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Abstract
Accurate classification and segmentation of brain tumors is a critical task to perform. The 
term classification is the process of grading tumors i.e., whether the tumor is Malignant 
(cancerous) and Benign (not cancerous), and segmentation is the process of extracting 
the region of interest. In the last few years, with the development of approaches like com-
puter vision, deep learning, and machine learning algorithms, Magnetic Resonance Images 
(MRI) are the most widely used modality for the purpose of tumor screening and diagnos-
ing. This process is automated in nature and also attain higher accuracy. Nowadays, physi-
cians also practice MRI automated diagnosis systems, so that the diagnosis is faster, reli-
able, automated, reproducible, and more prominently less expensive. So here in this paper, 
we present an extensive survey of brain tumor classification and segmentation approaches 
based on MRI images. This manuscript mainly explores recently used deep learning meth-
ods and approaches. Finally, the paper concludes with various state-of-the-art findings.

Keywords  Brain tumor · Classification · Deep learning · Segmentation · Magnetic 
resonance image

1  Introduction

The development of non-interfering brain imaging technologies has opened new hori-
zons to study and analyze brain anatomy, structure, and functions. Over the last few dec-
ades, MRI imaging has facilitated a number of medical applications. MRI for the brain 
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has been put forward for visualizing and measuring the surgical planning, learning brain 
anatomical structure, analyzing changes in the brain, pre-post-treatment analysis, etc. 
Data presented is with high accuracy, quality, and quantity level due to the advancement 
in MRI technologies [15, 21].

MRI plays an important role in analyzing some critical issues; sometimes the entire 
clinical application results depend on it. Extracting and finding accurate information 
from complex and tedious images becomes multifaceted for most clinicians to deal with 
it manually. Magnetic resonance imaging plays an important role to find tumors by cre-
ating detailed and cross-sectional images of the brain. It distinguishes tissues that are 
normal and get affected by cancerous cells. MRI also defines whether a tumor is can-
cerous or not, the size of the tumor, location of the tumor, and helps in treatment such 
as radiation or surgery and monitoring the treatment. MRIs are generally executed and 
interpreted by a radiologist who is specially trained and certified to conduct this job. 
Manual procedures are quite often time-consuming and due to inter or intra-operator 
variability can cause errors. So, to assist doctors, nowadays automatic or computerized 
methods have been developed, helping them in making decisions and qualitative diag-
noses [4, 20, 27, 31, 32, 53, 63].

With the rapid development in Computer Vision and Deep Learning theories and 
models, the process of image segmentation and classification becomes easier when com-
pared with the traditional approaches. Image segmentation and classification depend on 
each other as segmentation is the process of subdivision. On the other hand, classifica-
tion is the process of aggregating those subdivisions into some predefined classes based 
on similar characteristics. The result of segmentation is a set of homogenous regions 
or contours. It is a part of the preprocessing step in image processing, quite often done 
on the basis of some attributes of the object like the intensity value of pixels, color, 
etc. Image segmentation serves as to be the most crucial and vital step in the number 
of clinical applications [15, 21]. MRI image segmentation can be performed for both 
2D and 3D images [16–18, 20, 31]. The steps involved in MRI segmentation are given 
in Fig. 1. Normally after the segmentation process, MRIs are classified on the basis of 

Fig. 1   Steps for MRI segmentation
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three categories of tissue given as 1. White Matter (WM) 2. Gray Matter (GM) and 3. 
Cerebrospinal Fluid (CSF) is shown in Fig. 2.

Classification of brain tumors malignant and benign using machine learning and deep 
learning algorithms is a very critical and important task. The analysis has to be precise as 
one’s life hinges on the outcomes of diagnosis. As stated, tumors can be cancerous or not, 
once a tumor is identified this stage of classification, generally depends upon the quality 
of the MRI images and the learning algorithm which has been used for. Nowadays, it has 
been observed that with the availability of high-end computing devices and availability of 
large databases deep learning algorithms are most widely used among. These deep learning 
algorithms also prove their efficacy in providing accurate solutions. Basic steps involved in 
classification is depicted by Fig. 3. It involves data collection, preprocessing of the data if 
required, splitting the dataset randomly among training and testing dataset, training of model 
using training data, further testing trained model on the unseen data i.e., testing dataset, and 
finally this process ends up with validating and evaluating the performance of the model.

