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1. INTRODUCTION

A brain tumor is any abnormal cell combination

that locates inside or surrounds the brain. Eleven

different types of brain cancer exist [1], and not

all brain tumors are cancerous. Meningioma, glio-

ma, and pituitary tumors are adults' most popular

forms of brain cancer. When cancerous growth in

the membrane that surrounds the brain and spinal

cord, it is called a meningioma. Brain tumors,

known as gliomas, are a group of tumors that grow

within the brain's tissue. Gliomas are one of the

most destructive brain tumors. Patients with high-

grade gliomas are expected to have a two-year

survival rate. Pituitary tumors are tumors of the

brain cells that grow abnormally. This form of tu-

mor is found in the brain's pituitary gland [2].

These three types of tumors have similar shapes,

which makes it difficult to distinguish between

them.

An important first step toward a tumor's cure,

but one that can take a long time, was the early

detection of its subtype through human examina-

tion. Automated instruments in the medical field

are needed to improve patient care and increase the

survival rate. Automated instruments can be built
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using the deep learning algorithm.

Images can be classified using a convolutional

neural network (CNN), the most widely used algo-

rithm in deep learning. This study introduces a

novel approach for brain tumor classification based

on the image gradient and deep learning structure.

Section 2 introduces the related works. The pro-

posed algorithm for classifying brain tumors will

be discussed in section 3. Experiment results and

comparisons with other methods are presented in

Section 4. Section 5 will give the conclusion.

2. RELATED WORKS 

The classification and detection of brain tumors

have become a significant research field in recent

years [3]. A method for the detection of brain tu-

mors was proposed by Lakshmi and Arivoli [4].

The algorithm is divided into four parts: prepro-

cessing, feature extraction, feature classification,

and detecting the tumor's location in the brain. The

preprocessing step is followed by the feature ex-

traction step, the feature classification step, and the

brain tumor detection step. Preparing the images

for feature extraction is the purpose of the pre-

processing stage. These features are then classi-

fied with the Adaptive Neuro-Fuzzy Inference

System (ANFIS), which uses wavelet and Gray

Level Cooccurrence Matrix (GLCM) feature ex-

traction techniques. The last step is to locate the

tumor and the surrounding tissue.

A method for grouping the brain and detecting

tumors created by Nalbalwar et al. has been in-

troduced [5]. In this method, tumor blocks are first

detected and then classified using Artificial Neural

Networks (ANN) on computer MRI images of brain

cancer.

Images can be divided into non-cancerous and

cancerous categories using new methods devel-

oped by John et al. [6]. Three steps make up the

proposed method: first, pictures are transformed to

various levels of coefficients by using DWT; sec-

ond, the color matrix of intensity is created; and

third, features such as solidarity and energy are

extracted. The last step is to determine what type

of category each picture belongs to.

According to Chinsari et al. [7], a framework for

determining the similarity between brain tumor

pictures was introduced. To get a more accurate

mean average precision and a higher similarity

rate, they used techniques like Distance Metric

Learning (DML). When compared to previous ap-

proaches, this one yielded significantly better

results.

According to Cheng et al. [8], a new method for

classifying brain tumors has been proposed. Brain

tumor images can be classified and diagnosed more

accurately using augmented tumor regions as ROI.

Bag-of-words (BoW) was the most accurate fea-

ture extraction method, with a precision rate of

91.28 percent. Pan et al. [9] also introduced CNN

with various layers to classify brain tumors. The

main issue they ran into was a lack of training data

when classifying brain tumors.

Using five different CNN architectures, Abiwi-

nanda et al. [10] found that architecture 2 had the

highest accuracy. Two convolutional layers, a

ReLU layer and a max-pool layer, followed by 64

hidden neurons in network structure 2. On the

training and validation sets, they scored 98.51%

and 84.19%, respectively. CapsNets, a new model

presented by Afshar et al. [11], were used to classi-

fy brain tumors. The precision of the CapsNet con-

volutional layer was improved by varying the fea-

ture maps. A CapsNets convolutional layer with 64

feature maps yielded an accuracy of 86.56 percent.

