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Abstract
The identification and region extraction of brain tumors is an essential aspect of clinical image analysis and the diagnosis of

brain-related illnesses. The precise and accurate identification of tumors from MRI images is particularly significant in the

effective formulating of treatments such as surgery, radiation therapy, and drug therapy. The challenge of segmentation

stems from the variability in the size, location, and appearance of tumors, making it a complex task. Various segmentation

and classification techniques have been created and designed for brain tumor diagnosis; however, these traditional tech-

niques are time-consuming and subjective and require expertise in image processing. In recent times, deep learning-based

approaches have shown promising results in brain tumor segmentation. This research aims to develop a brain tumor

segmentation and classification model that enables medical professionals to locate and measure tumors accurately and

develop effective treatment and rehabilitation strategies. The process involves segmenting the tumor and further classifying

it into its two major types. The parameter estimation from the segmented output provides an insight that is pivotal in the

evaluation of MRI brain tumors. With further research and development, deep learning-based segmentation and classifi-

cation could become an important tool for accurate detection and evaluation of brain tumors. The development of deep

learning-based segmentation and classification methods can greatly benefit the medical community, and according to the

finding from the experiment, it is shown that the proposed framework excels in brain tumor segmentation and classification

with an accuracy of 99.3%.
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1 Introduction

Brain tumors are unusual development of cells in the brain

that can be categorized into two major types: primary and

secondary. Primary brain tumors arise from the brain tissue

itself and can be either benign or malignant. Malignant

primary brain tumors are further categorized as high grade

or low grade, based on the tumor’s appearance under a

microscope and its level of aggressiveness. Secondary

brain tumors, which are commonly referred to as metastatic

tumors, arise from other areas of the body and spread to the

brain through the bloodstream or lymphatic system.

Meningiomas and gliomas are two types of brain tumors

that are often encountered in clinical practice. Menin-

giomas account for approximately one-third of all primary

brain tumors and are usually benign, slow-growing tumors

that arise from the meninges. They can occur in any part of

the brain, but are most commonly found in the convexity of

the brain or near the skull base. Gliomas are tumors that

arise from the glial cells that upholds the neurons in the

brain. They can be further classified into various groups

according to their cellular characteristics, location, and

level of aggressiveness. Magnetic resonance imaging

(MRI) is commonly utilized for the purpose of analyzing

and monitoring of brain tumors. However, the interpreta-

tion of MRI images can be challenging, as brain tumors can
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vary in size, shape, and location, and can have similar

appearances to normal brain tissue.

Lately, deep learning techniques have come to light as a

promising approach for the segmentation and classification

of MRI images of brain tumors [1]. Deep learning algo-

rithms can be trained on large datasets of MRI images to

accurately identify brain tumors and classify them into

different types based on their characteristics. Accurate

segmentation allows for the precise localization and

quantification of tumor volume, which is important for

treatment planning and monitoring. Classification of brain

tumors based on their cellular characteristics is another

important task in the detection and diagnosis of brain

tumors. Hence algorithms like deep learning-based

approach find its significance in diagnosis in the recent

days. Deep learning is a subset of artificial intelligence,

which will learn the information given deeply, without

explicit programming. While traditional methods cost a lot

of manual work, deep learning-based methods can auto-

mate the process, reducing the time and effort required for

image analysis and improving the consistency and accu-

racy of the results. Deep learning has proven to be highly

significant in the field of brain tumor detection. The con-

volutional neural network algorithms can learn intricate

patterns and features in images that may not be easily

discernible by human experts, resulting in more precise and

reliable tumor detection. Early detection of tumors, which

may not be easily observable by traditional methods, can

be handled by deep learning algorithms. It automates the

tumor detection process, reducing the burden on radiolo-

gists and healthcare professionals. By quickly analyzing

large volumes of medical images, these algorithms can

expedite diagnosis, saving time and improving overall

efficiency in health care.