In this article, our aim is to present various aspects associated with the study of MRI 
images: their types, characteristics, categories, scanning procedures, MRI examination 
process, and so on. For a better understanding, the various facts associated with a brain 
tumor are also presented in this article. Further, an extensive survey is then carried out 
introducing the various deep learning models used in the past few years for the pur-
pose of segmentation and classification of brain tumors. Followed by findings including 
methodologies used, the dataset used, performance metrics, etc. Finally, the article con-
cludes with a conclusion and proposed future work.

Fig. 2   Post segmentation
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Some of the research questionnaire that our manuscript stabs to answer are given as:

RQ1: Offer information about various terms related to brain tumors and MRI images 
investigation.
RQ2: Conduct a detailed literature study of the recent work carried out for brain tumor 
segmentation and classification.
RQ3: To present different findings including intelligent models, databases, evaluation 
parameters, future research direction among all.
RQ4: To make a critical analysis and discussing the impacts of various studies.

2 � Brain tumors

Brain tumors arise when there is the development of abnormal cells anywhere within the 
brain or the Central Nervous System (CNS). It can be of any size, or type, and located in 
any part of the brain. Generally, brain tumors are classified among Primary and Metastatic 
(secondary) compromises of about 120 different forms of tumors. Primary tumors grow 
within the brain, and can spread to other parts of the brain or spine but not to the other 
body parts, on the other hand, Metastatic tumors can grow in the other part of the body as 
well [20, 31]. These types of tumors are the most common brain tumors. Both primary and 
metastatic tumors can be either malignant (cancer) or benign (not cancer). Neurologists 
and Oncologists are two categories of physicians who handle the diagnosis of tumors [20, 
31, 53]. Various factors associated with brain tumor study are given below

	 (i)	 Symptoms for brain tumors

a.	 Headaches
b.	 Seizures
c.	 Behavioral and cognitive (thinking) loss
d.	 Endocrine dysfunction
e.	 Vision loss, hearing loss
f.	 DVT (Deep venous thrombosis) or blood clot
g.	 Fatigue
h.	 Drowsiness

Fig. 3   Steps involved in classification process
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	 (ii)	 Risk factors for brain tumors

a.	 Environmental Risk
b.	 Genetic Risk

	 (iii)	 Brain Tumor Diagnosis measures

a.	 Magnetic resonance imaging (MRI)
b.	 Computed tomography (CT)
c.	 Positron emission tomography (PET) or PET-CT scan
d.	 Neurologic exam
e.	 Biopsy
f.	 Lumbar puncture or spinal tap
g.	 Electroencephalography (EEG)
h.	 Myelogram

	 (iv)	 Most common tumor types: In 2016, World Health Organization (WHO) have clas-
sified tumors of CNS based upon the categorization of the year 2007 [51]. Table 1 
summarizes common brain tumors and their classification

	 (v)	 Brain Tumor Treatment

a.	 Surgery
b.	 Chemotherapy
c.	 Radiotherapy
d.	 Steroids
e.	 Anti-seizure medication
f.	 Ventricular peritoneal shunt

	 (vi)	 Grading of tumors

Generally, tumors were graded among four categories. Depending upon the structures 
of the cell under microscopic vision the doctors assign grades to the tumors. That is if cells 
having a structure similar to the normal cell are termed as to be well-differentiated tumors 
and others are known to be undifferentiated. The differentiated tumors grow slowly and 
there is the possibility of diagnosis for the same, but on the other hand, undifferentiated 
ones are critical ones. Thus, based on this tumor were classified among grades form I, II, 
III, and IV. Grade I tend to be normal and curable whereas grade IV is less curable [26]. 
In 2016 the World Health Organization published a list of graded tumors. The taxonomy is 
given in Fig. 4 [51].

3 � Magnetic resonance imaging (MRI)

Magnetic resonance imaging plays an important role to find tumors by creating detailed 
and cross-sectional images of the brain. It distinguishes tissues that are normal and which 
get affected by cancerous cells. MRI defines whether a tumor is cancerous or not, the size 
of the tumor, location of the tumor, helps in treatment such as radiation or surgery and 
monitoring the treatment. The credit for using MRI as a diagnostic tool goes to Paul C. 
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Lauterbur and Peter Mansfield the two Nobel laureates who received the Nobel in 2003 
for their remarkable job. But the phenomena of magnetic resonance were developed in the 
year 1946 by Felix Bloch and Edward Purcell working individually and got a Nobel in 
1952. From then to 1970 MRI was used for chemical and physical examination. But in the 
year 1971, Raymond Damadian suggested that they can also be used for medical diagnosis 
because of the property of visualizing the internal structure of the body. “Indomitable” a 
full-body scanner was also created by him. With the development of computed tomography 
(CT) by Hounsfield in 1973 and echo-planar imaging by Mansfield in 1977, when com-
pared, MRI has proven to be an effective tool for diagnosis since then.

