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Abstract 

Brain tumours are one of the most challenging medical conditions to diagnose and treat. Accurate 

and timely classification of brain tumours is critical for effective treatment planning and patient 

management. Machine learning algorithms have shown great promise in improving the accuracy 

of brain tumour classification. This study implemented high-grade glioma (HGG) and low-grade 

glioma (LGG) classification on four different 3D-MRI (magnetic resonance imaging) scans 

(FLAIR, T1, T1c, T2). By using four different scans, 15 different combinations were created for 

classification process. 3D Discrete Wavelet Transform was used to transform tumour images for 

feature extraction stage. 36 different wavelet types were used for image transformation. First 

Order Statistics (mean, variance, kurtosis, skewness, entropy, energy) were extracted from 

transformed images of 36 wavelet types. Support Vector Machines (SVM) algorithm classified the 

FOS features that were obtained on BraTS 2017 dataset. The 2-fold, 5-fold, and 10-fold cross- 

validations are implemented and six metrics (sensitivity, specificity, accuracy, precision, F1-score, 

AUC) evaluated the performance of proposed method. Consequently, proposed method achieved 

remarkable scores of 95.23% (sensitivity), 78.81% (specificity), 90.89% (accuracy), 92.59% 

(precision), 93.89% (F1-score), and 87.02% (AUC) for HGG/LGG classification of 3D brain MRI 

data on T1+T1c+T2 combination by 2-fold cross validation. 

Keywords: 3D brain MRI data, BraTS2017, Binary Classification, Brain tumour, Feature 

Extraction 
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1. Introduction 

Brain tumours are abnormal growths of cells in the brain. They can be either malignant 

(cancerous) or benign (non-cancerous) and can arise from different types of cells in the 

brain, such as astrocytes, oligodendrocytes, or ependymal cells. Brain tumours can cause 

a variety of symptoms, depending on their location, size, and type. These symptoms can 

include headaches, seizures, vision or hearing problems, cognitive changes, and difficulty 

with balance and coordination. Treatment for brain tumours may include surgery, 

radiation therapy, chemotherapy, or a combination of these approaches. The prognosis 

for brain tumours varies widely depending on their type, location, and stage. A glioma 

(brain tumour) stems from the glial cells in the brain and spine. Grade III and grade IV 

tumours are considered invasive and defined as a high-grade glioma (HGG), yielding an 

adverse prognosis. Grades I and grade II tumours are non-invasive and defined as low- 

grade glioma (LGG), yielding a favourable prognosis [1-4]. 

The first step in HGG/LGG classification is to label or segment brain tumours. Many 

studies in the literature have been conducted for the HGG and LGG classification of 

segmented tumours. [5] extracted features using 3D-GLCM from manually segmented 

tumour images and classified the extracted features using their proposed methods. They 

used feature ranking methods on the phase combinations they created during the 

classification process. Artificial Neural Networks method, which used three different 

optimization processes based on PSO, was used in the classification stage. The results 

obtained in the study, which included 210 HGG and 75 LGG images from the BraTS 2017 

dataset, were evaluated. In [6], a fusion process was proposed to combine the structural 

and tissue information of four MRI sequences (T1C, T1, Flair, and T2) for the purpose of 

brain tumour classification. Four different MRI sequences were combined to obtain a 

single image, and Discrete Wavelet Transform (DWT) was applied to the obtained image. 

