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Abstract. Accurate brain tumor subtypes classification is significant for progno-
sis and treatment. The aim of this research is to improve the multiclass brain tumor
classification using vision transformer as feature extractor. In this study, we first
optimized and employed deep learning ResNet101 for feature extraction and fed
to machine learning classifiers for multi-class classification. We then optimized
and employed vision transformer and fed these features to machine learning deci-
sion classifier. We measured the performance with standard performance metrics.
The Artificial Intelligence vision transformer with decision tree classifier yielded
highest multi-class classification performance with 99.89% accuracy and 1.00
AUC to detect pituitary followed by 97.69% accuracy and AUC of 0.96 to detect
meningioma. The results are compared with ResNet101 with transfer learning.
ResNet101 deep features by utilizing KNN yielded detection of pituitary tumor
(98.80% accuracy, 0.99 AUC), glioma (93.47% accuracy, 0.93 AUC). The results
revealed that proposed approach with vision transformer and decision tree features
extractor are more robust in detecting multiclass brain tumor prediction. The pro-
posed approach can be better utilized for betterment of treatment and prognosis
to obtain improved clinical outcomes.

Keywords: deep learning Brain tumor - types - convolution neural network -
vision transformer

1 Introduction

The brain tumor is one of the most commonly diagnosed diseases in humans without
discrimination of any age group and sex. Generally, a brain tumor is separated into vari-
ous stages (1, 2, 3.. etc.), a higher stage means higher severeness of the tumor, and earlier
stage tumors have more probability of recovery. So, diagnosing the tumor initially is very
important in order to initiate a fruitful treatment [1]. However, at earlier stages tumors
are so small to detect for radiologists even from the quality magnetic resonance imaging
(MRI). MRI technology gives more in-depth information about the tumor and is more
efficient compared to old techniques. Thus, the chance of human error and competence
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(knowledge and health issues, etc.) compels researchers to take advantage of computers.
Various computer-aided studies are suggested in the past to assist radiologists to detect
brain tumors from MRI images [2-6]. Few researchers used Machine learning-based
methods for classification purposes. Most of the machine learning-based methods are
based on handcrafted features [7-12]. The key part of Machine Learning based clas-
sification tasks is features extraction which produces discriminant information of an
image. Feature extraction techniques such as Scale-invariant Fourier transform (SIFT),
Morphology, Texture, entropy and elliptic Fourier descriptors (EFDs) can be employed
to extract features from medical raw images [12]. In the past, these methods were used
separately and in a hybrid way along with various Machine Learning (ML) classification
algorithms. For brain tumor classification there are a variety of Machine learning clas-
sification algorithms were reported [ 13-27]. Other studies such as [28] performed some
morphological operations on the segmented part of an image and employed features
extraction technique Space Pyramid Matching (SPM). Then, for the classification task,
features were passed to ML classifiers such as Support vector Machine, (SVM), K-nearest
neighbor (KNN), and Sparse Representation Classification (SRC). The researchers [3]
purposed shape-based features extraction approach and for the classification task, ran-
dom forest, and Support Vector Machine are used. In the literature, it was observed the
performance of the ML classification methods heavily depends on the features extraction
methods. Making the choice of appropriate features for supervised Learning tasks is a
fatiguing and time-consuming process.

Among many of the mentioned above, hand-crafted features are not robust. It can be
observed that lots of hand-crafted features are not robust and usually their discriminative
power is low [29-31]. Unlike these proposed methods our goal is to build a model based
on Vision Transformer (ViT) [32] which is a very popular method in various areas of
computer vision in recent times. The success of the Transformers [33] in Machine trans-
lation gives an idea of convolution-free models that basically depend on transformer
layers, which makes this method interesting in the computer vision area. Moreover,
Vision Transformer [32] models show potential to achieve higher accuracy equal to or
even higher than convolutional neural networks-based models. Recently, there are vari-
ous types of vision transformers-based methods are proposed such as pyramid structures
like convolutional neural networks (CNNSs) [34], data-efficient vision Transformer [35],
and all-to-all self-attention [36]. In our proposed method, we used the vision transformer
model as a feature extractor in order to take leverage of powerful machine learning clas-
sifiers. In the first step, Otsu’s Thresholding technique was utilized to remove noisy part
of image. Then denoised training images are passed to the vision transformer for training
and testing images features are extracted from this model. Where training of the machine
learning classifier (decision tree) is done using extracted features from ViT model.

