENTATION 

Even though there are many DL images available, U-

Net was created exclusively for biomedical image 

segmentation. The U-Net architecture has proven to be 

particularly effective for biomedical image segmentation. In 

comparison to earlier models, this one requires only a minimum 

of annotated images and execution time. The main 

segmentation stage was carried out with the help of a full CNN 

and the U-Net. As a result, U-Net Model was selected for the 

KiTS competition 2019. In contrast to typical CNN models, the 

U-Net model works well with smaller datasets. Because 

labelled training data is scarce in medical imaging, the U-Net 

design is based on a modified version of the Fully 

Convolutional Network [20]and the U-Net is based on two 

distinct principles: 

• The U-design net is perfectly symmetrical. 

• Skip connections between the up and downsample paths 

use a concatenation administrator rather than an entirely. 

Skip associations imply that local data is given 

preference over global data when upsampling. Due to its 

symmetry, the networks' upsampling approach includes a high 

amount of feature maps, that facilitate information exchange. 

Because of the upsampling strategy, the initial design featured 

a significant number of classes in feature maps[21]. The U-Net 

design is depicted in Figure 4. 

 

Figure 4.  U-Net Architecture[24] 

U-Net is made of contracting path (left) and an 

enlarged path (right). The convolutional (Conv) layers are 

stacked one on top of the other on the contracting route, with 

max-pool as the final layer. It starts with two unpadded 3x3 

convolutions, and a 2x2 pooling with a stride rate of two. An 

autoencoder encodes input data into a different representation 

and decodes the output back into the original format. This video 

shows a representation learning algorithm in operation. An 

auto-encoder is programmed to retain as much information as 

possible by passing it through the encoder and decoder many 

times before usage. To create the new representation, auto-

encoders are also taught. With each downsampling step, a 2x2 

Conv ("up-convolution") splits the extracted features in half, 
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concatenated with the suitably separated extracted features from 

the contracting path, and two 3x3 Conv, usually accompanied 

by a ReLU, raise the number of highlight channels. Because 

pixels are lost on the edges during every Conv, the image needs 

to be cropped. At the last layer, a 1x1 Conv is employed to move 

the 64-feature descriptor to the number of categories that were 

chosen earlier. The system has a total of 23 Conv layers. The 

conv2d block, which employs Conv layers, follows 

normalization and the ReLU function in the U-net model. 

V. CLASSIFICATION 

For BT classification DL technology is used. In DL, 

CNN and CNN-LSTM are chosen to predict the tumor from 

MRI. The architecture and working of both algorithms are 

detailed in this section. 

A. CNN (Convolutional Neural Network) 

CNNs are powerful neural networks that excel in 

pattern recognition and image processing tasks [25][26]. They 

consist of a large number of layers and are specifically designed 

for extracting local features from input data and gradually 

transforming them into more sophisticated features. CNNs use 

convolutional, pooling, and fully connected layers. The 

convolutional layer employs a set of kernels to produce feature 

mappings, and the pooling layer downsamples the input to 

reduce the number of parameters, often using max pooling [28]. 

The fully connected layer serves as a classifier to make 

predictions based on the extracted features [27]. 

B. CNN-LSTM (Convolutional Neural Network - Long 

Short-Term Memory) 

CNN-LSTM is an enhancement of the recurrent neural 

network (RNN) architecture known as Long Short-Term 

Memory (LSTM). LSTM overcomes issues of vanishing and 

exploding gradients encountered in traditional RNNs by 

incorporating memory blocks and a cell state to retain long-term 

information [28]. LSTM networks typically consist of input, 

forget, and output gates. The input gate decides which part of 

the input and previous output to include using a sigmoid layer. 

The forget gate selectively determines what information to 

discard from the previous cell state using a sigmoid layer and 

dot product. The output gate calculates the states necessary for 

generating the final output based on new data from the state 

decision vectors [29]. 

The proposed hybrid framework combines the 

strengths of both CNN and LSTM by using CNN for feature 

extraction and LSTM for categorization. This integration allows 

the model to extract relevant features from the input data using 

CNN and then utilize LSTM to make sequential predictions 

based on the extracted features [30]. 

VI. RESULTS AND DISCUSSION 

The BT data was collected from the Kaggle website. 

The data contain both tumor and non-tumor images with masks. 

The image is first processed to make the image ready to give as 

input to the segmentation and classification model. The process 

such as resizing, normalization, and augmentation is done. Next 

processing segmentation and classification task are deployed on 

the images. For segmentation, U-Net is used and for 

classification CNN and CNN-LSTM models are utilized. In this 

research the CNN-LSTM is the suggested approach to classify 

the tumor and its effectiveness is described by comparing the 

results with conventional CNN. In CNN, both feature extraction 

and classification are done in same network. But in CNN-

LSTM, the feature extraction is done by CNN and classification 

by done by LSTM. It takes the advantages of both CNN and 

LSTM model. 

A. Segmentation 

The U-Net is employed to segment the tumor region 

from MRI. First, the U-Net is trained using 80% of collected 

data and validated by 10% of data. For analysis, the IoU and 

Dice coefficients metrics are used. The number of epochs used 

to train the model is 50. At each epoch, the IoU and Dice 

coefficient obtained by train and validation phase is plotted in 

Figures 5 and 6. The green and orange plot in Figure 5 is used 

to represent the IoU values of the validation and training phase 

under epochs. The black and blue plot in Figure 6 is used to 

represent the Dice values of validation and training phase under 

epochs. 