After the fusion process, the noise was removed by applying the partial differential 

diffusion filter (PDDF), and the tumour area was obtained by thresholding the noise- 

removed image. The obtained tumour area was classified by a Convolutional Neural 

Network (CNN) model. The proposed method was tested on five publicly available 

datasets, namely BRATS 2012, BRATS 2013, BRATS 2015, BRATS 2013 Leaderboard, and 

BRATS 2018 datasets, and the results were evaluated. In [7], shape-based HOG, texture- 

based SFTA and LBP feature sets were extracted from the images to classify tumour 

images. The extracted features were merged, and an entropy-based feature selection 

process was performed on a single feature set. The proposed method was tested on the 
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BRATS 2013, BRATS 2014, and BRATS 2015 datasets, and the results obtained were 

evaluated. Many data are required to apply deep learning methods to brain tumour 

images. For this purpose, [8] used data augmentation methods. VGG16, ResNet50, and 

AlexNet models were used to extract features from the created new dataset. The extracted 

features were classified by SVM. The results obtained in the study conducted on the 

BraTS 2015 dataset were evaluated. In [9], an active deep learning-based feature selection 

approach was proposed to segment and recognize brain tumours. First, a clarity map was 

obtained by applying contrast enhancement to the image, and then the image was 

transformed into binary form using simple thresholding. In the classification stage, the 

Inception V3 model was used for deep feature extraction. They simply combined these 

features with dominant rotated LBP (DRLBP) for better texture analysis and performed 

the classification process by optimizing the combined vector with the particle swarm 

optimization (PSO) method. The proposed method was tested on the BraTS 2017 and 

BraTS 2018, and the results were evaluated. 

In this paper, phase combinations, 3D-feature extraction, and binary classification are 

processed together to create various frameworks to obtain an appropriate model for brain 

tumour classification on 3D MRI tumour volumes. Six features generated from the FOS 

are obtained from all MRI phases (FLAIR, T1, T1c, and T2). Four single phases and eleven 

phase combinations (15 combinations) are considered to find the combination that best 

represents the data. 

The paper is organised as follows. The 3D-DWT transform, feature extraction method, 

and binary classifier are presented in Section 2. The proposed method is discussed in 

Section 3. The proposed framework and a literature comparison are examined in Section 

4. 
 

2. Materials and Methods 

The used data is obtained from the 2017 database from the multimodal brain tumour 

image segmentation (BraTS) challenge [25–27]. The BraTS2017 training data includes 210 

HGG and 75 LGG subjects for which the MR modality is obtained on T1c, FLAIR, T1, and 

T2 sequences. Each modality includes 155 slices, for a total of 620 slices per patient. Each 

slice is attained with a 240 × 240 image size and 1-mm slice thickness. In all images, non- 

brain structures have been labelled by expert board-certified neuroradiologists [10-12]. 

Figure 1 presents HGG and LGG type tumours, for which tumour size and shape can 

vary. As shown in Figure 1, the same type of tumours can have different size and shape 

features, also HGG and LGG type tumours containing different intensities. 
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Figure 1: HGG and LGG type tumours in different features 

These similarities/differences prevent accurate classification. This study analysed 36 

different wavelet types and 15 phase combinations to obtain appropriate framework for 

accurate classification. 

2.1. 3D-DWT Feature Extraction 

One dimensional DWT is a multiresolution mathematical tool that separates a signal into 

approximation (low-pass bands) and detail coefficients (high-pass bands). At the basis of 

the three-dimensional discrete wavelet transform is the application of the 1B wavelet 

transform to the three directions x, y, z. 3D DWT includes one scaling function as defined 

and seven wavelet function as defined. Each 3D function is defined as combinations of 

1D functions and mathematical expressions are defined in Equations 1-7. 

 
𝜑(𝑥, 𝑦, 𝑧) = 𝜑(𝑥)𝜑(𝑦)𝜑(𝑧) (1) 

𝜔1(𝑥, 𝑦, 𝑧) = 𝜑(𝑥)𝜔(𝑦)𝜑(𝑧) (2) 

𝜔2(𝑥, 𝑦, 𝑧) = 𝜑(𝑥)𝜔(𝑦)𝜑(𝑧) (3) 

𝜔3(𝑥, 𝑦, 𝑧) = 𝜔(𝑥)𝜔(𝑦)𝜑(𝑧) (4) 

𝜔4(𝑥, 𝑦, 𝑧) = 𝜑(𝑥)𝜑(𝑦)𝜔(𝑧) (5) 