3. METHODOLOGY

We introduced a deep learning-based method

using the image gradient representation in this pa-

per, as shown in Fig. 1. Firstly, we use the adjust-

ment to increase the contrast of the original image.

The picture after preprocessing is ready for feature
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extraction and is much better for visualization, as

seen in Fig. 2. The original image on the left side

is so dark and difficult to see, even with human

eyes.

The following section will explain our method:

image gradient representation in Section 3.1 and

the proposed deep learning network structure in

Section 3.2.

3.1 Image gradient representation

Gradient images reveal more about an image's

physical structure by displaying the image's edges

with filters like Sobel and Prewitt. Image gradients

can be used to measure the quality of a picture.

For instance, images that are blurred have less

edge information than images that are clear. As a

result, the image gradient is not only used in seg-

mentation but also used in the classification task.

In this work, we create the image gradient repre-

sentation of the original image and use it as an in-

put for the deep learning network. h(x,y) is the in-

put image's partial derivative at the specified loca-

tion (x,y). The image gradient's x- and y-direc-

tions are calculated with the Sobel operator:

(1)

(2)

When calculating the gradient of the central pix-

el using eight surrounding pixels, the Sobel oper-

ator sets the weight of pixels in the neighborhood

of the central pixel as -2 or 2 to determine the in-

fluence of pixels at various distances on the central

pixel [12].

The gradient direction and gradient magnitude

are determined by the following equations.

(3)

(4)

We create the color gradient image from the

black and white input image by calculating the

separate color channel (Red, Green, Blue). The im-

age gradient representation is shown in Fig. 3.

(5)

(6)
(7)

3.2 The proposed deep learning network structure

The proposed network is based on two main

components: the inception module of GoogLeNet

and the residual block of ResNet. The following

section will summarize the architecture of these

modules.

Inception module: Researchers at Google in-

troduced the GoogLeNet architecture [13], also

known as the IncpetionV1 network, in 2014. Goog

LeNet's main idea is to employ multiple con-

volution layers in the same block to go not only

Fig. 1. The proposed framework.

Fig. 2. Left: The original image. Right: The preprocess-

ing image.
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wider but deeper and catch various picture fea-

tures; these blocks are called Inception blocks.

With a 92.2 percent accuracy rate, the authors of

GoogLeNet won the ImageNet competition [14].

After IncpetionV1, they released newer versions

like InceptionV2 and InceptionV3. Google's Inception

V1 and InceptionV3 structures are the most widely

used. Six convolution layers are employed in the

InceptionV1 inception blocks, while seven con-

volution layers are employed in the InceptionV3 in-

ception blocks [15].

GoogLeNet can capture images in multiple as-

pect ratios, which is a significant advantage. Goog

LeNet's Inception module is based on a simplified

model of human brain neurons, and it can recognize

complex images like Hangul's handwriting [16].

Fig. 4 depicts the general layout of the inception

blocks. Convolutional layers (blue blocks) and

pooling layers (purple blocks) are used to get fea-

ture extraction from the input picture and reduce

overfitting. Nonlinear operations are applied after

each convolutional layer, increasing the network's

nonlinear properties. The number of parameters

and the feature map size can be reduced using a

one-by-one convolutional layer [17].

Residual block: ResNet [18] was introduced in

2015 and took the first position at ILSVRC2015

with the ideal of the residual block. The vanishing

gradient issue that appears as the number of neural

network layers increases was solved by including

a residual block structure. Currently, there are three

popular versions of ResNet networks: ResNet18,

ResNet50, and ResNet101. Fig. 5 shows ResNet's

residual block structure, where x denotes the pre-

vious layer's input. X has processed two ways

once it enters the residual block [17]. F is the result

of a convolution operation (x) in the first way. A

shortcut connection is used in the second way to

convert the input to the output. The residual block's

output is H(x)=F(x) + x. When building the net-

work, the objective is to minimize the residual

F(x)=H(x)–x.