MRI can be done for a number of reasons such as locating tumors, blood vessel dis-
eases, bleeding, musculoskeletal or female pelvic problems, and many more. It is both a 
harmless and painless procedure because of the reason that it does not use ionizing radia-
tion used in X-rays and CT scans. MRI scan is avoided in some cases such as pregnancy, 
a cardiac pacemaker, head injury (done recently), etc. Japan is at the top in countries with 
about 46.5 per one million citizens MRI scanners.

MRI scan uses pulses of radio waves and magnetism to take pictures of internal 
structures or parts of the body that are quite detailed in nature. MRI scanner looks like 
a tube that is surrounded by a giant circular magnet. The patient under observation is 
positioned on a moveable bed that is implanted into the magnet. The protons of hydro-
gen atoms (also known as proton density or PD weighted) are aligned by the strong 
magnetic field, which is then exposed to a beam of radio waves that spins the various 

Fig. 4   Taxonomy of tumor taken from [51]
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protons of the body, which produces a faint signal that is detected by the receiver por-
tion of the MRI scanner. The greater the proton content the brighter the image. Radi-
ologists or radiographers are responsible for programming MRI machines to pick up a 
convincing direction of proton movement. This information is processed by computer 
and saved for further investigation or monitoring treatment in the form of an image. 
MRI scanners come in different magnet field strengths measured in Tesla or “T”, usu-
ally between 0.5  T and 3.0  T. Higher the strength of the signal and magnetic field 
higher the accuracy of an image. But these values are often a deciding factor for the 
type of diagnosis done for example neurological MRI, breast MRI, etc. so not always a 
3 T MRI has been considered. Whereas quite often 1.2 T and 1.5 T are considered to be 
of the same type but 1.5 T with more features and advantages is preferably used.

Normally while having an MRI scan three types of images are generated: 
T1-weighted, T2 weighted, and Proton density (PD) images as shown in Fig. 5.

Other than these two a third one is known as Proton density MRI images which are 
based on the proton density. High proton density tissues are bright areas in the image 
as well as high signal intensity whereas regions with low proton density tissues are 
dark areas in the image as well as with low signal intensity. The difference between T1 
weighted and T2 weighted is given in Table 2.

	 (i)	 There are three types of MRI machines used namely

a.	 Extremity MRI: This type of machine is specially designed for arms and legs useful 
in detecting injuries, tumors, tissue injuries, etc.

b.	 Open MRI: This type of machine reduces the chance of claustrophobia (enclosed 
spaces). This process is comfortable for the patients but it gets lesser information 
when compared to an enclosed MRI. Ranges from 0.2 T to 1.5 T.

c.	 Tesla MRI: This is faster and more efficient than the conventional MRI because 
of its ability to produce a magnetic field twice the conventional value. It is more 
effective to find abnormal developments as compared with 1.5 T MRI.

	 (ii)	 The most common MRI examinations depending on diagnosis can be customized as 
follows:

Fig. 5   T1, T2, and PD MRI images
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a.	 Functional MRI (fMRI): Used to observe the blood flow within the nervous system.
b.	 Diffusion MRI: Used to govern the direction of nerve fibers in the brain, especially 

white matter.
c.	 Magnetic resonance angiography (MRA): Used for the analysis of irregularities of 

blood vessels from the brain, legs, chest etc. There are 2 types of MRA namely:

1.	 Flow independent: Independent on the flow of blood-based on T1, T2, and 
chemical shifts of dissimilar tissues. Better for patients having slow blood flow.

2.	 Flow dependent: Dependent on the flow of blood. Diagnosis has to be done on 
the basis of static tissues and vessels’ blood flow comparison.

d.	 Magnetic resonance venography (MRV): Used to observe the blood flow within the 
veins.

e.	 Cardiac MRI: Also known as cardiovascular magnetic resonance (CMR) used for 
the analysis of the heart in detail. The important aspect of this MRI is that it can be 
correlated with ECG simultaneously.