𝜔5(𝑥, 𝑦, 𝑧) = 𝜔(𝑥)𝜑(𝑦)𝜔(𝑧) (6) 
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𝜔6(𝑥, 𝑦, 𝑧) = 𝜑(𝑥)𝜔(𝑦)𝜔(𝑧) (7) 

𝜔7(𝑥, 𝑦, 𝑧) = 𝜔(𝑥)𝜔(𝑦)𝜔(𝑧) 

 
The mathematical representation of a three-dimensional signal f(x,y,z) in terms of detail 
W𝑖𝑖 and approximation coefficients W is defined as in Equation 8 (P: Decomposition 

𝑤𝑤 𝜑 

Level, LMN: 3D Volume) [13]. 
 
 

√𝐿𝑀𝑁     𝑙 

 

𝑚     𝑛     𝜑 

 

𝑃,𝑙,𝑚,𝑛 
 

 

√𝐿𝑀𝑁 

 

𝑖𝑖=1 

 

𝑝=1     𝑙 

 

𝑚     𝑛     𝜔 

 

𝑝,𝑙,𝑚,𝑛 

 
 

 
 

𝑝,𝑙,𝑚,𝑛 
 

𝜑 

 
𝜔 

 
 

 

√𝐿𝑀𝑁 
 

√𝐿𝑀𝑁 

 

 
𝑥=0 

 
𝑥=0 

 

 
𝑦=0 

 
𝑦=0 

 

 
𝑧=0 

 
𝑧=0 

 

 
𝑃,𝑙,𝑚,𝑛 

 
𝑃,𝑙,𝑚,𝑛 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

𝑓𝑓(𝑥, 𝑦, 𝑧) =  
1      

∑ ∑   ∑   W (𝑃, 𝑙, 𝑚, 𝑛)𝜑 (𝑥, 𝑦, 𝑧) +    
1      

∑7    ∑𝑃     ∑ ∑  ∑ W𝑖𝑖 (𝑝, 𝑙, 𝑚, 𝑛)𝜔𝑖𝑖 (𝑥, 𝑦, 𝑧) 
𝘗 

𝜑𝑃,𝑙,𝑚,𝑛(𝑥, 𝑦, 𝑧) = 22 𝜑(2𝑃𝑥 − 𝑙, 2𝑃𝑦 − 𝑚, 2𝑃𝑧 − 𝑛) 

(8) 

(9) 
𝑃 

𝜔𝑖𝑖 (𝑥, 𝑦, 𝑧) =  22 𝜔𝑖𝑖(2𝑃𝑥 − 𝑙, 2𝑃𝑦 − 𝑚, 2𝑃𝑧 − 𝑛), 𝑖𝑖  =  {1,2, … ,7} (10) 

W (𝑃, 𝑙, 𝑚, 𝑛) = 
1 

∑𝐿−1 ∑𝑀−1 ∑𝑁−1 𝑓𝑓(𝑥, 𝑦, 𝑧)𝜑 (𝑥, 𝑦, 𝑧) (11) 

W𝑖𝑖 (𝑝, 𝑙, 𝑚, 𝑛) = 
1 

∑𝐿−1 ∑𝑀−1 ∑𝑁−1 𝑓𝑓(𝑥, 𝑦, 𝑧)𝜔𝑖𝑖 (𝑥, 𝑦, 𝑧), 𝑖𝑖 = {1,2, … ,7} (12) 

 
The 3D image is divided into eight sub-bands with low and high pass filters to obtain 3D- 

DWT coefficients. A 3D image is first filtered by L(x,y,z) low pass and H(x,y,z) high pass 

filters in the x direction. The same process is then performed in the y and z directions, 

respectively, to complete the process. As a result of this all process, eight sub-bands are 

obtained defined as LLL, LLH, LHL, LHH, HLL, HLH, HHL and HHH. If more 

separation is desired, more coefficients can be obtained by continuing all process from 

the LLL coefficients [14]. Figure 2 shows an architectural model that obtains 3D-DWT 

coefficients using a three-dimensional image of f(x, y, z). 

