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Abstract 
The brain, vital for body function, can be afflicted by tumours, potentially leading to death 

or uncontrolled growth, and metastases if left untreated. Hence, automated classification 

of brain tumour types is crucial for faster treatment, better planning, and patient survival, 

as manual diagnosis of brain tumour types heavily relies on the expertise and sensitivity 

of radiologists. Thus, this paper evaluates the performance of Gabor filter, Gray Level 

Co-occurrence Matrix (GLCM), and Discrete Wavelet Transform (DWT) in identifying 

normal and abnormal brain tumours using four categories of brain MRI tumours from the 

Kaggle database. The performance analysis focuses on binary classification to determine 

the efficacy of each feature extraction method. The study found that Gabor features had 

a False Positive Rate (FPR) of 7.61%, False Negative Rate (FNR) of 8.57%, sensitivity 

of 91.43%, precision of 81.36%, and accuracy of 92.13% at 985.34 seconds. GLCM 

features had an FPR of 9.69%, FNR of 9.52%, sensitivity of 90.48%, precision of 77.24%, 

and accuracy of 90.36% at 364.74 seconds. DWT features had an FPR of 11.42%, FNR 

of 11.43%, sensitivity of 88.57%, precision of 73.81%, and accuracy of 88.58% at 275.53 

seconds. The GLCM yielded most efficient feature extractor, which can serve as a useful 

technique and second reader to radiologists in diagnosing a brain tumour to reduce the 

mortality rate.  
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Introduction 
Brain tumours are a type of illness that 

originates within the brain when irregular 

cells undergo uncontrolled and unrestricted 

growth, disregarding the usual regulations of 

cell division. This unchecked proliferation of 

abnormal cells can lead to their expansion 

both within and beyond the brain structure, 

potentially resulting in a life-threatening 
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condition if left untreated, eventually leading to the formation of metastases (Kaifi, 2023). 

Brain tumours represent a significant cause of mortality among teenagers and adults on a global scale 

(Yamasaki, 2022). However, advancements in diagnostic capabilities and the effectiveness of treatments 

have led to a reduction in mortality rates Sung et al. (2021). Despite this progress, there is still much 

work to be done to address the ongoing challenges associated with cancer. 

Brain tumours are categorised into two primary types: primary and metastatic tumors. Primary 

tumours originate within the brain itself and include various subtypes such as meningioma, 

glioma, pituitary tumours, astrocytoma, acoustic neuroma, medulloblastoma, and others. On 

the other hand, metastatic tumours commence outside the brain and rapidly spread to the brain 

from other parts of the body. Examples of metastatic tumours encompass those originating 

from breast cancer, cervical cancer, skin cancer, lung cancer, womb cancer, and ovarian 

cancer. These tumors can cause significant damage to the brain and can be difficult to treat. 

Metastatic brain tumours are more common than primary brain tumours, and the treatment 

approach depends on the type of tissue from which the original tumour originated (Balestrino 

et al., 2020). Therefore, detecting brain tumours quickly is crucial and paves the way for 

further investigation.  

Magnetic Resonance Imaging (MRI) serves as the initial diagnostic step for detecting brain 

tumours and precisely pinpointing their location, creating computerised images of the brain 

and spinal cord, which is commonly referred to as a scan or imaging modality. MRI is an 

essential tool for accurate diagnosis, treatment planning, and disease monitoring, offering 

detailed information on brain anatomy, cellular structure, and vascular supply. While an MRI 

image of a brain tumour may appear relatively straightforward, physicians often require 

quantitative data on the tumour's size and extent for further treatment decisions. In such cases, 

computer-based image processing techniques prove invaluable in analysing the tumour's 

dimensions (Abdusalomov et al., 2023).  

 

Related Work  

Numerous techniques for extracting textural features have been suggested to identify, segment, 

and categorize brain tumours using MRI across different tissues, some of which are examined 

in this investigation. Harati et al. (2011) devised a computer-assisted classification approach 

merging conventional MRI with perfusion MRI across various diagnoses. Their method 

extracted features such as tumour shape, intensity characteristics, and rotation-invariant 

texture features. Through leave-one-out cross-validation on 102 brain tumours, the binary 

SVM classification yielded accuracy, sensitivity, and specificity rates of 87%, 89%, and 79%, 

respectively, for discriminating metastases from gliomas and 87%, 83%, and 96%, 

respectively, for discriminating high-grade from low-grade neoplasms. These findings 

underscore the efficacy of their approach in accurately discerning between different types and 

grades of brain tumours.   