2 Related works

Several studies have been conducted on the use of deep

learning techniques for brain tumor segmentation and

classification using MRI images. These studies have

explored various deep learning architectures and method-

ologies and have demonstrated results in improving the

precision and efficiency of brain tumor detection and

treatment. Most of the articles available are separately

discussing about either segmentation or classification. Only

a few are discussing detection and classification. These

works focus on the application of deep learning and

machine learning techniques to detect and extract brain

tumor using MRI images. They employ various approaches

such as CNN’s, random forests, and conditional random

fields. Ali et al. proposed a deep network for brain tumor

image segmentation [2]. They used a fully connected

neural network (FCN) to segment brain tumors in MRI

images. Li et al. [3] also proposed a multimodal fusion-

based approach that combined various MRI modalities for

brain tumor detection using a convolutional neural net-

work. Pereira et al. proposed a CNN-based approach for

brain tumor segmentation in MRI images [4], which uti-

lized both 2D and 3D patches for training. This approach

achieved promising results and outperformed other state-

of-the-art methods. Shah et al., [5] put forward a robust

approach for brain tumor detection using a fine-tuned

EfficientNet. Their approach achieved high accuracy in

detecting brain tumors in MRI images. Pitchai et al. [6]

introduced a method for brain tumor segmentation using

deep learning and fuzzy k-means clustering. This method

utilized U-Net architecture with the fuzzy k-means clus-

tering algorithm to segment brain tumors in MRI images,

and Wang et al. proposed an automatic tumor segmentation

method with deep convolutional neural networks [7] for

radiotherapy applications. Their approach achieved high

segmentation accuracy and potentially assisted medical

professionals in treatment planning. H. H. Sultan et al.

developed a deep neural network for multi-classification of

brain tumor images [8], achieving high accuracy. Another

study by W. Wang et al. presented a novel image classi-

fication approach [9] using dense-mobilenet models. A

machine learning-assisted technique for multiclass classi-

fication of malignant brain tumors was proposed by A.

Vidyarthi et al. [10], while A. Gumaei et al. introduced a

hybrid feature extraction method [11] with regularized

extreme learning machine. A deep CNN for brain tumor

classification proposed by W. Ayadi et al. [12] achieved

high accuracy on a benchmark dataset. Recently, Ramin

Ranjbarzadeh et al. presented a segmentation model [13]

using deep learning with attention mechanism, which

claims for its dice score of 0.9203 within 84 s. A survey

paper on deep learning-based brain tumor segmentation

analyzed by Zhihua Liu et al. [14] explains the efficacy of

it using 150 scientific papers. They have widely investi-

gated the brain tumor task and highlighted the pros and

cons of it. The application of federated learning method-

ologies to enhance global segmentation performance was

analyzed in detail by Md Faysal Ahamed et al. [15], and

client-based federated model training strategy was also

discussed to aid future researchers. In a different dimen-

sion, Haq and A.u et al. [16] presented an approach for

brain tumor classification alone by improved CNN with

transfer learning obtained high accuracy and suits for IoT

environment. A survey on brain tumor classification and

segmentation with CNN was performed [17] by Dı́az-

Pernas FJ et al., during the year 2021. They have achieved

a tumor classification accuracy of 0.973, higher than the

other approaches. In the same year, another review [18] by

Biratu ES et al. was done for comparing region growing,
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machine learning and deep learning methods to analyze

segmentation and classification. An early detection and

segmentation was performed by Aggarwal and M et al.

[19], (2023). For the BRATS 2020 MRI sample data, they

could obtain a 10% accuracy improvement with Resnet.

Overall, these studies demonstrated the potential of deep

learning techniques for brain tumor segmentation and

classification using MRI images. While the field is still

evolving, these studies provide a strong foundation for the

development of automated, noninvasive methods for brain

tumor diagnosis and treatment. In this research work, a

complete and extensive review of the current state-of-the-

art deep learning techniques for brain tumor segmentation

and classification using MRI images is presented. The

different types of deep learning architectures that can be

used which will enhance the accuracy and efficiency of

these tasks are discussed and the datasets that have been

used for training and validation of these models, and the

performance metrics used for evaluating the segmentation

and classification results are presented. The research work

outlined in this paper is emphasized through the following

novel contributions. The various deep neural network

algorithms were compared and analyzed for brain tumor

detection. From the analysis, a novel end-to-end brain

tumor segmentation and classification system was devised,

which determines the location, identifies and segments the

tumor precisely in a short time. Since classification is

performed after segmentation, it always produces reliable

results. As in the existing systems, though the tumor is

identified, it is too hard for the medical practitioners to

evaluate and describe the growth of it. By considering this

in mind, here a novel evaluation and parameter estimation

algorithm has also been proposed, which provides an

insight that is crucial in clinical image analysis which were

not experimented and explained in the existing literature.

As the proposed approach provides improved accuracy, it

proves its efficacy.