  

 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 2: 3D-DWT architecture to obtain detail and approximation coefficients 
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The feature set was created by LLL, LLH, LHL, LHH, HLL, HLH, HHL, and HHH coefficients 

after 3D-DWT. The mean, variance, kurtosis, skewness, entropy, and energy (Equations 13-18) of 

features [15, 16] were calculated from the coefficients. 

Notation: 

𝑀𝑒𝑎𝑛 (𝜇) = 
1 

∑𝑁 𝐼 (13) 

𝑁   𝑖𝑖=1 𝑖𝑖 

𝑉𝑎𝑟𝑖𝑖𝑎𝑛𝑐𝑒 (𝜎2) = ∑ 
(𝐼−𝜎)2

 

𝑁 

 
(14) 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑖𝑠 = 
1 

∑𝑁 
𝑁 

(𝐼𝑖𝑖−𝐼)̅  4 
 

𝜎4 

 
(15) 

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 = 
1 

∑𝑁 
𝑁 

(𝐼𝑖𝑖−𝐼)̅  3 
 

𝜎3 

 

(16) 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −𝑠𝑢𝑚(𝑘.∗ 𝑙𝑜𝑔2(𝑘)) (17) 

𝐸𝑛𝑒𝑟𝑔𝑦 = ∑𝐾 
 

𝑀 
𝑖𝑖=1 𝐼𝑖𝑖𝑖𝑖 (18) 

 

where I, σ, N, k, K, and M are image, standard deviation, number of samples, histogram 

of image, and number of rows and columns, respectively. 

During the feature extraction process with 3D-DWT, wavelet types of db1, db2, db3, db4, db5, db6, 

db7, db8, db9, coif1, coif2, coif3, coif4, coif5, sym1, sym2, sym3, sym4, sym5, sym6, sym7, sym8, bior1.3, 

bior1.5, bior2.2, bior2.4, bior2.6, bior2.8, bior3.1, bior3.3, bior3.5, bior3.7, bior3.9, bior4.4, bior5.5, and 

bior6.8 were used. 

2.2. Support Vector Machines 

SVM is a learning method, which gives high classification accuracy in many applications. 

An SVM is based on two ideas. The first idea is to map feature vectors to a high 

dimensional space with a nonlinear method and to use linear classifiers in this new space. 

The second idea is to find a hyperplane, which separates the data with a high margin. 

This plane is the best plane, which can separate the data as well as possible [17]. 
 

3. Result 

In this study, FLAIR, T1, T1c, and T2 phase images were subjected to image 

transformation with 36 different wavelets. Six features were extracted from each 

transformed image, and a feature set was obtained for each phase. 15 different 

combinations were created from the obtained feature sets. The created combinations were 

classified using 2-fold, 5-fold, and 10-fold cross-validation. The classification stage was 

divided into two as preliminary classification and final classification. During the 

classification stage, system performance was evaluated using sensitivity (SEN), specificity 

∑ 
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(AUC) evaluation metrics given in Equations 19-24. TP, TN, FP, and FN represent the 

True Positive, True Negative, False Positive, False Negative values, respectively. 

 

Sensitivity = TP / (TP+FN) (19) 

Specificity = TN / (TN+FP) (20) 

Accuracy = (TP + TN) / (TP + TN + FN+FP) (21) 

Precision = TP / (TP+FP) (22) 

F-score = (2*TP)/(2*TP+FP+FN) (23) 
1 

AUC = 
𝑚𝑛 

𝑚 
𝑖𝑖=1 

𝑛 
𝑖𝑖=1 1𝑝𝑖𝑖>𝑝𝑗𝑗 

(24) 

 

3.1. Preliminary classification process 

At the preliminary classification stage, 15 different combinations were classified using 

SVM from feature sets obtained after 36 different wavelet transformations. The best 

classification results obtained for each combination are presented in the Table 1. 