	 (iii)	 Other than above, there is the number of MRI examinations specified for particular 
diagnoses some of them are:

a.	 Fluid Attenuated Inversion Recovery (FLAIR)
b.	 Neuromelanin Imaging
c.	 Proton Density Weighted
d.	 Susceptibility Weighted Imaging (SWI)
e.	 Breast scan
f.	 T1rho MRI
g.	 Real-time MRI
h.	 Magnetization Transfer MRI
i.	 Magnetic Resonance Spectroscopy
j.	 Multinuclear Imaging

Table 2   Difference between most commonly used MRI scans are as follows

S No. Attributes T1 weighted T2 weighted

1. Movement of protons Longitudinal Transverse

2. Fat Bright Dark

3. Grey matter Grey Grey

4. Cerebrospinal fluid (CSF) 
or water

Black White

5. White matter Light grey White grey

6. shows Fat, fatty bone marrow, slow-flowing blood, 

contrast agents, blood products

CSF, blood products, proteinaceous tissue

7. shows Proteinaceous tissue Fat, fatty bone marrow, or high-bound water 

tissues

8. shows CSF, high-bound water tissues, collagenous 
tissue

Collagenous tissue, high-bound water tissues

9. shows Air, mineral-rich tissue and fast-flowing blood Air, mineral-rich tissue and fast-flowing blood

10. Applications Anatomic detail (CSF spaces), vascular changes 

+ C, disruption of BBB+C 

Anatomic detail (CSF spaces), lesions
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4 � Literature survey

In the past few years, with the advent of high computing devices and efficient algorithms, 
an accurate segmentation and classification of brain tumors from MRI images has acceler-
ated the diagnosis process. This process has resulted in timely treatment, because of which 
a number of human lives are saved. Though MRI images are very difficult to process, with 
the availability of deep learning models known for handling large and complex data this 
task can be done effectively. So, in this study, our major focus is on presenting various 
deep-learning approaches used for the purpose of brain tumor segmentation. A detailed 
analysis has been carried out and the various facts associated including the model used, the 
feature extraction process, the dataset used, results, research gaps, and future enhancement 
for the related work are presented in Table 3.

It has been observed from the literature that the deep models like UNet or its hybrid 
amalgamation with the other state-of-the-arts algorithm has been widely used for the pur-
pose of tumor region segmentation. This methodology has been majorly deployed on the 
BRATS dataset. The unique feature of this dataset lies in its better-quality High-Grade 
Gliomas (HGG) MRIs and 54 Low Grade Gliomas (LGG) MRIs. This dataset is publicly 
available collection of MRIs, specifically used for the purpose of tumor segmentation. 
Finally, accuracy is the evaluation parameter that is commonly being used to validate the 
performance of the models.

Further, to carry on with the related study has been directed towards introduction the 
various contributions made in the past for the purpose of tumor classification or grading 
them. The following Table 4 presents the related research work, name of the model used, 
the feature learning methodology used, dataset used, result, research gaps of the studies, 
and future works.

Further, we have experience from the literature study that dataset plays an important 
role for accurately segmenting and classifying the brain tumor region. The quality and 
quantity of images present in the dataset allow us to conveniently select the deep learning 
model. A number of data repository of MRI images are available publicly. Tables 5 and 6 
presents the results comparison for segmentation and classification data separately.

5 � Findings

The motivation behind this article is to present the various terms allied with brain tumor 
segmentation and classification using MRI images.