3 Proposed framework

In this research work, a novel automatic brain tumor

evaluation method is proposed using deep learning tech-

niques. The first step in our segmentation and classification

system involves preprocessing, for which we have col-

lected and utilized a total of 3929 images. During prepro-

cessing, the images are augmented and resized based on the

selected models. The resized MRI images are subsequently

fed into the segmentation model, which detects the precise

location of the tumor and outputs a tumor mask. This

information is then utilized to measure the tumor mass. The

system diagram for the proposed automated brain tumor

evaluation is portrayed in Fig. 1. For classification, the

images are given as input to the classification model which

uses and trains on the data. The segmented output is used

for testing the model.

When an input image is given by the user, the classified

output displays the type of tumor class that it belongs to

among the most popular meningioma and gliomas if a

tumor is present else it classifies into no tumor in case of

absent tumor mass.

3.1 Preprocessing

Preprocessing MRI brain tumor images is a vital step in

clinical image analysis. For this system, two common

techniques were used: One of the techniques used is

rescaling the images, which involves adjusting the size of

the images to enhance fit for it in the used deep learning

model. This helps in segmenting the tumor regions accu-

rately. Another important technique is augmentation,

which involves generating new training images from the

existing ones. Transformations like rotating, flipping, and

zooming can be utilized to manipulate images.

3.2 Segmentation

The segmentation of brain tumors from MRI images is a

critical first step in the identification and evaluation of

brain tumors. The precise identification of the tumor from

the brain and segmenting it separately is one of the most

essential steps for developing personalized treatment plans.

Deep learning segmentation models can learn and identify

patterns in large datasets of MRI images, allowing for the

automated segmentation of tumors. These methods reduce

the time and effort required for image analysis, enhance the

consistency and accuracy of results, and decrease the need

for invasive procedures. As the field of deep learning

continues to evolve, it is likely that these approaches will

become increasingly integrated into clinical practice, ulti-

mately leading to better outcomes for patients with brain

tumors. The effective segmentation of a model can be

evaluated by metrics like IoU (intersection over union),

Jaccard coefficient and Dice coefficient which can be cal-

culated using Eq. (1–3)

IoU ¼ jA \ Bj
jA [ Bj ð1Þ

Jaccard ¼ IoU =ð2� IoUÞ ð2Þ

Dice coefficient ¼ 2 � jA \ Bj
ðjAj þ jBjÞ ð3Þ

Here A is the ground truth image and B is the predicted

image.
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3.3 Classification

Classification of brain tumors based on their cellular

characteristics is another important task in the identifica-

tion and evaluation of brain tumors. Different types of

brain tumors can have vastly different prognoses and

treatment options, and accurate classification is essential

for developing personalized treatment plans. Traditional

classification methods are invasive and can be associated

with significant risks for the patient. Deep learning-based

classification methods can classify brain tumors based on

their cellular characteristics using data, such as MRI ima-

ges, reducing the need for invasive procedures and

improving the accuracy and efficiency of tumor classifi-

cation. The precise classification by a model can be eval-

uated using metrics like confusion matrix—which

synopsizes the proficiency of a classification, and the per-

formance metrics [20–22] like precision, recall, F1-score

and support were calculated.

3.4 Models used

Several deep learning models have been used and com-

pared to identify the best model for brain tumor segmen-

tation and classification using MRI images. These models

are trained on our dataset of MRI images and learnt to

identify patterns and features that are characteristic of brain

tumors. Different models have been evolved for different

applications [23, 24, 24–26]. For segmentation, ResUNet

[27], VGG19Unet [28], and U-Net [29] have been used.

ResUNet combines the residual connections of ResNet

with the U-Net architecture, allowing the model to seize

both regional and global information while reducing the

vanishing gradient problem. VGG19UNet is a fusion of the

VGG19 architecture and U-Net, where the features are

inferred from the input image and use them for segmen-

tation. U-Net is a fully convolutional neural network that

uses an encoder–decoder architecture to segment the input

image.

The U-Net model has been popularly used for medical

image segmentation. It has a unique encoder–decoder

architecture that can find both regional and global features

of the input image. The encoder part of the network

extracts attributes from the image, while the decoder part

reconstructs the image at the output with pixel-level seg-

mentation. The U-Net model is particularly well suited for

brain tumor segmentation because it can handle the com-

plexity and variability of the tumor’s shape and size. Its

ability to produce accurate segmentations has made it a

popular choice for medical image analysis. The U-Net

architecture in deep learning used following relations of the

model like convolutional, maxpooling layer and SoftMax

activation function with equations as follows:

outputsize ¼
inputsize � kernelsize þ 2 � paddingð Þ

strideþ 1
ð4Þ

outputsize ¼
inputsize
poolsize

ð5Þ

Fig. 1 Schematic diagram of the proposed brain tumor evaluation system
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softmax zið Þ ¼ exp zið Þ
sum exp zj

� �� � for j ¼ 1 toK ð6Þ

Here Z is the input vector of the SoftMax activation

function.