Zanaty (2012) introduced a hybrid approach that integrates fuzzy clustering, seed region 

growing, and Jaccard similarity coefficient algorithms to quantify gray matter (GM) and white 

matter (WM) volumes from MRI scans. This method uses both intensity data and anatomical 

data to divide MRIs into different tissues, noise, and differences in intensity that come from 
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fake brain images. Being able to get an average segmentation score of 90% at noise levels of 

3% and 9% shows that this method is more reliable at separating areas, especially when 

medical imaging data has a low signal-to-noise ratio.  

Biratu et al. (2021) employed a dataset comprising meningioma, glioma, and pituitary brain 

tumor types captured in axial, sagittal, and coronal anatomical views. Preprocessing involved 

normalization and resizing of the images, which were augmented by 90 rotations and vertical 

flipping to expand the training dataset. They developed a custom CNN model trained using an 

Adam optimizer with a mini-batch size of 16 and validated using 10-fold cross-validation. The 

convolution layer weights were initialised using a Glorot initializer. Evaluation metrics 

included sensitivity, specificity, accuracy, precision, recall, and the F1-score. The achieved 

sensitivities for meningioma, glioma, and pituitary were 89.8%, respectively, indicating the 

CNN model's high accuracy in classifying brain tumour types.  

Wisaeng and Sa-Ngiamvibool (2023) introduce a novel technique for brain tumour 

segmentation called fuzzy Otsu thresholding morphology (FOTM). Their approach involves 

modifying original MRI image histograms using a colour normalising preprocessing technique 

along with histogram specification. Results show that for gliomas, meningiomas, and pituitary 

tumours, the average accuracy indices are 93.77%, 94.32%, and 94.37%, respectively. These 

findings suggest that combining the preprocessing method with histogram specification can 

substantially enhance the accuracy of tumour classification.   

Deepa et al. (2023) employed a novel hybrid optimisation approach to segment and classify 

brain tumors. They utilised CNN features for enhanced categorization. The proposed 

approach, called the Chronological Jaya Honey Badger Algorithm (CJHBA), trained a Deep 

Residual Network (DRN) using the Jaya algorithm, the Honey Badger Algorithm (HBA), and 

a chronological concept. This trained network was then used for classification, with the 

extracted features serving as input. The performance was evaluated using the BRATS 2018 

and Figshare datasets, with the BRATS dataset achieving the highest accuracy, sensitivity, and 

specificity scores of 0.9210, 0.9313, and 0.9284, respectively.  

Despite the extensive research efforts in the field of brain tumour detection and classification, 

ongoing studies persist due to the intricate structure of human brain tissues. The complexity 

of this structure, coupled with the time-consuming nature of existing algorithms, continues to 

pose significant challenges for researchers in this domain. Thus, researchers remain dedicated 

to finding innovative solutions that will revolutionise the field of brain tumour detection and 

classification. Each method comes with its own set of advantages and constraints, and their 

effectiveness may vary based on the brain tumour's type and location. So, the goal of this study 

is to see how well the Gabor filter, the Gray Level Co-occurrence Matrix (GLCM), and the 

Discrete Wavelet Transform (DWT) can tell the difference between brain tumours that are 

normal and ones that are not.  

 

Materials and Methods  

The brain MRI image datasets used in this study were acquired from the Kaggle website. The 

acquired brain MRI images were preprocessed as reported by Arulogun et al. (2016) with little 

modification. The brain MRI images underwent preprocessing to remove noise and unwanted 
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elements. Contrast Limited Adaptive Histogram Equalisation (CLAHE) was applied for 

normalisation, ensuring a consistent representation of the images. Fuzzy C-means clustering 

was then utilised for segmentation. The segmented images were extracted using Gabor filters, 

GLCM, and DWT. Each of the extracted features were normalised using the min-max 

technique. The normalised feature was fused and combined using a modified CSO. Finally, 

classification was done by applying SVM to normal or abnormal classification. The evaluated 

results are based on four (4) categories of brain MRI images, gliomas, meningiomas, non-

tumorous regions, and pituitaries. The workflow is shown in Figure 1.  

