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Abstract.   Biomedicine is still attempting to overcome one of the profession's most 

pressing problems: detecting brain tumors. Early detection of brain cancer is possible 

with advanced technology or instruments. Classifying brain cancer types utilizing patent 

brain images allows for automation in automated operations. Furthermore, the proposed 

new method is used to distinguish between brain tumors and other brain illnesses. To 

distinguish the cancer from the other parts of the brain, the input image is first pre-

processed. Following that, the images are separated into different hues and levels before 

being processed using the Grey Level Co-Occurrence and SURF extraction methods to 

reveal crucial information in the photos. Genetic optimization reduces the size of the 

retrieved attributes. An advanced learning technique is utilized to train and validate 

tumor categorization based on cut-down characteristics. The technique's accuracy, error, 

sensitivity, and specificity are all compared to the present method. The approach has a 

90%+ accuracy rate, with less than 2% inaccuracy for all types of cancer. Finally, the 

specificity and sensitivity are greater than 89% and 91%, respectively. Genetic 

algorithms are more efficient because the methods used are more accurate and 

specialized than the other ways. 

Keywords: Genetic optimization, MRI, GLCM, brain tumor, SURF, advanced machine 
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1 INTRODUCTION 

Central Nervous System (CNS) has a brain and spinal column. All the energetic 
functions such as thought, speech, vision, respiration, and movement of the body are 
controlled by CNS. When the abnormal cells grow in the CNS it can affect the 
person’s thought and movement of the body. The spinal cord extends from the base of 
the brain to the lower back. Massages exchange to and from the brain to the rest of the 
body along the spine. The brain contains 50-100 billion neurons, many cells. Each 
cell in the brain performs specific functions. Because the brain is protected by the 
skull, it is extremely tedious to diagnose a brain tumor in its early stages, and the 
brain tumor exhibits no specific clinical signs. Generally, brain tumors are detected 
based on three symptoms [1]. The initial signs and symptoms are headache, vomiting, 
and altered consciousness brought on by an increase in intracranial pressure. [2-4]. 
The second indicator of brain malfunction is a shift in the affected person's 
personality or feelings.  The final symptom is irritability, which includes absences. 
Seizures or exhaustion may also be seen. However, these symptoms alone are not 
sufficient to confirm brain tumor. Therefore, diagnosis of brain tumor is mainly based 
on imaging techniques. Based on origin, location, size of the tumor and biological 
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characteristics the brain tumors are classified. The early detection of brain cancer is 
one of the crucial issues. The World Health Organization (WHO) has classified brain 
tumors into 120 different categories, ranging from grade I to grade IV [5]. Based on 
the grade level the doctor can give the treatment to save the life of the patient [6]. In 
general, brain tumors are classified as primary or secondary. The original brain tumor 
originated in the brain. Initially brain tumors are classified as benign or malignant 
according to its spread. A benign tumor develops in the brain and does not spread to 
other parts of the body. This type of tumor is also called a non-cancerous tumor. 
Malignant brain tumors, also known as brain cancer, are aggressive tumors that 
invade surrounding tissues and may spread to other parts of the brain or spinal cord. 
Benign brain tumors are easier to cure than malignant brain tumors because 
extracellular development occurs only on the brain's perimeter. Benign brain tumor is 
treated through surgery it does not require Radiotherapy and Chemotherapy. 
Chemotherapy and radiation therapy are needed to treat a malignant brain tumor since 
the tumor develops quickly even after surgery and there is a probability it will return. 
The following sections explain the different detection methods for treating brain 
tumors, hybrid algorithm for detection of tumor in the brain.  

