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Abstract 
 
A  brain tumor is an accumulation of abnormal cells  in the brain. This tumor 

occurs impulsively due to the tissues surrounding the brain or the skull.  As 

the tumor is directly influencing the survival of the human, it is required to 

detect, analyse, and diagnose the tumor in a right way. The proposed work is 

to develop a device which acquires the data from human brain and it 

identifies the brain tumor using hyper column convolutional neural network 

model. The pre-processed image is applied to attention modules which select 

the features of tumor regions of the image and then the features get 

transferred to the convolution layer. The hypercolumn in the convolutional 

layer arrange these features in the form of array. This array arrangement 

makes the CNN to identify the most efficient and best features.  The 

proposed model is tested with various brain MRI datasets. The performance  
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is compared with the some existing pre-trained networks. The results reveals 

that the proposed model out performs than the existing. The classification 

accuracy achieved with this model is around 96.05%. 

 

Keywords: brain tumor, modelling, magnetic resonance image, convolution 

neural network, hyper column technique, Green technology 

 

 

1 Introduction 

 
In healthcare field, Green technology means that it is effectively 

diagnose the disease using the cost reduction and patient-friendly approach.  

The brain, plays a major function in our body to control the activity, thoughts 

and behaviour. To identify the tumor in the brain is complicated process. 120 

types of tumor are available in our brain. The location of brain tumor is 

identified by localization algorithms. There is a need of classification 

algorithm to identify the type and grade (how aggressive it is) and also 

whether it is a primary or a secondary tumor and also it is malignant or not 

benign. In general, our brain consists of three major parts such as cerebrum, 

cerebellum and brain stem. Cerebrum controls the voice, thought, write, 

learn, problem identification and solving, and voluntary actions. Cerebellum 

controls the standing and sitting position. Brain stem controls the respiration 

rate, pulse rate, and eye, ear, leg, hand, mouth nerves and muscles. To detect 

the brain tumor generally use magnetic resonance imaging (MRI) it is more 

useful when compared with X-ray because MR images do not use harmful 

radiations, they provide enough information for disease diagnosis.  

Tumor always randomly grows in the brain and producing stress around 

it [1]. Tumor causes various disorder in the brain due to the pressure that 

affects the body. Headache, paralysis, heart attacks and dizziness are the 

symptoms of tumor disorders in humans. Malignant tumors damaging the 

surrounding tissues due to rapid growth. Surgical procedures are widely used 

for treatment of tumor. If the surgery is made on the tumor in a vital area 

using the radiation, medication, etc. [3]. In America, there are seven hundred 

and thousand people affected with the tumor which was reported in the year 

2019. Eighty-six thousand people were diagnosed approximately in the same 

year [4].  

The proposed model to perform classification on brain tumor in the MR 

images of the brain. This model provides an attention mechanism for training 

to be effective and also instance segmentation with residual blocks. To detect 

the craved area and instance segmentation using attention model. There are 

various methods proposed for classification of brain tumors. At present 

model, from the dataset , first tumor is located and  segmented. After that, 

classification is made on the MR brain images by using CNN proposed. And 

then triumph was 94.58%. A machine learning algorithm is proposed in the 

grading of brain tumors by short-term memory network [6]. This model gives  
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the accession of the dataset and segmentation. After that, the training of the 

dataset is regulated by LSTM model and classification performed by support 

vector machines with an accuracy of 78.33%. Using bid grayscale method, 

the brain MR images is classified into normal and abnormal [7]. This method 

also tested on the Probable Neural Network model . PNN uses the Bayesian 

algorithm it is a feedforward technique; they got a triumph of 95%.  The 

author differentiated the brain dataset images into two ; first one is the benign 

and second one is malignant [8]. In the pre-processing step, the dataset was 

applied to filter methods to abolish ripples in the dataset images. Then uproot 

characteristic of images among an average colour moment of every image 

and finally classified images using ANN and the result was 91.8%. Then the 

separated the dataset of MR images into two categories one is normal to the 

second is abnormal [9]. The effectiveness of result accuracy was expanded 

by using threshold based region optimization technique. They segmented the 

images by using this technique and they got a success rate of about 96.57%. 

To classify the MR Dataset into normal and abnormal categories using a 

combined artificial neural network optimization method and  98.91% 

accuracy was obtained [10].   