Table 1: The best classification results for each combination 
 

Com- 

bination 
Data 

Wavelet 

Type 

k- 

fold 

Metrics (%) (mean ± std) 

SEN SPE ACC PRE F-score AUC 

Single FLAIR coif1 10 100 5,71±9,9 75,13±3,5 74,83±3,1 85,57±1,9 52,85±4,9 

Single T1 bior4.4 10 100 5,71±9,9 75,13±3,5 74,83±3,1 85,57±1,9 52,85±4,9 

Single T1c sym1 10 93,33±4,6 45,71±18,1 80,73±3,6 83,09±5,1 87,72±2,2 69,52±7,7 

Single T2 bior3.1 5 97,62±2,4 25,33±8,7 78,59±1,5 78,59±1,6 87,05±0,8 61,47±3,5 

Double FLAIR + T1 bior3.5 2 100 22,65±1,4 79,65±0,1 78,35±5,1 87,87±2,3 61,35±10,5 

Double 
FLAIR + 

T1c 
sym1 10 90,48±7,1 52,14±22,7 80,39±6,5 84,61±6,8 87,15±4,4 71,3±10,6 

Double FLAIR + T2 db2 5 96,67±1,3 33,33±8,9 80±2,1 80,39±1,8 87,67±1,1 65±4,2 

Double T1 + T1c bior3.1 2 93,81±4,7 64,04±4,9 85,95±2,1 97,98±1,1 90,75±1,6 78,92±0,1 

Double T1 + T2 db1 2 93,33±1,3 49,35±2,8 81,75±1,9 83,76±1,2 88,28±1,2 71,34±2,1 

Double T1c + T2 db1 2 95,23 65,5±18,2 87,38±4,9 88,66±5,5 91,79±2,9 80,37±9,1 

Triple 
T1 + T1c + 

T2 
sym1 2 94,76±0,6 77,34±1,4 90,17±0,1 92,13±0,6 93,42±0,1 86,05±0,4 

Triple 
FLAIR + T1 

+ T1c 
db1 2 92,85±2,1 74,78±12,7 88,08±4,9 91,18±4,3 92±3,2 83,82±7,4 

Triple 
FLAIR + T1 

+ T2 
sym2 5 94,76±3,1 45,33±10,9 81,75±3,4 82,99±2,8 88,44±2,1 70,04±5,4 

Triple 
FLAIR + 
T1c + T2 

sym1 10 93,33±5,6 65,35±12,5 85,96±5,5 88,53±4,1 90,7±3,8 79,34±7,1 

Quadruple 
FLAIR + T1 
+ T1c + T2 

bior3.1 5 93,33±3,5 77,33±10,1 89,12±2,3 92,21±3,1 92,66±1,5 85,33±4,2 

∑ ∑ 

45 



  https://doi.org/10.56038/oprd.v2i1.239  

Online ISSN: 2980-020X https://journals.orclever.com/oprd 

 

 

 

Table 1 indicates that the best classification result was achieved as 90.17% with 2-fold 

cross-validation classification on the T1+T1c+T2 combination using the "sym1" wavelet. 

When other combinations in the Table 1 are examined, it is seen that the type of wavelet 

varies. The wavelet types that yielded the best results in all experiments are presented in 

the Table 2. 

Table 2: The wavelet types for each combination 
 

Combination 2-fold 5-fold 10-fold 

FLAIR bior3.3 bior3.3 coif1 

T1 db1 db1 bior4.4 

T1c db1 db1 sym1 

T2 sym1 bior3.1 db1 

FLAIR + T1 bior3.5 db1 sym1 

FLAIR + T1c db1 db1 sym1 

FLAIR + T2 bior1.3 db2 bior3.3 

T1 + T1c bior3.1 bior3.1 bior3.1 

T1 + T2 db1 sym1 bior2.2 

T1c + T2 db1 sym1 db1 

T1 + T1c + T2 sym1 sym1 sym1 

FLAIR + T1 + T1c db1 sym1 sym1 

FLAIR + T1 + T2 db2 sym2 sym1 

FLAIR + T1c + T2 sym1 db1 sym1 

FLAIR + T1 + T1c + T2 sym1 sym1 bior3.1 

 

Table 2 presents that the “db1”, “sym1”, and ”bior type” are the most effective wavelets 

for 3D-MRI brain data. These wavelets transform the images with keeping the significant 

features. 