 

Image acquisition  

This phase involves the acquisition of MRI images from the Kaggle website. The dataset 

comprises 394 MR images categorized into four classes. There are 100 MR images of gliomas, 

115 of meningiomas, 105 of non-tumorous regions, and 74 of pituitaries. Due to this initial 

imbalance, we employed a data augmentation method to rectify it. In Figure 2, a selection of 

MRI samples from the dataset is depicted, showcasing examples from each class.  

 

 
Figure1: The diagram illustrating the methodology and workflow   
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Figure 2.  Acquired images of brain tumour from Kaggle data base  

 

Image preprocessing  

The acquired images underwent various preprocessing techniques, including resizing to 

uniform pixel dimensions and conversion to grayscale. Moreover, due to factors such as faulty 

switching and environmental conditions, impulse noise often affects a significant portion of 

MRI images. Therefore, noise filtering was applied. Filtering in image processing serves the 

primary purpose of achieving interpolation, noise reduction, and resampling. In this study, a 

combination of mean and median filters with different pixel values was employed to remove 

noise from MRI images. The median filter, specifically, was utilised to preserve image details 

at the edges while eliminating noise. This process involves scanning the images pixel by pixel 

and replacing each with the median value of its neighbouring pixels.   

To address both intra-scan and inter-scan variations in MR image intensity, normalisation is 

essential following the identification of slices containing tumours. This normalisation process 

is crucial for enabling quantitative texture analysis. In this study, the histogram normalisation 

technique was utilised prior to conducting quantitative texture analysis. This method involves 

stretching and shifting the original image histogram to encompass all grayscale levels present 

in the image. It is defined as shown in Equation 1.  

 

       (1)  

 

where ℎ(𝑥, 𝑦) represents the original histogram of the initial image, 𝑓(𝑥, 𝑦) denotes the new 

histogram, and ℎ𝑚𝑖𝑛 and ℎ𝑚𝑎𝑥 stand for the smallest and largest grayscale levels, respectively.  

𝐼𝑚𝑖𝑛 and 𝐼𝑚𝑎𝑥 represent the new minimum and maximum intensity levels, respectively.   

 

 Image resized and converted to a grey-level image  

The MRI scans obtained from the Kaggle database were stored in a database and subsequently 

converted into grayscale images with dimensions of 200 by 200. It is worth noting that the 

MRI scan images were originally considered to be colour intensity images with dimensions of 

250 by 250, as depicted in Figure 3.  

                 

Non tumour             pituitary tumour        glioma tumour          mengioma tumour 
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Figure 3: Pre-processing of the MRI brain tumour images: image 1 non tumour, image 2 

Gliomas tumour, image 3 menigiomas tumour, image 4 pituatry tumour  

  

Fuzzy C-Means (FCM) for Segmentation  

The pre-treated images underwent segmentation using fuzzy C-means (FCM), a process that 

assigns labels to individual voxels in MRI images to denote their tissue characteristics and 

anatomical features. In tumour classification, the primary aim of region of interest (ROI) 

detection is to pinpoint the tumour area within an MRI scan, enhancing visualisation and 

enabling quantitative analysis of image structures during feature extraction. The algorithm 

outlined below illustrates the sequential steps involved in FCM image segmentation. Set the 

starting points for the cluster centers 𝑐𝑖 and t = 0.  

1. Initialize the fuzzy partition memberships functions 𝜇𝑖𝑗 according to equation (2)  

             (2)    

2. Le𝑡 = 𝑡 + 1 and compute new cluster centres 𝑐𝑖using equation (3).  

                   (3) 

   

3. Repeat Steps 2 to 3 until convergence is noticed.  
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Feature Extraction   

In this context, Gabor filters, GLCM, and DWT were utilised for this purpose. The extracted 

features from these techniques were combined to enhance the machine learning model's ability 

to distinguish between different classes. These features comprise statistical information about 

the detected brain tumour image, resulting in a set of six-value features.   