5.1 � Approaches

Despite the number of techniques that have proven supremacy in the past years, deep 
learning models with their ability to work with complex data have overpowered them. 
The earlier approaches encountered with a lack of flexibility or multitasking, variability in 
the dataset, overfitting, the small size of the dataset, corrupted or noisy data, etc. [22, 23, 
85]. When we were in the process of collecting manuscripts for conducting this survey, we 
observed that probably out of ten articles, 80% to 90% of authors have used deep learn-
ing models in recent years, a comparative graph is given in Fig. 6. This also shows that 
Deep Learning approaches have overpowered the machine learning algorithms. Deep neu-
ral networks (DNNs) or Convolutional neural networks (CNNs) are recent neural networks 
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having a very deep network, which learns through several phases and does have the abil-
ity to solve critical tasks like MRI segmentation and classification. It has been seen from 
the survey that using deep learning models gives more accurate results when compared to 
traditional methods and algorithms. The CNN network consists of a stack of layers like 
convolution, pooling, and fully connected layers with various hyperparameters like learn-
ing rate, epoch, activation, loss function, etc. The most important factor affecting the deep 
learning models are learning rate and momentum. More often the value of the learning rate 
lies between 0.01 to 0.03 and 0.001 to 000.3 and the value of momentum has been selected 
to 0.9 usually. The other parameters like batch size (varies), weight decay (varies), and 
dropout (0.3) are also important for any deep learning model. Having a combination of a 
perfect number of layers while selecting appropriate values of hyperparameters of models, 
makes them expedient to accomplish such a complicated job [85].

When compared with traditional approaches, the deep learning consortium still needs 
to formulate mechanisms in lowering the computational cost, processing time, resources, 
interpretability, and understandability [68, 85]. The potential of deep learning models is 
still to be explored, especially when there is variability in the resolution and intensity of the 
acquired images [85]. Therefore, a significant study has to be put forward in selecting the 
convolutions. Also, with the use of SGD variants, Fast Fourier Transform algorithms, and 
quicker matrix multiplication the computational speed of deep models can be enhanced 
[85]. One of the possible solutions to enhance the performance of deep learning models 
is to introduce cascade and two-pathway networks. In the first, the dependency of labeling 
of pixels is taken into consideration, where two CNN models are stacked in which the seg-
mented image as an output of one CNN becomes the input to the other. Wherein the two-
pathway the local and global contextual features are modeled simultaneously [2, 68, 85, 
87]. Further Table 7. presents pros and cons of some methods.

5.2 � Dataset

The other and most vital fact related to the automaton in the segmentation and classifica-
tion of MRI images is the dataset. The impact of selecting in the database is directly pro-
portional to the performance of the model. Appropriate, non-redundant, conservative data 
is the first step in selecting the model. There is a number of publicly available databases 
like Brain Web, Internet Brain Segmentation Repository (IBSR), Brain Tumor Segmen-
tation (BRATS), MIDAS, openfMRI (a project which collaborates databases) [35], Open 
Access Series of Imaging Studies (OASIS), Kennedy Krieger Institute database, Center 
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for Imaging Science are some of them. The most widely used databases in the literature 
are Brain Web and Internet Brain Segmentation Repository (IBSR). Brain Web: Simulated 
Brain Database (SBD) is available free for educational purposes. The database contains 
realistic MRI data volumes that are produced by an MRI simulator and available in 2 cat-
egories (i) Normal Brain (ii) MS Lesion Brain Database. The SBD was generated using 
different parameters like 1. Pulse sequence as in the ICBM {T1, T2, PD} template of cus-
tom simulations 2. Noise as the reference tissue for the noise computation: White Mat-
ter (WM) for T1 and Cerebrospinal fluid (CSF) for T2 and PD images. 3. Intensity Non-
Uniformity (INU) as the field A was used for T1 images, field B for T2 images, and field C 
for PD images. The Internet Brain Segmentation Repository (IBSR): is a freely available 
database for non-commercial research use for MRI brain image segmentation. Supported 
by the NIH under Grant number 1 R01 NS34189–01 from the National Institute of Neu-
rological Disorders and Stroke (NINDS), IBSR consists of images for different subjects, 
like an Adult Male and 5-year-old Child: T1-weighted MRI data with complete expert seg-
mentations, 20 Normal Subjects: T1-weighted MRI data with gray/white/other expert seg-
mentations (3.1 mm slice thickness), 2 Tumor patients: various scans over time, 18 Scans: 
T1-weighted MRI data with expert segmentations of 43 individual structures (1.5 mm slice 
thickness), Registered multi-echo scans. Further, some of the datasets are given by Table 8.