2 RELATED WORKS 

This section gives an overview of medical image analysis with respect to brain 
tumors. Medical technology uses various techniques for diagnosing cancer tissues in a 
human anatomy. Surgeons diagnose cancer cells based on family history and 
diagnostic reports from physical examinations such as MRI, biopsy, brain angiogram, 
computed axial tomography, magnetic resonance angiography, and 
electroencephalogram. Early discovery of a tumor improves the patient's survival rate 
[7]. To attain a proper prediction the analyzing of brain image is essential. By using 
efficient segmentation techniques, the brain image is analyzed, and doctors can plan 
the treatment. Radiologists need to spend a lot of time and effort segmenting tumors. 
Currently surgeons are using advanced noninvasive imaging techniques for analyzing 
cancer tissues.  MRI (Magnetic Resonance Imaging) is one of the primary imaging 
modalities used for the detection, characterization, and monitoring of brain tumors but 
single MRI scan does not provide sufficient information for categorizing and 
segmenting the tissues for tumor identification, hence several MRI sequences are 
required. [8]. Many image segmentation methods are used to analyze the image easier. 
Watershed segmentation, edge detection, threshold level, intensity, and Markov 
Random model are a few segmentation techniques [9]. Now a days the brain 
aberrations are detected using Computer Aided Diagnosis (CAD) [10-16]. Using 
K-means clustering algorithm the location of tumor is detected from CAD [17]. They 
found this method avoids the misclustered region which is formed in MRI imaging 
technique. But this method gives dissimilar results for different clusters. Computer 
Aided Diagnostics scheme is developed from MRI technique for detecting brain 
tumor [18]. The active contour model improves the performance of CAD for 
investigating tumor location. Several techniques were utilized for segmentation, 
including Fuzzy Clustering using Level Set Method and Distance Regularized Level 
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Set Evolution for Medical Image Segmentation. [19]. The semi-automatic method 
was presented in [20] for analyzing dead cells in the brain. This technique involves 
user interaction and software steps. The surgeon needs a few input parameters and 
visualizes the data. This method is computationally effective to segment the brain 
tumor. In [21], structural MRI is offered as a method for detecting brain structure and 
investigating brain cell proliferation. Deep learning techniques like CNN can be used 
to extract features from image. The research paper [22] proposed a deep 
learning-based summary of brain tumor detection and cascaded architecture. Deep 
learning-based segmentation was proposed in [23]. In this paper they used supervised 
learning for detection of brain tumor. To get accuracy of result they need large amount 
of data. Hybrid abnormality detection algorithm was proposed in [24] which is used 
to find the dysfunction cells from MRI imaging using CAD. Authors in [25] presented 
the classification of images from MRI using self-organizing map artificial neural 
networks. The images are extracted after applying preprocessing like histogram 
equalization, filtering and edge detection.  

3 METHODOLOGY 

3.1 Dataset and Method 

The identification of brain tumors directly improves the survival rate. A hybrid 
strategy based on deep learning and genetic algorithms is presented to address this 
issue. The suggested method's performance is confirmed with publicly available 
datasets from Brain Tumor Segmentation [26] and open access Series of Imaging 
Studies [27]. Each data set is composed of 985 MR images. These MR images are 
collected from 255 patients. These two data sets have images captured from various 
angles of the skull. By using modified deep learning and genetic algorithm the 
network is trained based on the MR images too their angles. In this proposed method 
out of 1970 images 394 images are used for validation and rest of the images used for 
the test purpose. Figure 1 shows the sample data sets for detecting brain tumor using 
Genetic algorithm and deep learning. 

 
Fig. 1. Sample Dataset 

3.2 Image Pre-processing 

Image preprocessing is a fundamental step in image analysis pipelines, involving the 
manipulation and enhancement of raw image data to improve its quality, 
interpretability, and suitability for subsequent analysis tasks. In the context of medical 
imaging, such as MRI or CT scans, preprocessing plays a crucial role in ensuring 
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accurate and reliable results in tasks like tumor detection, segmentation, and 
classification. Figure 2 shows the methodology of the proposed work. It was observed 
that few MRI images in dataset are not clear due to presence of noise and low 
intensity. Brightness plays a vital role for analyzing an image to detect disease. 
Contrast level is an important property of an object that is used to separate another 
object from image.  