 

Feature extraction using Gabor filter  

The Gabor filter is primarily designed to be sensitive to the orientation of features in an image, 

responding strongly to specific frequencies and directions (Ismaila et al., 2018). ). In this study, 

the 2D Gabor filter, denoted as 𝐻(𝑥, 𝑦, 𝜎𝑥, 𝜎𝑦, 𝑓, 𝜃) was applied to the detected tumour image 

to produce a Gabor-filtered image 𝑓(𝑥, 𝑦). This filter breaks down the image into various scales 

(𝛿) and orientations ( ), effectively capturing spatial location, frequency, and orientation 

selectivity. The Gabor-filtered image is computed using Equations 4 and 5, as described below.  

   (4)  

 

where  

  (5)  

𝜎𝑥= complete basis, and  = non-orthogonal basis of the Gabor filter.  

 

In the decomposition of the detected tumour part; five orientations in [0, π]; 𝜃 = 

 with single scale =1 was used. This process resulted in the creation 

of five filters, each of size 5x1=5. These filters were used to generate five filtered images by 

concatenating each filter with the input image. Subsequently, 4x4 blocks were considered 

within each of the five filtered images, resulting in the creation of a column vector containing 

a total of 1x5x4x4 = 80 components from the input MRI image. This column vector was then 

normalised to have a zero mean and unit variance. Finally, this normalised column vector was 

utilised as an input for the normalisation module. 3.5.2. Feature extraction using DWT  

The discrete wavelet transform (DWT) offers an effective method for feature extraction by 

conducting multi-level decompositions of the image. In this study, a three-level 2-D DWT 

decomposition was employed to reduce the size of the image matrix, utilising the 

"Daubechies" filter. Each row of the image first received the wavelet transform treatment, and 

then each column of the final image from the first step received a similar treatment. The final 

sub-bands, namely LL3, LH3, HL3, and HH3, resulting from this process, were utilised for 

extracting statistical features. The approximation coefficient (LL), which contains the 

maximum information of the image, was extracted until the final round of decomposition 

(LL3) in the same manner as that of the original image. The output of the 2-D DWT technique 

was converted to a feature vector to become input to the normalization modules.  
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Feature extraction using Gary Level co-occurrence matrix (GLCM)  

In this research, six textural characteristics were utilised, including angular second moment 

(energy), correlation, contrast, homogeneity, sum of the average (mean), and standard 

deviation. The Grey-Level Co-occurrence Matrix (GLCM) was computed for the four 

directions surrounding the pixel under examination. A sliding window of size 8 x 8 was used 

to facilitate the calculation of co-occurrence and the extraction of textural features. The six 

textural features from the cooccurrence matrices were analysed in four directions (0°, 45°, 90°, 

and 135°) with a distance of one (d = 1). Each sliding window produced 24 texture feature sets 

(4 directions x 1 distance x 6 texture features) computed from the GLCM. Additionally, six 

statistical features were computed using Equations 6 to 11.   

1. Mean (M): The mean of an image is determined by summing up all the pixel values 

within the image and then dividing this sum by the total number of pixels in the image.  

                                                        (6)  

2. Standard Deviation (SD): The standard deviation, which is the second central 

moment, describes the probability distribution of an observed population and is 

defined as;   

             (7)  

3. Energy (En): Energy refers to the measurable level of pixel pair repetitions within an 

image, serving as a metric for gauging image similarity. Similar to the angular second 

moment, energy is defined as;  

𝐸𝑛𝑒𝑟𝑔𝑦 = ∑𝑖, (𝑖, 𝑗)2                (8)  

4. Contrast: Contrast quantifies the intensity difference between a pixel and its 

neighboring pixels across the entire image, and it is defined as;  

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑𝑖,|𝑖 − 𝑗|2 𝑝(𝑖, 𝑗)              (9)  

5. Homogeneity: Homogeneity assesses how closely distributed elements in the image 

cooccurrence matrix are to its diagonal elements. A higher value signifies a superior 

intensity level and enhanced contrast of the image edges. It is defined as;  

                                                         (10)  

6. Correlation: Correlation quantifies the extent to which the intensity values of a pixel 

are linearly related to those of its neighbouring pixels. It offers data regarding the level 

of linearity present in the image.  