MobileNetV2 [30], VGG16 [31], and EfficientNetB3

[32] are all convolutional neural network [33, 34]models

that can be used for brain tumor classification. Mobile-

NetV2 is a lightweight CNN architecture that is optimized

for mobile devices and has a small footprint. VGG16 is a

popular CNN architecture that consists of 16 layers, with a

deep and complex structure, making it more suitable for

high-end computing devices. On the other hand, Effi-

cientNetB3 is a relatively new CNN architecture that is

known for its superior accuracy and computational

efficiency.

EfficientNet B3 has gained popularity for its superior

performance and efficiency in various fields. The model’s

efficiency comes from its use of a compound scaling

method that optimizes the depth, width, and resolution of

the network simultaneously. By leveraging the power of

EfficientNet B3, it is possible to accurately and efficiently

classify brain tumor images, which can have significant

clinical implications for patient diagnosis and treatment.

EfficientNet B3 is a complex neural network architecture

which has compound scaling method which involves depth,

width and resolution scaling, batch normalization and

Swish activation function involved in its design and

training using the following relations,

Depth ¼ au ð7Þ
Width ¼ bu ð8Þ
Resolution ¼ cu ð9Þ

where a, b, and c gamma are scaling coefficients cor-

responding to depth, width and resolution decided by the

user, u is a scaling factor, which is a user defined param-

eter which determines the model size. Here, it is chosen as

1.2 and au =1.1; if cu is greater than 1, then downsample

the input image resolution before applying to the next

block. These equations are applied to each block of the

network, and the overall architecture is a stack of these

blocks with increasing depth, width, and resolution. The

specific operations within each block, such as depth-wise

convolutions and linear bottlenecks, contribute to the effi-

ciency of the model.

y ¼ ðx� meanÞ
sqrt varianceþ epsilonð Þ � gammaþ beta

ð10Þ

Here x is the new value of a single component, gamma,

and beta are learned per layer and y is the batch normalized

output. And the Swish activation function is defined as:

f xð Þ ¼ x � 1

ð1þ e beta�xð ÞÞ ð11Þ

It is obtained by multiplying input x by the sigmoidal

activation function. Here ‘beta’ is the learnable parameter.

4 Experimental results and discussion

For our proposed work, the main programming languages

used are Python and MATLAB. The platform used for this

system is Jupyter, popular platform for deep learning that

allows users to create and share interactive notebooks that

combine code, visualizations, and text. Jupyter notebooks

can be used with many deep learning frameworks,

including TensorFlow, PyTorch, and Keras, and allow for

easy experimentation and collaboration.

The MRI brain tumor dataset collected from Kaggle,

which includes a total of 3929 images, is a valuable

resource for developing and testing clinical image analysis

deep learning models. The dataset comprises numerous

MRI images of the brain that include various tumor types

like glioma and meningioma. This dataset’s extensive size

allows the development of more advanced and accurate

models capable of learning more sophisticated features

while also enhancing their robustness. A sample dataset is

shown in Fig. 2. The input images after preprocessing are

first given to be segmented. Segmentation of brain tumors

using deep learning is a promising approach to automate

and enhance the accuracy of tumor delineation in medical

imaging. Deep learning algorithms can analyze MRI scans

to accurately identify and segment tumor regions, enabling

better diagnosis and treatment planning for patients with

brain tumors. Some of the popular models used and ana-

lyzed for this system are ResUnet, Vgg19Unet and Unet.

ResUnet is a deep learning architecture that combines

residual connections with U-Net for improved accuracy in

clinical image segmentation tasks such as brain tumor

segmentation. It uses skip connections to preserve spatial

information and enhance feature extraction. Figure 3

illustrates that an accuracy of 84% for the dataset was

obtained and hence the next model Vgg19Unet is

considered.

Vgg19Unet combines the VGG19 and U-Net models for

improved accuracy in clinical image segmentation tasks

such as brain tumor segmentation. It uses the pre-trained

VGG19 for feature extraction and U-Net for pixel-level

segmentation. For the dataset, it yielded an accuracy of

59% (see Fig. 4) which was comparatively less than

ResUnet. Then U-Net architecture was used for segmen-

tation. It uses a symmetric encoder–decoder structure with

skip connections to preserve spatial information and
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enhance feature extraction, resulting in accurate pixel-level

segmentation.