 

2 Materials and Models 

 
2.1 Dataset 

             
                         Fig. 1.  MRI System 

 

 

 

 

The above figure shows the MRI system is very best fitted for brain 

images in the study of vascular scanning by using above system gives us high 

amount of contrast in soft tissues without getting any ionizing radiation on 

that tissues .It’s operating frequency was 1-MHz to 100-MHz in  RF 

frequency band, and computed tomography  and DXR operate in the range of 

1016-Hz to 1018-Hz , making patients to ionizing radiation may damage 

living tissue. By using above data acquisition system the images are collected 

then those images are considered as data set. 
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Fig. 2. High-precision data acquisition system 

 

Figure 2 shows very high-precision with low-noise, A 18-bit data-

acquisition system with signal chain with integral nonlinearity features are 

±0.8-LSB INL (integral nonlinearity), ±0.5-LSB DNL (differential 

nonlinearity), and 99-dB SNR (signal-to- noise ratio). In the FFT and linear 

performance we are using a 5-V reference and the power consumption of 

signal chain is almost 345mW it is a 50% lower than other solutions. Then 

these type of very high-speed, many channel, data-collecting system we can 

used in CT, DXR, and other medical imaging applications where the 

sampling rates are high without compromising accuracy. In this we have 18-

bit linearity with low noise. It provides the image with enhanced quality, its 

5-MSPS output allowing a shorter scanning duration and very less exposure 

by the X-ray. Because of Multiplexing the multiple channels creates the 

higher-resolution images for full analysis of brain images and achieves 

required diagnosis in this model we used a device which is used to detect the 

MRI image signal from brain the collected MR images from data acquisition 

system was categorized into two main types as some with tumor and some 

without tumor all the images in the dataset were collected by field experts by 

using the device designed for data collecting .finally  we collected total of 

253 images of brain MR images from different volunteer patients. Because of 

this the dataset consisting of heterogeneous structure. Finally, the e total of 

156 images are with tumors and without are 97. In the first-step images 

collected have been converted to JPEG format then the resolution problem 

where also solved. Some sample images of the types in the dataset in Fig. 3. 
 

 

 

 

 



 
 

 

 

 

 

 

Development of Novel Green Technology Based Brain Tumor Detector 2971 

 

 

   

                             (a)                     (b)                                (c) 

 

       Fig. 3. (a), (b) without tumor samples, (c) with tumor sample. 

 

 

 

2.2 CNN Models 

 

In this study we discussed about different pretrained ML models like 

AlexNet, GoogleNet and VGG-16 architectures. The total architecture of the 

CNN [11] consisting of convolutional layer, fully connected layer with 

pooling layers, and many more by using the convolution layer we filtered the 

local features in the images. After that we transfers that features which are 

extracted from first layer to next layer where we can provide the activation 

maps then we can select the most appropriate features. And finally, the 

pooling layer used to reduce the image size in the dataset [12,13,14]. The 

final layer which is called a fully connected layer  selects the features 

according to the probabilities the classification was performed  in the 

architecture. The schematic design of the model is shown in Fig. 4. 

In the study of above pre trained model CNN architectures classify the 

dataset based on the transfer learning method. The SoftMax function was 

generally used in these type of classification problems. In the architecture of 

CNNs, generally preferred hyper-parameters and values have been used. The 

size of the input image of the Alex Net model is 227𝑥227 pixels. [17] and the 

input image size of other CNN architectures was 224𝑥224 pixels. In addition 

to the features obtained in the last layers by each neural network in the CNN 

giving the several number of features. almost 1000 features were classified 

by using the classification function which is called SoftMax. [18] We 

mentioned those  values and the Hyper-parameters which are used in the 

CNNs are given in Table 1. Here the SGD algorithm used the mini-batch 

value of convolution architectures was selected as 32 during the training 

process. These values for mini-batch is determined by knowing the capacity 

of the data set and the cost of the hardware we used.[19,20] These values are  

generally preferred as a number and also that number can be divided by the  
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size of the dataset. Here the mini-batch makes it possible and easier for the 

learning of convergence rates to get correct prediction. 

 

 

                   
Fig. 4. The architecture schematic of   of CNN models: (a) AlexNet, (b) GoogleNet 

and (c) VGG-16. 

 

 

 

   Table 1. Values  Hyper-Parameters Of Cnn Architectures Used In This 

Study. 

 

CNN 

Architec

ture 

Input 

Size 

Optimizati

on 

Learning 

Rate 

Momentu

m 

AlexNet 227×227 

SGD 0.0001 0.9 
GoogleN

et 

224×224 

VGG-16 224×224 

 

 

2.3 Optimization and Machine Learning Methods 

 

SGD is a very good technique used to reduce the learning rate with very 

good optimization values in the cycle used in every epoch and training phase. 

Hear the LR (learning rate) was reduces by means of a half-cosines curve. 