 

Fig 2. Methodology of Brain Tumor Detection 
The mathematical expression for automatic brightness and contrast adjustment using 
power law transmission is given by expression (1) and (2). 

 𝑠 𝑥1, 𝑦1( ) = 𝑟 𝑥1, 𝑦1( ) + 𝑘

             

where s and r represent grey colour levels of the pixels respectively in the input and 
output images and k is a constant. To get better quality of image the sample data 
should be pre-processed through filtering and segmentation. The main objective of 
this method is to enhance image quality so that the surgeon can figure out the tumor's 
location and grade. To improve the accuracy of the image the sample data should be 

resized by The resized ima
After analyzing different filtering techniq
in image pre-processing which is used t
property of image. To separate the dysf
the background the noise free image is ap

3.3 Extraction of Feature 

This method is used to find the clinical features of tumor based on two aspects namely 
colour and texture. The colour variation directly reflects the grade level of the tumor. 
A group of colour variations of different grade levels of brain tumor is shown in 
Figure 3. The degree of colour variation is mainly focused on from grade level I to IV. 
Through quantitative analyses the first, second, third and fourth order of different 
colour variations is due to variation of hue and saturation level. Based on colour 
variation the image intensities t1, t2, tlc and flair are calculated.  Therefore, the 

                                      (1) 

                                    (2) 

ge is sent to the filter for removing the noise. 
ues, the median filter plays an important role 
o remove the noise and without altering the 
unction cell or abnormal functions cell from 
plied to the clustering algorithm. 



        

                                                                 

                                          

  793Brain Tumor Detection in Magnetic Resonance Images   

irst-grade level and second 
an be obtained from equation (3) 

grade level of Hue and Sat

                             

                                        

 

Fig. 3. Grading of Brain Tumor 

3.4 Texture Feature Extraction 

Apart from colour features the extraction of texture feature is also important for 
analyzing the images. Extraction of texture is obtained from integrating Gray Level 
Co-occurrence Matrix (GLCM) [28] and Speeded Up Robust Feature (SURF) [29]. 
The integrated algorithms are used to reduce the number of overlapping features. This 
method produces more accurate results compared to other texture extraction 
algorithms. This integrated algorithm detects all the matching features between the 
with and without brain tumor images. The Speed up robust feature extraction 
algorithm uses image convolution to find out the matching points between two 
images. This algorithm first calculates the surf using Haar Wavelet matrix. The 
orientation between the images is obtained from circular region around the key points 
which is calculated from H matrix. The GLCM algorithm is used to find out image 
angles and pixel distances. Using GLCM algorithm the main four texture features like 
distance, direction and gray values. Totally there are 161 features in this proposed 
work mainly concentrate on tumor shape.   

f uration components 
c and (4) 

(3) 

(4) 
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                                 (5)

                      (6)

                  (7) 

         

3.5  Image Optimization using Genetic Algorithm 

The Advanced Machine Learning (AML) training model has a single hidden layer 
rather than several hidden layers. In contrast to the typical feed forward network 
training methodology, the hidden layer threshold value of hidden layer neurons and 
the connection weight between the input layer and the hidden layer are created at 
random. 

, 
as,  

Input, hidden and output l

Where is the weight v

is the weight 
layer 

denotes the netw
The performance of the training process is improved thro
input and hidden layers thresholds. By adjusting 
performance is optimized. The following steps to be
performance of the learning processes. 

ugh adjusting the weights of 
these values, the network 
 followed to optimize the 

Step I: Set the number of hidden layers. 
Step II: Set and Initialize weights matrix of input and hidden layer.  