Figure 5 illustrates that an accuracy of 90% for the

dataset was achieved and it is the highest among the

compared models and provides better evaluation as given

in Table 1. Hence, this model has been chosen as the best

suited model for segmentation. The overfitting issue pre-

dominantly present in VGG19 segmentation was reduced

and manageable in U-Net as observed from Figs.3 and 4

The segmented output is then fed as input to the clas-

sification stage. Deep learning-based classification methods

can categorize brain tumors based on their cellular

Fig. 2 Sample images of a meningioma, b glioma and c no tumor from dataset

Fig. 3 ResUnet segmentation output a accuracy plot, b input images, c ground truth, d predicted value, e ground truth mask and f predicted value
mask
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characteristics using non-invasive imaging data, such as

MRI images, reducing the need for invasive procedures and

improving the accuracy and efficiency of tumor classifi-

cation. Several popular models like CNN, Mobilenet-V2,

Vgg16, and EfficientNetb3 are used and compared. CNNs

can learn features from medical images and classify tumors

with high accuracy. They show promising results in dif-

ferentiating between different models. The two CNN

architecture from Keras are used as shown in Figs.6 and 7,

Fig. 4 Vgg19Unet segmentation output a accuracy plot, b input images, c ground truth, d predicted value, e ground truth mask, f predicted value

mask

Fig. 5 U-Nnet segmentation output a accuracy plot, b input images, c ground truth, d predicted value

Table 1 Evaluation metrics and

accuracies of the compared

segmentation models

Model Iou Jaccard coefficient Dice coefficient Accuracy training% Accuracy testing%

ResUnet 0.80 0.66 0.81 97 84

Vgg19Unet 0.83 0.709 0.82 67 59

Unet 0.99 0.98 0.80 93 90
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out of which the second architecture includes an additional

maxpooling layer and a dropout layer.

For the given dataset, the CNN Architecture 1 yields an

accuracy of 90% and CNN Architecture 2 yields an

increased accuracy 94% due to its dropout layer (shown in

Figs. 8 and 9). MobileNet V2 is a deep learning architec-

ture that has been used for brain tumor classification tasks.

Its lightweight design and low computational requirements

make it suitable for diagnosis of brain tumors.

As depicted in Fig. 10, it yielded an accuracy of 84%

which was less compared to CNN; hence to improve the

results further, Vgg-16 was used. VGG16 is a popular deep

learning model for image classification that has been suc-

cessfully used for brain tumor classification. It has 16

layers, with a large number of trainable parameters,

allowing it to learn intricate features from medical images.

Its effectiveness in brain tumor classification has been

demonstrated in various studies. After testing the accuracy

for the data as shown in Fig. 11, it fell to 84% compared to

Mobilenet-V2. The next and final model considered for

classification is EfficientNetb3. It is a state-of-the-art deep

neural network architecture that has shown potential results

for brain tumor classification tasks. It uses a combination of

convolutional layers and feature fusion techniques to

improve accuracy and efficiency. EfficientNet B3 can help

improve early detection and diagnosis of brain tumors,

leading to better patient outcomes.

This model yields the highest accuracy of 99% for

testing and has precise values for evaluation metrics when

compared with other models (refer Fig. 12). Figure 12a

explains the graphical result of the best classification model

‘EfficientNet B3.’ This model was trained and tested for 40

Fig. 6 Schematic diagram Of

CNN Architecture 1

Fig. 7 Schematic diagram of CNN Architecture 2

Fig. 8 CNN Architecture 1 classification model a accuracy plot and b results obtained
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Fig. 9 CNN Architecture 2 classification model a accuracy plot and b results obtained

Fig. 10 MobileNet V2 classification model a accuracy plot and b results obtained

Fig. 11 VGG16 classification model results obtained
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epochs. The training accuracy obtained by this model was

100%, and the testing accuracy was 99%. Figure 12b

explains the result obtained for the model ‘EfficientNet

B3.’ Considering the first image in Fig. 12b, this shows the

output predicted by the model for a glioma image given as

input and returned the output as ‘This image most likely

belongs to glioma with a 96.95 percent confidence.’ Sim-

ilarly, the second image shows the output predicted by the

model for a no-tumor image given as input and returns the

output as ‘This image most likely belongs to no tumor with

a 99.91 percent confidence.’ In the meantime, the overfit-

ting observed in Figs.8, 9, 10 and 11 is better handled with

EfficientNet as observed from Fig. 12. Hence, this has been

chosen as our final model for classification.