The Fig. 1 indicates the flow of work to detect the multiclass classification. We
input the multiclass (glioma, meningioma and pituitary) data, segmented the images
partitioned the data with 70% for training and 30% for testing. The vision transformer
is used for training and extracted features from vision transformer along with decision
tree. The final model provides the multiclass classification results based on the vision
transformer and vision transformer-decision tree (Fig. 2).
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Fig. 1. Schematic diagram

2 Materials and Methods

2.1 Dataset

A publicly available dataset from (https://github.com/chengjun583/brainTumorRetri
eval) was utilized in our study as described in [28, 37]. There were 233 patients from
3064 T1-weighted contrast enhanced images of three subtypes i.e. gliomas (1426 slices),
pituitary tumor (930 slices) and meningiomas (708 slices).

2.2 Vision Transformer

Transformer were proposed originally in [38]. The main objective to design transformer
is to allow the modeling of dependencies irrespective to their distance in input sequence.
The transformers due to the parallel computing capability are also more robust than
the recurrent neural networks (RNNs) by removing recurrent connection. There are
several encoder and decoder layers of transformer. An input to the high-level encoding
is transformed by encoder whereas the decoder transforms an embedding to output. An
encoder contained several encoding layers. For all encoded layers, the input is denoted
as a tensor X to the encoder layer with a shape of T x C, here time steps are denoted by T
and channels by C. Moreover, W< denote the query transform matrix, WX represent the
key transformed matrix and W" denote the value transform matrix. Likewise, C x dj
shows the shape of W< and WX and W shape is C x d,, here d; and d, denote the
integers. The query (K), key (K) and value (V) are obtained using:

Q=xWQ
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Transformer Block

Fig. 2. General Architecture of Vision Transformer

K = xw¥k

v =xw" (1)

Here T x dj shows shape of query Q and key K and value V has a shape 7' x dy. Thus,
output of an encoder layer rewritten as:

T
h= soﬁmax(%) \% 2)
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The output h has a shape of T x H. The dot product of query with all keys is computed
using this equation by dividing with /d). The softmax function is applied to obtained
weights on value V. The di square root is normalized term. Moreover, 7 x T denote the
inner product of Q and K7 represent feature correlation and different time steps. The
correlation values are converted by SoftMax operation to probabilities along time steps
indicating how much value V in a time step can be attended. The schematic diagram of
the standard vision transformer is depicted in Fig. 1.

3 Results and Discussion

In our study, the results of the vision Transformer and features extracted from the vision
transformer model are presented in the below table. The performance of these methods
was measured using standard measures (Figs. 3 and 5).
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Fig. 4. Multi-class brain tumor type detection based on Vision transformer

Figures above reflects the multi-class brain tumour classification using Residual
neural network 101 (ResNet101)-KNN, Vision transformer, Vision transformer-DT.
The deep learning ResNet101-KNN yielded the multiclass detection performance with
accuracy (98.80%), sensitivity (98.29%), specificity (99.04%), PPV (97.96%), NPV
(99.20%) and FPR (0.0095). The vision transformer yielded multiclass classification
with accuracy (99.89%), sensitivity (99.65%), specificity (100%), PPV (100%), NPV
(99.84%) and FPR (0.0000) to predict pituitary followed by glioma with accuracy
(96.19%), sensitivity (99.07%), specificity (93.66%) and meningioma with accuracy
(96.08%), sensitivity (84.42%), specificity (99.30%). The vision transformer with deci-
sion tree for feature extraction yielded highest detection performance to detect pituitary
with accuracy (99.89%), sensitivity (100%), specificity (99.84%), PPV (99.62%), NPV
(100%), FPR (0.0015) followed by glioma with accuracy (98.04%), sensitivity (99.56%),
specificity (93.66%) and meningioma with accuracy (96.08%), sensitivity (84.42%),
specificity (99.30%) (Figs. 6 and 7).
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Fig. 5. Multi-class brain tumor type detection based on Vision transformer-Decision tree (DT)
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The Fig. 4 reflect AUC to distinguish the multiclass classification using a) Vision
transformer, b) Vision transformer-DT. Using the vision transformer the highest sepa-
ration was obtained to detect pituitary with AUC of 1.00 followed by glioma with AUC
of 0.96 and meningioma with AUC of 0.92. Using the vision transformer-decision tree
as feature extractor, the highest AUC was yielded to detect pituitary with AUC of 1.00
followed by glioma with AUC of 0.98 and meningioma with AUC of 0.96.