          (11)  

 

Classification using Support Vector Machine (SVM)   

SVM was adopted to classified the features that were extracted using Gabor filter, GLCM, and 

DWT techniques. A multiple binary classification problem was explored to achieve a 

multiclass classification for the four classes. Textural brain MRI features were classified into 

normal (no tumour) and abnormal. SVM classification predictions for the best hyperplane with 

the maximum margin was achieved using Equation 12.  
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 (𝑥) = 𝑤𝑇𝑥 + 𝑤0 = 0                  (12)  

where  represents the feature descriptor, while  and 𝑤0 represent unknown parameters 

obtained from training samples {(𝑥𝑖, 𝑦𝑖)|1 ≤ 𝑖 ≤ 𝑁} (xi, yi),  

where 𝑥𝑖 and 𝑦𝑖denote the feature descriptor and the corresponding class label, respectively, 

with 𝑦𝑖 belonging to either +1+1 or −1−1. The process involves solving an optimization 

problem rooted in big margin theory. After computing the best hyperplane, Equation 13 was 

used to classified a test sample x.  

               (13)    

In this equation,   represents Lagrange multipliers, and 𝑁𝑠 denotes the number of support 

vectors, which are the training samples corresponding to non-zero 𝜆𝑖. The Kernel technique is 

applied when data samples from two classes cannot be separated linearly. The function g(x) is 

expressed as Equation 14 using a kernel function.  

 

            (14)  

 

In this context, (𝑥𝑖, 𝑥) represents the kernel function, which calculates the inner product of the 

data. The parameter C, defined by the user, is used to control the penalty for misclassifications 

in the higher-dimensional space. This penalty or error, influenced by the kernel, is adjusted by 

the user-defined parameter C. In this study, the Radial Basis Function (RBF) kernel was 

employed, as depicted in Equation 15, with C set to 2000.  

(𝑥𝑖, 𝑥) = exp(−𝛾‖𝑥𝑖 − 𝑥‖2) , 𝛾 > 0            (15)  

The width of the kernel function is the . The RBF kernel now has two parameters  and C.   

 

Performance Evaluation Measures  

The effectiveness of the analysed techniques was assessed by evaluating their recognition 

accuracy, False Positive Rate (FPR), False Negative Rate (FNR), precision, sensitivity, and 

computation time. These performance metrics were calculated using a confusion matrix, 

defined in Equations 16 to 20, which includes True Positive (TP), False Positive (FP), False 

Negative (FN), and True Negative (TN).  

                                (16)  

                      (17)  

                                                                                       (18)  

                                                                                       (19)  

                                                                             (20) 

 

where; TP represents the MR images correctly classified as brain tumours, TN represents the 

MR images correctly classified as the normal brain, FP represents the MR images of the 

normal brain classified as a tumour, and FN represents the MR images of brain tumours 

classified as normal.  
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Results and Discussion  

Feature Extraction Table for Normal/Abnormal of Brain Tumour Images  

The results in Table 1 show how well the Gabor Filter, GLCM, and DWT methods for feature 

extraction worked on images of both normal and abnormal brain tumours. Among the 394 

brain tumour images analysed, 105 were classified as normal, while the remaining 289 were 

deemed abnormal. For the Gabor Filter technique, 96 normal brain datasets were accurately 

identified as normal, while 9 datasets were misclassified as abnormal. Additionally, 267 

abnormal datasets were correctly classified, while 22 were incorrectly labelled as normal. 

Utilising the GLCM technique, 95 normal brain datasets were correctly classified, with 10 

misclassified as abnormal. Regarding abnormal datasets, 261 were accurately identified, while 

28 were incorrectly labelled as normal. In the case of the DWT technique, 93 normal brain 

datasets were correctly classified, while 12 were misclassified as abnormal. Furthermore, 256 

abnormal datasets were accurately identified, while 33 were misclassified as normal. Overall, 

the Gabor filter technique showed higher accuracy in classifying both normal and abnormal 

brain datasets compared to the GLCM and DWT techniques. It correctly identified a higher 

number of normal datasets as normal and abnormal datasets as abnormal, with fewer 

misclassifications.  