The intermediate layers in the UNet architecture provide

a rich source of features for image analysis. The output of

these layers can be used to extract various types of features,

such as edges, shapes, and textures. These features can help

in better understanding the image structure and assist in

accurate segmentation. The intermediate layers can also be

visualized to gain insights into the internal workings of the

Unet as shown in Fig. 13. This model has been evaluated

by observing the confusion matrix as shown in Table 2.

Various classification models were analyzed by comparing

the performance metrics and is shown in Table 3.

When comparing evaluation metrics of EfficientNetB3,

VGG16, and MobileNet, EfficientNetB3 shows higher

values in most cases. EfficientNetB3 shows higher preci-

sion, recall, and F1 score values, indicating better overall

performance. Overall, EfficientNetB3 stands out as a

powerful architecture that combines high accuracy with

efficient resource usage.

Based on Fig. 14, we can observe that EfficientNetb3 is

the most accurate model for both segmentation and clas-

sification tasks, with 99% accuracy for both training and

testing and Unet shows higher accuracy in segmentation.

On the other hand, ResUNet and MobileNet-V2 have high

accuracy on training but lower accuracy on testing. VGG16

yields more accuracy on training but comparatively less

accuracy on testing. VGG19UNet has the lowest accuracy

for both training and testing datasets.

Figure 15a showcases the results of segmentation

models, including ResUnet, Vgg19Unet, and Unet. The

physical mechanism underlying the different efficiencies of

these networks is the different ways in which they are

structured and trained. Since up to 10th epochs, there is no

noticeable change, it is plotted from 10th epoch onwards.

VGG16 is a relatively shallow network with a large num-

ber of parameters. This means that it is able to learn

complex features from the data, but it is also relatively

slow. The graph also shows that the accuracy of the U-Net

model saturates after a certain number of epochs. This

means that there is no significant benefit to training the

model for more epochs after this point. This shows that the

model has reached its limit in terms of its ability to learn

from the data. This is because the model is only able to

learn the statistical relationships between the features of the

data and the presence of tumors. If the data are noisy or

incomplete, then the model will not be able to learn these

relationships perfectly. This will limit the accuracy of the

model’s predictions. In conclusion, the graph shows that

the U-Net model can segment tumors more accurately with

more training data. However, the accuracy of the model

saturates after a certain number of epochs. This is because

the model reaches its limit in terms of its ability to learn

from the data.

Turning attention to Fig. 15b, which presents the results

for classification models such as CNN Architecture 1, CNN

Architecture 2, MobileNet V2, Vgg16, and EfficientNetB3,

the graph shows that the accuracy of the U-Net model

increases as the number of epochs trained increases. This is

because the model is able to learn more about the data and

improve its ability to classify tumors accurately as it is

trained for more epochs, and it also learns about the

Fig. 12 EfficientNet B3 classification model a accuracy plot and b results obtained
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statistical relationships between the features of the data and

the presence of tumors. For example, the model may learn

that tumors tend to have higher signal intensity and a more

irregular shape than healthy tissue. As the model is trained

on more data, it is able to learn these relationships more

accurately. MobileNet and EfficientNetB3 are both deeper

networks with fewer parameters. This makes them faster

than VGG16, but it also means that they are not able to

learn complex features. EfficientNetB3 has a large number

of layers and a large number of filters per layer. This allows

EfficientNetB3 to learn complex patterns from the data,

which is important for accurately classifying brain tumors

and it uses compound scaling which scales up the width,

depth and resolution proportionally. It has squeeze-and-

excitation (SE) modules. SE modules are a type of atten-

tion mechanism that allows the network to focus on the

most important parts of the image. This can improve the

network’s accuracy, especially for small or difficult-to-see

tumors. Overall, EfficientNetB3 is a powerful and efficient

CNN architecture that is well suited for classifying MRI

images of brain tumors.

The comparative analysis reveals that EfficientNet B3

emerged as the top performer with a test accuracy of 99%,

followed by MobileNet at 85%, Vgg16 at 84%, CNN

Architecture1 at 90%, and CNN Architecture 2 at 94%.