 

Figure 5.   U-Net IoU plot on BT segmentation Net  
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Figure 6.  U-Net Dice coefficient plot on BT segmentation 

 Table 1 shows the result of the U-Net system on the 

segmentation of tumors using test data. The IoU and Dice 

Coefficient values are 0.79445 and 0.8843. The attained values 

are nearer to 0.80 and it shows that the segmented model 

designed is good enough for identifying tumor regions. Figure 

7 shows the segmentation of tumors using U-Net. The figure 

consists of three images, the 1st demonstrates the raw MRI, the 

2nd illustrates the original mask, and the 3rd displays the 

predicted tumor. The first row is the result of the tumor image 

and the second row shows the result of the non-tumor image. 

TABLE I.  U-Net segmentation result on test data 

Metrics Test IOU Test Dice Coefficient 

Formula 
𝐼𝑂𝑈 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 𝐷𝐼𝐶𝐸 =

2 ∗ 𝑇𝑃

(𝑇𝑃 + 𝐹𝑃) + (𝑇𝑃 + 𝐹𝑁)
 

Metrics 

value 

0.79445 0.8843 

Where, TP and TN → True Positive and Negative, FP and FN → False Positive 

and Negative 

 

 

 

Figure 7.   U-Net BT segmentation 

 

B. Classification 

For classification two models are employed such as 

CNN and CNN-LSTM. To evaluate the model the metrics like 

accuracy and loss are chosen. Both models are divided into 

three stages, such as train, validate and test. The accuracy 

attained by CNN in the train and validate phase is shown in 

Figure 8. The two different colors red and black are used to 

show the difference in training and validation results. Similarly, 

in the train and validate phases, CNN's loss value is presented 

in Figure 9. The difference between training and validation 

results is shown by the use of two different colors, such as red 

and blue. 

 

Figure 8.  CNN Accuracy on BT classification 

 

Figure 9.  CNN Loss on BT classification 

The test images are given to the CNN model to predict 

whether the image contains a tumor or not. The accuracy and 

loss attained in the testing phase are 0.9033 and 0.2423 and the 

result is depicted in Figure 10. The figure clears that the time 

taken to predict the test images is 411ms. 

 

Figure 10.  CNN outcome on test data 
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Figure 11 depicts the accuracy reached by CNN-

LSTM during the train and validate phases. Green and blue are 

two different colors used to highlight the difference between 

training and validation results. Figure 12 shows the CNN-

LSTM loss value during the train and validate phases. The use 

of two different colors, such as red and green, shows the 

difference between training and validation outcomes. 

 

Figure 11.  CNN-LSTM Accuracy on BT classification 

         

Figure 12.  CNN-LSTM Loss on BT classification 

The CNN-LSTM model is supplied with the test 

images to predict whether or not the image contains a tumor. 

The accuracy and loss achieved during the testing phase are 

0.9567 and 0.1318, respectively, as illustrated in figure 13. 

According to the graph, the time required to anticipate the test 

images is 389ms. 

 

Figure 13.  CNN-LSTM outcome on test data 

Both model CNN and CNN-LSTM are compared 

using the metrics like accuracy, loss, and time. And the 

comparison is given in Figure 14. The accuracy of CNN-LSTM 

is higher than the CNN at the rate of 0.0534. Next, the loss is 

evaluated. The loss and time value of CNN-LSTM is 0.1105 

and 22ms lower than CNN. This comparison shows that the 

CNN-LSTM is better than the CNN in case of time and 

performance. 

 

 

 

Figure 14.  CNN and CNN-LSTM performance comparison 

VII. CONCLUSION 

Classification of BT is a crucial phase that calls for the 

expertise physician. To assist radiologists and clinicians in the 

identification of BT, an automated tumour categorization 

system is crucial. The research helps to identify the BT without 

the intervention of humans. To detect BT MRI data are 

collected from Kaggle. The data contains information like MRI 

samples with tumor masks and labels. This data will be helpful 

http://www.ijritcc.org/
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for classification and segmentation. The data from Kaggle is 

first resized to a standard shape and then the pixel values are 

normalized in the range of 0 to 1. These two steps help to reduce 

computational power and time. Then the MRI is augmented 

using geometric techniques like rotation, flip, shear, etc and it 

will help make the system more robust. The U-Net is employed 

to segment the tumor from MRI. To do this the U-Net is trained 

using MRI and mask images. After training the U-Net model is 

evaluated using IoU and Dice coefficient. The IoU and Dice 

value attained by U-Net is 0.79445 and 0.8843. Then for 

classification DL models like CNN and CNN-LSTM are used. 

Both models are compared to identify the best one for tumor 

classification. For comparison accuracy and loss, metrics are 

used. From the comparison results, it is identified that the CNN-

LSTM is identified to be the best. 

For the future, the scope includes expanding the 

dataset with more diverse MRI data, incorporating transfer 

learning techniques, and integrating multiple imaging 

modalities for improved accuracy. Furthermore, efforts will be 

made to interpret the model's decisions, optimize for real-time 

application, conduct clinical validation studies, and extend the 

system to detect other organ abnormalities. These 

advancements will make the automated tumor categorization 

system more accurate, reliable, and applicable in clinical 

practice, leading to enhanced healthcare outcomes and early 

diagnosis of brain tumors. 
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