 

 

                 (8) 

ayer neurons are represented by p, q and respectively. 

are the excitation function The training model of ALM can be expressed 

                        (9) 

ector of input and hidden 
layer 

vector of output and hidden 

ork output value. 
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Step III: Fit the object function using samples and apply heuristic search based on 
empirical principles to determine the next comparison point. To achieve crossover, 
determine the output error of the ALM using derivative-free optimization [30]. 
Step IV: Check to see if the maximum number of repetitions has been achieved and if 
there is no better alternative for subsequent samples. 
Step V: Stop the algorithm. 

4 Result and Discussion 

This section addresses the type of tumor, its location, grade level, as well as the 
sensitivity and specificity of the ALM-analyzed tumors.  

4.1 Analyzing Accuracy and Error 

ges from 1970 are utilized to determine the tumor grad
ulation. Based on the hue, saturation, and value (HSV) co
l the tumor is identified and with the help of integrate

CM) texture features are also identified.  This texture feat

erent direction . This integrate
 in all the four directions and compared it with 394 val

 
 

 

Fig. 4. Average Recognition Error 

Ima e and location during 
sim lour feature the grade 
leve d algorithm (SURF + 
GL ure will produce four 

diff d algorithm observes 
data idation data. The two 
colour and four texture features are combined to form a vector feature and used to 
identify the exact location and level of the tumor. Type of disease identification from 
different samples using different algorithms is compared. The proposed hybrid 
learning technique provides better performance compared to other algorithms. Figures 
4 and 5 show the comparison result with respect to error and accuracy for each 
disease using different learning algorithms. 
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Fig. 5. Average Recognition Accuracy 

4.2 Performance Analysis of Tumor Size 

Figure 6 depicts the performance comparison of the proposed ALM method with the 
existing algorithm such as improved ELM, RF and SVM. The performance analysis 
of the proposed algorithm is high compared to existing algorithms. The performance 
analysis of Meningioma, Glioma and Pituitary tumor are 0.78, 0.59 and 0.49 
respectively for the proposed ALM module.  

 

Fig. 6. Performance Analysis of Tumor size 
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4.3 Sensitivity 

Figure 7 depicts sensitivity comparisons for the proposed ALM training module. The 
sensitivity of the proposed model is high for all the three brain tumors compared to 
the existing training modules. The sensitivity for Meningioma type of brain tumor is 
0.68, Glioma is 0.59 and for Pituitary type of brain tumor is 0.44. 

   
Fig. 7. Sensitivity 

4.4  Specificity 

The specificity of the proposed ALM training method is 0.96 for Meningioma type of 
tumor. The specificity for Meningioma and Pituitary type of tumor is same for 
improved ELM method is same for type of tumors. The proposed method has a higher 
specificity than the previous methods. 
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Fig. 8. Specificity 

5 CONCLUSION 

Detecting tumors in MRI images is a crucial task in medical diagnostics, with 
significant implications for patient care and treatment planning. Through 
advancements in imaging technology and machine learning algorithms, significant 
progress has been made in automating tumor detection processes, aiding radiologists 
in accurate diagnosis and early intervention. The use of deep learning techniques, 
notably convolutional neural networks (CNNs) and pre-trained models, have shown 
extraordinary performance in tumor diagnosis from MRI scans. These models can 
learn complicated patterns and features from enormous datasets, allowing them to 
distinguish between healthy tissue and tumor regions with great precision. An 
automatic technique for identifying brain tumors from MRI pictures is presented in 
this study. Image angles and pixel distances are calculated using the Integrated Grey 
Level Co-occurrence Matrix (GLCM) and Speeded up Robust Feature (SURF) 
techniques. Also, using the GLCM algorithm. The main four texture features like 
distance, direction, grade levels and gray values can be calculated. Using Advanced 
Learning Method (ALM), Genetic Algorithm and optimization technique type of 
brain tumor diseases, grade level of the tumor and location of the tumor are obtained. 
The simulation results show that the sensitivity and specificity of the tumors is more 
in the proposed method compared to the existing techniques. 
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        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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