The insights drawn from Fig. 15 lead us to identify ‘Unet’

as the optimal model for segmentation and ‘EfficientNet

B3’ as the preferred choice for classification. Additionally,

the algorithm was tested for the computation time. It is

observed that lesser time (within 2–5 s) when compared

with existing algorithms can be produced by using Lenovo

11th Gen Intel(R) CoreTM i7-11800H @ 2.30 GHz,

2304 MHz, integrated GPU Intel(R) UHD Graphics. But,

the same with Core i5 without GPU, it takes half an hour

for loading the model and then 2–5 s to produce output

after applying inputs.

Fig. 13 Intermediate layer outputs of Unet

Table 2 Confusion matrix results for EfficientNetB3

Glioma Meningioma No tumor

Glioma 133 0 0

Meningioma 2 144 0

No tumor 0 0 506
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4.1 Parameter estimation of tumor

In this section, it elaborates parameter estimation of brain

tumors which involves the use of mathematical models to

estimate various parameters related to the tumor’s growth

and characteristics. This information is important in diag-

nosis and treatment planning and can be obtained through

various imaging techniques and computational methods.

Accurate parameter estimation can aid in improving patient

outcomes and developing better treatment strategies. This

is done with geometric and texture parameters and it is

listed in Table 4.

Geometric parameters such as area, distance, major and

minor axis of the tumor can provide important information

about the tumor’s growth and can be used to differentiate

between tumor types and grade. From Table 5 while

comparing the parameters, area provides information that

clearly differentiates between meningioma and gliomas

whereas the values of distance which refers to the mea-

surement between two points in a tumor, major axis, the

longest diameter of the tumor, and minor axis, the

Table 3 Evaluation metrics for

classification models
Model Type Precision Recall F1 score Support

CNN1 Glioma 0.68 0.32 0.46 133

Meningioma 0.50 0.42 0.46 146

No tumor 0.82 0.95 0.88 506

CNN2 Glioma 0.82 0.81 0.85 133

Meningioma 0.85 0.87 0.80 146

No tumor 0.90 0.90 0.90 506

Vgg16 Glioma 0.73 0.43 0.43 133

Meningioma 0.52 0.34 0.34 146

No tumor 0.83 0.95 0.95 506

Glioma 0.53 0.92 0.67 133

MobilenetV2 Meningioma 0.72 0.99 0.16 146

No tumor 0.93 0.98 0.95 506

Glioma 1.00 0.98 0.99 133

Efficient NetB3 Meningioma 0.99 1.00 0.99 146

No tumor 1.00 1.00 1.00 506

Fig. 14 Accuracy of the

compared classification models

and total epochs
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perpendicular diameter are not notable. Since the infor-

mation is not significant, the texture parameters are con-

sidered. Texture parameters like contrast, correlation,

energy and homogeneity were determined, which can help

in identifying different types of tumors and can be used to

differentiate. Contrast measures the difference in intensity

between neighboring pixels, correlation measures their

linear dependence, energy represents the sum of squared

pixel values, and homogeneity measures the uniformity of

intensity values. Among the parameters, the correlation

value indicates that any value above 0.96 belongs to

meningioma and below to glioma. The parameters for no

tumor were also achieved distinctly.

The experimental results have shown that both U-Net

and EfficientNet B3 models can be effective in accurately

segmenting and classifying brain tumors, which can be a

significant step toward developing better diagnostic tools

and treatment strategies for brain cancer patients. The

experimental results have shown promising outcomes in

terms of accuracy and efficiency. The U-Net model, which

has been used for image segmentation tasks has demon-

strated its effectiveness in segmenting brain tumors from

MRI scans. On the other hand, the EfficientNet B3 model,

Fig. 15 Accuracy comparison plot for a segmentation models and b classification models