 

Table 1: Feature Extractions Table for Normal/Abnormal   

Technique Actual Class Predicted Class 

Normal  Abnormal  

Gabor Filter  Normal (105)  95  10  

 Abnormal (289)  28  261  

GLCM  Normal (105)  95  10  

 Abnormal (289)  28  261  

DWT  Normal (105)  93  12  

 Abnormal (289)  33  256  

  

Evaluation Results for Normal/Abnormal Feature Extraction  

Table 2 presents the results obtained by the Gabor Filter, GLCM, and DWT techniques 

concerning performance metrics for normal and abnormal brain images. The results obtainable 

in the table revealed that the Gabor features achieved an FPR of 7.61%, an FNR of 8.57%, a 

sensitivity of 91.43%, a precision of 81.36%, and an accuracy of 92.13% at 985.34 seconds. 

Also, GLCM features achieved an FPR of 9.69%, an FNR of 9.52%, a sensitivity of 90.48%, 

a precision of 77.24%, and an accuracy of 90.36% at 364.74 seconds. The DWT features 

achieved an FPR of 11.42%, an FNR of 11.43%, a sensitivity of 88.57%, a precision of 

73.81%, and an accuracy of 88.58% at 275.53 seconds.  

Based on Table 2, we can see that the GABOR filter, when compared to GLCM features, 

increased the normal/abnormal scheme FPR and FNR by 0.95 and 2.08 percent, respectively. 

It also increased the sensitivity, precision, and classification accuracy by 0.95 percent, 4.12 

percent, and 1.7 percent, respectively. GLCM features also had better normal/abnormal 

classification sensitivity (1.96%), precision (3.43%), and accuracy (1.78%) compared to DWT 
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features. They also had lower rates of false positives and false negatives (1.73% and 1.9%, 

respectively). For the normal/abnormal scheme, Gabor Filter features outperformed DWT by 

a factor of 2.86, 7.55, and 3.55, respectively, while reducing the false positive rate (FPR) and 

false negative rate (FNR) by 3.81% and 2.83%, respectively. The Gabor Filter features 

improved the performance of the normal/abnormal scheme significantly. Additionally, the 

relatively low FPR and FNR values indicate that Gabor features have a high level of accuracy 

in distinguishing between normal and abnormal brain images.  

  

Table 2: Performance features of GABOR Filter, GLCM and DWT  

Technique  FPR  FNR  Sensitivity  Precision  Accuracy  Computation (s)  

GABOR  7.61%  8.57%  91.43%  81.36%  92.13%  985.34  

GLCM  9.69%  9.52%  90.48%  77.24%  90.36%  364.74  

DWT  11.42%  11.43%  88.57%  73.81%  88.58%  275.53  

   

It is inferred from the result achieved in this study that the Gabor filter has the highest 

computation time, followed by GLCM, while the DWT technique has the least computation 

time. With respect to computation time, DWT outperformed both Gabor and GLCM 

techniques, as shown in Figure 4. The findings of this study provide further evidence to support 

the claims made by Yılmaz and Bayrak (2019) and Mahmoud et al. (2008) regarding the 

superior computational efficiency of the DWT technique. These results highlight the potential 

of DWT for use in real-time applications where fast processing is crucial.  In terms of 

processing speed, DWT is the most efficient and least computationally expensive of the three. 

Furthermore, the high computational time of Gabor features is due to the more inherent 

features in both the training and testing sets. This is in line with the submission of Raheja et 

al. (2013), who reported that the Gabor filter approach is computationally expensive.   

Moreover, the results obtainable from Table 4.2 revealed that with Gabor features, there are 

minimal false positives and false negatives compared to GLCM and DWT features. This 

implies that there is minimal misclassification of the MRI brain dataset with the Gabor 

features. Hence, with reduced FPR and FNR from Gabor features, a more accurate brain 

tumour detection system can be achieved. This supported what Shanthi and Karthikeyan 

(2016) said, that the Gabor filter can cut down on false positives and negatives because it is 

good at using high-performance texture analysis for spatial frequency analysis in the extraction 

of MRI image features. The reduction in false positives and false negatives achieved by using 

Gabor features in brain tumour detection is crucial for improving the overall accuracy of the 

system. By accurately identifying and classifying brain tumours, medical professionals can 

make more informed decisions regarding treatment plans and patient care.  Figures 5 and 6 

depict the graph of the performance with respect to FNR and FPR.   