 
3.2. Final classification process 

At the final classification stage, the phase combination, wavelet type, and cross-validation 

type obtained in the preliminary classification stage were used. SVM classification was 

performed on the T1+T1c+T2 combination using the “sym1” wavelet type and 2-fold 

cross-validation. While the SVM kernel parameter had a default value of “RBF” in the 

preliminary classification stage, it was changed to “linear” in the final classification stage. 

After the kernel change, classification accuracy improved. The obtained classification 

results are presented in the Table 3. 
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Table 3: The final classification result 
 

Com- 

bination 

 

Data 
Wavelet 

Type 

 

k-fold 
Metrics (%) (mean ± std) 

SEN SPE ACC PRE F-score AUC 

Triple T1 + T1c + T2 sym1 2 95,23±5,4 78,81±14,6 90,89±7,9 92,59±5,2 93,89±5,3 87,02±10,1 

 

Table 3 indicates that the best classification accuracy increased to 90.89% from 90.17% 

after kernel parameter change. This mean if any other classification process is 

implemented on the best data combination, the classification accuracy may be increased 

more. The scheme of the proposed method is presented in Figure 3. 

Figure 3: The proposed brain tumour classification method 
 

4. Discussion and Conclusion 

This study investigated the classification of brain tumours using support vector machine 

(SVM) with feature sets obtained from four different MRI modalities (FLAIR, T1, T1c, and 

T2). The results showed that SVM is an effective tool for classifying brain tumours, 

achieving an overall accuracy of up to 90.89% with the T1+T1c+T2 combination and the 

"sym1" wavelet type. The results also indicated that the type of wavelet used plays an 

important role in the performance of the SVM classifier, as different wavelets yielded 

different classification results. In the final classification stage, only the phase 

combination, wavelet type, and cross-validation type obtained in the preliminary 

classification stage were used. By changing the SVM kernel parameter from “RBF” to 

“linear”, the classification accuracy was improved. This suggests that the choice of kernel 

parameter is an important factor in the performance of the SVM classifier. The literature 

comparison is presented in the Table 4. 
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Table 4: The literature studies 
 

Paper Data Method Accuracy (%) 

 

[5] 

 

BraTS 2017 
Feature Extraction + 

Feature Ranking + Classification 

 

90.17 

 BraTS 2012  98 

 BraTS 2013  96 
[6]  DWT + CNN  

 BraTS 2015  100 

 BraTS 2018  97 

  VGG16 + SVM 91.38 

[8] BraTS 2015 AlexNet + SVM 94.83 

  ResNet50 + SVM 98.28 

 BraTS 2013  98.3 

 BraTS 2015  97.8 
[9]  PSO + CNN  

 BraTS 2017  96.9 

 BraTS 2018  92.5 

This study BraTS 2017 3D-DWT + SVM 90.89 

 

The literature studies show that the proposed method has several limitations that need 

to be addressed in future work. Firstly, this study used a relatively small dataset of 285 

brain tumour cases, which may not be representative of the full range of brain tumours. 

Secondly, this study only used 3D wavelet transform. It is possible that other feature 

extraction methods may yield better classification results. Lastly, while the results are 

promising, they have not yet been validated on an independent dataset. 

In conclusion, this study demonstrates the potential of SVM with feature sets obtained 

from MRI modalities and wavelet transformations for the classification of brain tumours. 

Further research is needed to validate the findings on larger and more diverse datasets, 

and to explore the use of other machine learning methods for brain tumour classification. 
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