Table 4 Geometric and texture

parameter analysis for glioma

and meningioma brain tumor

Geometric parameters Texture parameters

Area Major axis Minor axis distance Contrast Correlation Energy Homogeneity

G1 2646 68.7954 57.6882 63.5956 0.1231 0.9677 0.9197 0.9978

G2 1214 48.6421 33.2205 34.9679 0.0706 0.9606 0.9621 0.9987

G3 2079 55.3150 54.6274 57.2732 0.1261 0.9583 0.9358 0.9977

G4 2054 60.0339 50.1453 58.1753 0.1381 0.9538 0.9362 0.9975

G5 2722 70.0368 52.8912 30.6888 0.1171 0.9701 0.9177 0.9979

G8 1205 62.9361 25.8106 42.9959 0.1051 0.9408 0.9616 0.9981

G9 2107 84.2422 43.4940 57.0403 0.1681 0.9451 0.9341 0.9970

M1 3833 88.8601 57.4660 60.2291 0.1651 0.9695 0.8861 0.9971

M2 3086 72.4534 55.3856 38.4200 0.1141 0.9742 0.9076 0.9980

M3 5936 112.2523 70.0005 45.6120 0.1786 0.9779 0.8310 0.9968

M4 6189 110.9913 72.9139 43.8236 0.1756 0.9791 0.8248 0.9969

M5 1985 60.2046 43.6243 54.8791 0.0886 0.9693 0.9392 0.9984

M6 2904 69.0831 55.8497 54.9890 0.1021 0.9755 0.9129 0.9982

M7 1370 50.4627 35.1598 105.1336 0.0721 0.9642 0.9574 0.9987

M8 6542 100.0318 86.3244 44.8473 0.1711 0.9806 0.8162 0.9969

No tumor 0 0 0 44.8473 0 NAN 1 1
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Table 5 Distance plot and 3d surf plot of meningiomas, gliomas and no tumor
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which is a state-of-the-art deep learning model, has been

utilized for image classification tasks and has shown high

precision in detecting different classes of brain tumors.

Overall, the novel and accurate estimation of geometric

and texture parameters in this system can help in the

diagnosis, treatment planning, and monitoring of brain

tumors, ultimately leading to improved patient outcomes.

4.2 Comparison with related work

Our proposed model was validated by comparing it with

the previous work of other authors listed in Table 6 and

Fig. 16 for the classification and region extraction of brain

tumors. The tables compare and showcase the outcomes

between our proposed approach and the existing

approaches.

Some of the significant works done on the field of brain

tumor classification are mentioned above in table where the

highest accuracy is obtained by Sushreeta Tripathy et al.

The family of efficient net is compared.

5 Conclusion

In conclusion, the proposed work presented a novel method

for brain tumor segmentation and classification using

U-Net and EfficientNet B3. The proposed approach

achieved a high accuracy of 90% in tumor segmentation

and comparatively better in classification tasks with an

accuracy of 99.3%, outperforming some of the existing

state-of-the-art methods providing a reliable and effective

tool for diagnosis. The physical mechanism behind the

graphical results is the activation of neurons in the model’s

convolutional layers. These neurons are designed to detect

specific patterns and textures in the image, and their acti-

vation values correspond to the strength of those patterns.

The model then uses these activation values to make a

classification decision. In case of the glioma image, the

model’s neurons would be activated by the irregular shape

and high signal intensity of the tumor. This would lead to a

high activation value for the glioma class, which would

result in the prediction ‘This image most likely belongs to

glioma with a 96.95 percent confidence.’ In case of the no-

tumor image, the model’s neurons would not be activated

by any specific patterns or textures. This would lead to a

low activation value for all of the classes, which would

Table 6 Significant works by

other authors in classification of

brain tumor

Author Year Methods Accuracy (%)

Rao et al. [35] 2015 Enhanced Technique 67.0

Mohsen et al. [36] 2017 DWT 93.9

Saxena et al. [37] 2020 ResNet-50 95.0

Çinar& ildirim [38] 2021 Improved Model 97.0

Sushreeta Tripathy et al. [39] 2022 EfficientNet 99.0

Proposed Method 2023 EfficientNet B3 99.3

Fig. 16 Significant works by

other authors in segmentation of

brain tumor
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result in the prediction ‘This image most likely belongs to

no tumor with a 99.91 percent confidence.’ U-Net’s large

receptive field allows it to consider a wide range of con-

texts when making segmentation decisions, which helps to

improve the accuracy of tumor detection. The U-Net model

has a deep architecture, which allows it to extract high-

level features from the input images. These high-level

features are more likely to be associated with the presence

of a tumor. The skip connections in the U-Net architecture

allow the network to preserve spatial information during

the downsampling process. This is important for accurate

segmentation, as it allows the network to identify the

precise location and boundaries of the tumor. The com-

parison of various models highlights the importance of

selecting the appropriate architecture for specific tasks to

achieve optimal results. The parameter estimation of tumor

provides a different and unique approach that puts in light

the different characteristics of tumor and helps in visual-

ization of tumor for clinical purposes. Thus, the proposed

framework accomplished the task in an exceptional man-

ner. As the field continues to evolve, it is likely that deep

learning-based approaches will become increasingly inte-

grated into clinical practice, ultimately leading to better

outcomes for patients with brain tumors.
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