This method is also   known as a cosinus annealing method for learning rate  
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reduction. The parameter Ƞ𝑡 represents the learning rate in the process t. Ƞ𝑖 
represents the parameter which determines the Ƞ𝑖 𝑚𝑎𝑥 Ƞ𝑖 𝑚𝑖𝑛 which are 

upper and lower limits of the desired learning rate range.[21] the value 

𝑇𝑐𝑢𝑟𝑟𝑒𝑛𝑡 makes the number of epoch that has passed by the restart process 

and the parameter 𝑇𝑖 gives the number of epochs in the update.[22] the  

formula of the SGDR method was shown in Eq. (1). Hyper-Parameter 

information of this method is as follows 

• Minimum and Maximum Learning Ratio: which specifies the range of 

upper and lower values used to change the LR value 

And learning ratio in the SGD method. 

•  Epochs : Which returns the value by calculating by dividing the epoch 

number  by the total mini-batch size. 

• LR Decay: The value which is decreases the upper limit (Max. LR) of 

the learning rate after every epoch. In this study.  

• Length of the cycle: which represents the number of the first epoch in the 

cycle. 

• Multiplication Factor: which specifies the scale and values of the epoch 

to restart after each cycle was completed. 

Ƞ𝑡 = Ƞ𝑖 𝑚𝑖𝑛 + 1 /2(Ƞ𝑖 𝑚𝑎𝑥 ― Ƞ𝑖 𝑚𝑖𝑛)(1 + cos ( 𝑇𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑇𝑖)Π)           

 V4rfThe function ADAM is very efficient and effective optimization method 

which optimizes the method weights and parameters with respect to the 

learning rate in each batch. In  the training process of the model, the ADAM 

method helps a lot for adjust the learning rates of the weight parameters by 

predict and estimate the change in values called gradients. In ADAM we 

calculate the averages of the exponentials from the gradient descent. The 

previous gradient (𝑚𝑡) and past square gradient (𝑉𝑡) averages are calculated 

according to Eqs. (2 and 3). The variable 𝛽 is used to  

𝑚𝑡 = β1𝑚𝑡 ― 1 + (1 ― β1)   (2) 

𝑉𝑡 = β2𝑉𝑡 ― 1 + (1 ― β2) ^2 (3) 

 

In every classification problem generally softmax was preffered in the 

last layer of the CNN model the main purpose of this softmax is for 

normalizing the nonlinear features.[23]. The normalized features are then 

converted as probabilities of the values and based on the probability’s 

classification is performed.   

 

3 Proposed CNN Model 
 

In the proposed model of classification machine learning model, we 

added some layers to the CNN architecture. In its structure we observe some 

general layers like convolution and pooling layers in addition to them we 

added some dense layers before the classification stage to improve the 

performance. The main purpose of this dense layer was to carry the values in 

the form of matrix and it’s like a hidden layer in the CNN model. Hear the 

dense layer takes and move the values in the predefined format as 
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matrix vector and continuously updated in the time of back propagation. In 

the proposed model for the classification this dense layer is connected before 

to the SoftMax function then it produces, probabilities in between 0-1 for 

each and every neuron   finally the addition of all the possibilities generated 

by the SoftMax function is equal to 1 because those are all the probabilities 

of every neuron. The proposed approach generally consists of five parts. the 

first part is the data acquisition system and the remaining four parts 

consisting about the ML model we are proposing   the first one is 

convolution block attention module (CBAM) which is a application of 

 

 

             
 
           Figure 5. Proposed architecture design and parameters used.. 

 

dense block and next residual block is with hyper column approach. Main 

purpose this CBAM is to allow and focusing on the relevant area where we 

have the tumor in the MR image. Hear the hyper column approach is for 

collecting the important feature values in the MR image, finding for those 

values in every image was allows the ML model to pay the attention on the 

required values. image and allows the model to draw attention to these 

values. This gives the higher precision for the process of classification and 

saves the resources.  The attention module again consists of two other 

modules those are called channel attention module and spatial attention 

module. And the blocks of residuals on the other side makes the gradients 

that optimized the weights and makes the optimization smoother. It helps us 

to extract the important features from the MR brain image using hyper 

column approach. The general model of the proposed architecture and the 

preferred hyper parameter values are shown in Fig. 5. 
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3.1 Convolution and Dense block 
 

In convolution and dense blocks, we have the layers by means of the 

blocks, every layer used to select the required features in the process of 

tonsured processed as input. In the process of Batch normalization, we 

performed after the convolution and dense layer. For the convolution and for 

the Dense blocks already we included in the model. The activation function 

called Rectified Linear Unit (ReLU) we used in the hidden layers. By 

accepting the values as the data inputs the ReLu will generates it between the 

value and zero. It does this according to (𝑥) = 𝑚𝑎𝑥 (0,X) equation. The 

process of batch normalization is for normalizing the  each input value in the 

time value of the mini-batch process. That is good and it can helps to 

improve the speed of training the model which is very important in real time 

models at the same time it helps to improve the performance of the proposed 

architecture. 