Fig. 3. Left: The input image. Right: The image gradient 

representation.

(a) (b)

Fig. 4. (a) Inception v1 module and (b) inception v2 module.
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4. EXPERIMENTAL RESULTS

We analyzed and evaluated our proposed frame-

work using Figshare [19], a publicly available da-

taset of brain tumors. In 2017, Cheng created the

Figshare dataset, which took 3064 brain MRI pic-

tures from 233 patients. This dataset has three

types of brain tumors: meningioma (708 images),

glioma (1426 images), and pituitary (930 images).

Fig. 7 shows some sample images from the Fig-

share dataset. We split the Figshare dataset into

training, validation, and testing parts with the

same amount mentioned in reference [2] for a fair

comparison (70% for training, 15% for validation,

and 15% for testing).

The following metrics were used to calculate the

performance of the proposed method.

(8)

(9)

(10)

(11)

where FP is the false positive, FN is the false neg-

ative, TP is the true positive, and TN is the true

negative.

We calculate these metrics from the obtained

confusion matrix. Table 1, visualized in Fig. 8,

presents our proposed method’s performance and

various frameworks with four metrics: precision,

sensitivity, specificity, and accuracy.

Gradient images encode more physical struc-

tures of the image. The gradient magnitude tells

us how quickly the picture changes. In contrast,

the gradient direction tells us about the direction

in which the image is changing most rapidly [20].

As a result, gradient images help the network learn

the image better and help to increase the classi-

fication rate compared with the original image, as

seen in Table 1. The gradient image gives better

results on the same network structure (the pro-

posed DNN) than the original image over four

metrics.

Another note is that the proposed method (image

gradient representation + the proposed DNN) got

the highest performance over four metrics. For ex-

ample, our work improved the accuracy by 10.4%

compared to the method of Afshar et al. Addition-

ally, Rehman et al. (VGG16) have the highest num-

ber of parameters with about 138 M (21 times the

proposed method). This comparison confirms the

efficiency of the proposed framework.

Fig. 5. Two type of the residual block.

Fig. 6. The proposed deep learning network structure. 
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We describe the statistical outcomes of every

class for the classification task in detail. Fig. 9

presents the ratio between correctly classified im-

ages and the total number of images for each class.

Six meningiomas are misclassified as glioma, and

two meningiomas are misclassified as pituitary.

5. CONCLUSION

The correct diagnosis of brain tumors is a cru-

cial point to making a proper treatment and im-

proving the patient's health. The classification of

brain tumors, which has three main types of can-

cer: meningioma, pituitary, and glioma, is an es-

sential step in the diagnosis process. We have al-

ready implemented brain image classification using

a deep learning process that enhances accuracy

compared to another method. The numerical result

shows the proposed framework improves the ac-

curacy by up to 10.4% and reduces the number of

parameters up to 21 times compared to other

approaches. In future work, we shall consider an-

Fig. 7. Sample images in the Figshare dataset. 

Table 1. The performance of various methods on the Figshare dataset.

Method Model Parameters Accuracy Precision Specificity Sensitivity

Afshar et al. [11]
Abiwinanda et al. [10]
Rehman et al. [2]
Rehman et al. [2]
Rehman et al. [2]

CapsNet
CNN
AlexNet
GoogleNet
VGG16

N.A
N.A
61 M
7.0 M
138 M

86.56%
84.19%
91.21%
93.46%
89.76%

N.A
N.A
90.36%
94.30%
88.67%

N.A
N.A
95.48%
97.74%
94.64%

N.A
N.A
90.48%
95.38%
87.81%

Original image
The Proposed

DNN
6.6M 95.87% 95.00% 98.06% 96.17%

The proposed method
(Image gradient
representation)

The Proposed
DNN

6.6 M 96.96% 96.37% 98.53% 96.86%
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other dataset for evaluating the performance of the

proposed method.
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