Similarly, the Gabor filter technique outperformed both the GLCM and DWT techniques in 

terms of sensitivity, precision, and accuracy. This implies that the Gabor filter produces more 

discriminating features for the detection of tumours than GLCM and DWT techniques. These 

results suggest that incorporating the Gabor filter technique into the diagnostic process can 

significantly improve the accuracy and reliability of brain tumour detection. By leveraging its 
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superior performance in sensitivity, precision, and accuracy, medical professionals can 

enhance their ability to accurately identify and classify brain tumours, ultimately leading to 

better treatment outcomes for patients.  

 

 
Figure 4: False Positive Rate   Feature Extraction Techniques  

 

 
Figure 5: False Negative Rate     Feature Extraction Techniques 
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Figure 6: Sensitivity    Feature Extraction Techniques 

 

The DWT technique was the least performed among the others, despite the advantage of the 

reduction in computation. This may be attributed to the loss of discrimination power in the 

decomposition process. This is contrary to the submission of Thakral and Manhas (2018), who 

postulated that DWT reduces the size of an image without compromising on quality, and hence 

resolution increases. The loss of discrimination may be attributed to noise in the dataset. Also, 

the findings of Raheja et al. (2013) reveal that GLCM techniques outperformed the Gabor 

filter in terms of accuracy, which is contrary to the findings in this study. Figures 7, 8, and 9 

depict the performance of the Gabor filter, GLCM, and DWT techniques in terms of 

sensitivity, precision, and accuracy.  

The results of this pilot investigation suggest that Gabor filter features are better than GLCM 

and DWT in classifying MRI scans of brain tumours in terms of sensitivity, precision, and 

accuracy. The reduced number of false positive and false negative results is also crucial in 

detecting brain tumours. It implies that Gabor and GLCM are the best feature extraction 

algorithms, with DWT coming in a close third. When time spent processing data is taken into 

account, however, DWT outperforms. Therefore, accuracy in cancer diagnosis is prioritised 
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system, this study will merge features from Gabor and GLCM. The CSO technique will be 
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improved. In order to extract the most useful distinguishing features from the techniques, the 

developed IMCSO will be applied along with the Gabor and GLCM techniques. It is 

hypothesized that minimizing both false positives and false negatives may be achieved by a 

synergistic combination of optimal features.  

 

 
Figure 4.5: Precision    Feature Extraction Techniques 

   

 

 
Figure 4.6: Accuracy     Feature Extraction Techniques 
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Figure 4.7: Computation time    Feature Extraction Techniques 

 

Conclusions   

This research work examines the effectiveness of three textural-based feature extraction 

techniques, namely the Gabor filter, the GLCM, and the DWT, for diagnosing tumours in MRI 

brain datasets. Gabor features produce fewer false positives and negatives, which influences 

its accuracy, precision, and sensitivity compared to GLCM and DWT. Furthermore, when 

compared to the GLCM and DWT features, the Gabor filter was discovered to be 

computationally expensive. This finding demonstrates that the Gabor filter and GLCM 

techniques provide a more robust brain MRI computer-aided diagnostic system in terms of 

accuracy, FPR, FNR, sensitivity, and precision. This is an assertion that combining both 

techniques would result in a more effective strategy to enhance tumour diagnosis in MRI brain 

images. Therefore, it is recommended that future work focus on the fusion of feature extraction 

techniques from selected Garbor filters and GLCM to improve performance. Also, by 

combining the Gabor filter and GLCM techniques, researchers can leverage the strengths of 

both methods to create a more accurate and efficient brain MRI computeraided diagnostic 

system. This fusion of feature extraction techniques has the potential to significantly enhance 

tumour diagnosis in MRI brain images, making it a promising area for future research and 

development.  
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