 

3.2 CBAM Module 
 

The CBAM is a convolutional network module which is a forward-feed 

to the model.  the features are extracted from the MR images are examine 

using two modules hear.  the CBAM module consists of other two modules 

by using these modules we mentioned the channel attention module and 

maps the activation function. actually, this module is useful for directing the 

model to regions which are important and maps the features. And also, the 

channel module in the model compresses the values of the features which are 

extracted at the time of image process in hyper column approach. Then this 

model used as efficient and spatial module used efficiently. the spatial 

module is used to obtain image extraction information about the extracted 

features by using max and pooling layers. The two pool outputs average and 

maximum pool outputs. Another module which is spatial module uses an 

output pool which is very similar to the channel module and then we transfer 

the values to the convolution layer. The network which having the combined 

features consists of a classifier called MLP with one hidden layer the 

combined features consist MLP classifier go through the classification 

process. For the channel axis we have to apply the average and max pooling 

operations because to calculate the spatial attention module related 

operations. The average and max process are combined to form an effective 

feature identifier .the results are applied to CAM and SAM which focus on 

important areas. All these blocks provide and contribute performance by 

creating more important features. The general model of the two blocks in the 

CBAM block consisting of CAM and SAM modules are shown in Fig. 6 
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              Figure 6. General Structure of CBAM. 

 

3.3 Residual Block 
 

In the proposed model the residual blocks are feed the layers and the 

successive layers and those are directly feed the layers at two are three 

layers. and also, these block combines the layers two to three moves away by 

providing other processing to the starting layer. Actually, in the traditional 

deep learning models we usually perform the transfer knowledge without 

skipping from the layers where we are performing the convolution and fully 

linked layers. If we increase the depth of the model and the network the 

desent problems arise in the optimization methods. To overcome this 

problem to we added residual blocks in the proposed model. 

 

3.4 Hypercolumn Technique 
 

The hyper-column technique is to maintain the activation maps sequence 

for each pixel from the device of image extraction all these are formed like 

an array. The purpose of this hyper column is to retrieve spatial locations 

information of the features from previous layers and also to select the 

appropriate features. Generally, the features are transferred to the output of 

the last layer. The technique used to keeps the image pixel proposed in the 

model in the structure of an array until the model training was finished so 

gradually we increase the accuracy of the model. 
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4 Experimental Results 
 

The proposed model was evaluated and analysed by using specificity, 

sensitivity, f-score and accuracy.   These values are calculated by using the 

confusion matrix. True positive, True negative, false positive, false negative. 

negative (TN), false positive (FP) and false negative (FN). 

 

Se. =𝑇𝑃/ 𝑇𝑃 + 𝐹𝑁                                        (4) 

Sp. = 𝑇𝑁/ (𝑇𝑁 + 𝐹𝑃)                            (5) 

Pre. = 𝑇𝑃/ (𝑇𝑃 + 𝐹𝑃)                                  (6) 

F-Scr. = 2𝑥𝑇𝑃 / 2𝑥𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁            (7) 

Acc. = 𝑇𝑃 + 𝑇𝑁/ 𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁     (8) 

 

 

 
 

 
                    Figure 7. . The confusion matrix and ROC curve of the  model. 

We used python 3.6 for compiling the model and used several python 

libraries. The tool used to compile the code was Jupyter Notebook.  

The code was compiled on Windows 10 OS and 64-bit operating system. The 

Hyper-Parameter values used in this model was shown in the Table 2. We used 

augmentation for the images and SoftMax function in the final layer. Because of 

the augmentation the number of images to train the model increases. We used 

70% for train the data and 30% for the test the data. Mini batch size was set to 16 

and the ADAM and SGDR for optimization. This setup was applied considering 

the hardware resources. 
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Table 2. Parameters used in the proposed architecture and their values. 

 

 

 

We used different minibatch sizes for two models because of using python in 

the proposed model the first experiment was done using MAT lab.The same data 

set is used for the AlexNet, GoogleNet and VGG-16 architectures the poposed 

model also tested by using the same dataset but the accuracy was increased to 

96% for the proposed model. For the proposed model specificity was 96.08% and 

accuracy was 96.05%. Proposed architecture performance analysis is shown in 

Table 3. 
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Table 3. Classification results of the experiment performed in this study

 

 

5 Conclusions 
 

The proposed model classifies the normal and abnormal brain tumor 

using MRI images. The prosed model classification accuracy is superior than 

the existing model used on the same dataset. The proposed model is different 

with existing by attention modules on  MR images In the final layer at each 

stage features are extracted and most important are transferred to the 

classification  process. Negative performance in the depth of model was 

minimized by using residual blocks. Using the hyper column techniques, the 

classification accuracy 96.05%. was obtained. This model will be useful to 

the tumor patients to find the brain tumor in advance. 
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