5.3 � Evaluation parameters

Finally, evaluation parameters are the basis to authenticate the accuracy of the method. 
Manual interpretation of the segmentation outcomes is a time-consuming task. There are 
a number of evaluation parameters used to verify the segmentation results automatically. 
Amongst the following parameters Dice Similarity coefficient (DSC), Jaccard Similarity 
(JS), Specificity, Sensitivity, and Accuracy are the most common ones. DSC provides a 
measure of the degree of overlap between two segmentations if R and S are images where 
R = segmenting contour and S = ground truth resulting from manual segmentation. If 
DSC = 1 perfect segmentation, DSC = 0 imperfect segmentation results. JS is used to com-
pare the similarity and diversity of image given by an intersection to the union, JS gener-
ally lies between 0 and 1. A higher JS value better segmentation results. Specificity, Sensi-
tivity, and Accuracy are used to verify the quality of segmented images. This is done on the 
basis of ground truth image and segmented image. Based upon TP = True Positive is the 
exact classification, TN = True Negative is the exact misclassification, FP = False positive 
is misclassification, and FN = False Negative is region misclassified. Specificity defines the 
competence of an algorithm to segment the normal regions present in the input image, 
which lies between 0 and 1, a segmented value near 1 shows better segmentation. Sensitiv-
ity values define the proper classification or segmentation of the input image, lie between 0 
and 1, and a segmented value near 1 shows better segmentation. Accuracy is an evaluation 
parameter used to assess the efficacy of the segmentation algorithm, lies between 0 and 1, 
and a segmented value near 1 shows better segmentation [16, 17, 19, 76, 77]. Some of the 
commonly used mathematical equation for evaluation parameters are:

(1)Dice Similarity Coefficient (DSC) = D (R, S) =
2 ∣ R ∩ S ∣

|R|+ ∣ S ∣
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Provides a measure of degree of overlap between two segmentations, if R and S are 
images where R = segmenting contour and S = ground truth resulted from manual 
segmentation.

5.4 � Future research directions

Nowadays, with the availability of high computing devices and accessibility of the large 
volume database, the research has been directed towards the implication of deep models 
for attaining higher accuracy. This has uplifted the interest of academicians and research-
ers in developing and experimenting with newer deep-learning models. Also, the processes 
including semantic segmentation, instance segmentation, and panoptic segmentation help 
in a better understanding of the region of interest. Some of the possible future work the 
researchers could direct their work includes [6, 42, 50]:

	 (i)	 For the comprehensive understanding of the MRI images one can adopt the process 
of panoptic segmentation. It contributes the features of both semantic and instance 
segmentation. Certainly, a more detailed and accuracy can be achieved.

	 (ii)	 Evolutionary optimization algorithms play a vital role in the fine-tunning of hyper-
parameters for a deep learning model. This hybridization model reduces the com-
putational efforts.

	 (iii)	 Further, the researchers can also focus on task that involves segmentation with less 
supervision, neural network search-based segmentation including domain knowledge 
i.e., tumor morphology and tumor degree, and protecting patients’ privacy is an 
essential.

	 (iv)	 Brain tumor grade classification helps in diagnosing the severity of them, a deep 
learning model-based CAD system will be helpful.

	 (v)	 Use of second order optimization approaches can be also useful in enhancing the per-
formance of deep models for detecting and classifying tumors with higher accuracy.

	 (vi)	 3D volumetric dataset and other measures of data acquisition process like scanners 
should be incorporated.

(2)Jaccard similarity (JS) or Jaccard coefficient (JC) = J (R, S) =
∣ R ∩ S ∣

∣ R ∪ S ∣

(3)Specificity =
TN

TN + FP

(4)Sensitivity or Recall =
TP

TP + FN

(5)Accuracy =
TP + TN

TP + FP + FN + TN

(6)Precision =
TP

TP + FP
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	 (vii)	 Lightweighted approaches such as quantum machine learning can be very useful in 
order to reduce the computational time and cost.

6 � Conclusion

In the last decade, a lot of research has been directed toward introducing various new con-
cepts and theories towards the segmentation and classification of brain tumors from MRI 
images. Among them, deep learning models have emerged to be the most efficient tool 
when compared with the other learning algorithms. With an extensive feature of work-
ing with complex data and providing high accuracy these models accumulated widespread 
popularity. Also, with the availability of high-end computing devices supports this learn-
ing process. Therefore, in this article, a survey has been carried out in incorporating the 
literature mainly focusing upon the recent deep learning models used for the purpose of 
segmentation and classification of brain tumors from MRI images. Though these models 
achieve higher performance, still there are certain factors toward which future research can 
be directed, especially the high-performance cost and complexity of the model structures. 
Finally, for the proposed work we aim to perform instance segmentation to identify tumors 
using deep learning models like MASKRCNN or UNET.
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