Table 1. Results comparison utilizing different techniques on similar dataset

Author

Feature/Methods

Performance

Afshar et al. [39]

CapsNets

Accuracy: 90.89%

Deepak and Ameer [40]

Deep GoogleNet-SVM

Accuracy: 97.10%

Swati et al. [41]

VGG-19 - Softmax

Sensitivity:96.81%
Accuracy: 94.82%
Specificity:93.93%

Anjum et al. [42]

CNN ResNet101
ResNet101-KNN

Sensitivity: 98.29%
Specificity: 99.04%
Accuracy: 98.80%
AUC: 0.99

This study

Vision Transformer-Decision
tree

Accuracy: 99.89% AUC: 1.00
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Multiclass brain tumor types of prediction is still a challenging task. Currently,
researchers are developing different techniques to improve the multiclass classification.
Table 1 summarizes the most recent methods developed to predict the multiclass brain
tumor types using Fig share dataset. Recently Afser et al. [39] utilized CapsNet and
obtained a highest accuracy of 90.89%. Swati et al. [41] utilized deep learning VGG-19
with accuracy of 94.82%. Deepak and Ameer [40] used deep learning GoogleNet-SVM
and further improved accuracy of 97.10%. Anjum et al. [42] employed ResNet101-KNN
and obtained an accuracy of 98.80% and AUC of 0.99. This study further improved the
multi-class classification with accuracy of 99.89% and AUC of 1.00.

4 Conclusions

Recently the researchers utilized different deep learning convolutional neural network
(CNN) algorithms with default SoftMax and replaced softmax with SVM and KNN to
improve the brain tumor multiclass classification. However, the present study, utilized
a vision transformer with default and Decision tree for feature extraction. The result
revealed that proposed approached further improved the multiclass classification. Thus
the proposed approach is more robust than the previous methods utilized for multiclass
brain tumor type detection. The results reveal that proposed method can be better utilized
for improved prognosis, diagnosis and treatment planning.

Abbreviations

Magnetic resonance imaging (MRI)
Scale-invariant Fourier transform (SIFT)
Elliptic Fourier descriptors (EFDs)
Machine Learning (ML)

Space Pyramid Matching (SPM)

K-nearest neighbor (KNN)

Sparse Representation Classification (SRC)
Vision Transformer (ViT)

Convolutional neural networks (CNN5s)
Decision tree (DT)

Recurrent neural networks (RNNs)
Positive Predictive Value (PPV)

Negative Predictive Value (NPV)

Accuracy (ACC)

Area Under the receiver operating characteristic Curve (AUC)
Residual neural network 101 (ResNet101)
False positive rate (FPR)

Total accuracy (TA)



12

A. A. Abbasi et al.

References

10.

11.

12.

13.

15.

. Zhang, J., Shen, X., Zhuo, T., Zhou, H.: Brain tumor segmentation based on refined fully

convolutional neural networks with a hierarchical dice loss (2017)

Sobhaninia, Z., Rezaei, S., Karimi, N., et al.: Brain tumor segmentation by cascaded deep
neural networks using multiple image scales. In: 2020 28th Iranian Conference on Electrical
Engineering, ICEE 2020 (2020). https://doi.org/10.1109/ICEE50131.2020.9260876
Asodekar, B., ProfS, G.: Brain tumor classification using shape analysis of MRI images.
SSRN Electron. J. (2019). https://doi.org/10.2139/SSRN.3425335

Sobhaninia, Z., Rezaei, S., Noroozi, A., et al.: Brain tumor segmentation using deep learning
by type specific sorting of images (2018)

Pashaei, A., Sajedi, H., Jazayeri, N.: Brain tumor classification via convolutional neural
network and extreme learning machines. In: 2018 8th International Conference on Computer
and Knowledge Engineering, ICCKE 2018, pp. 314-319 (2018). https://doi.org/10.1109/
ICCKE.2018.8566571

Gumaei, A., Hassan, M.M., Hassan, M.R., et al.: A hybrid feature extraction method with
regularized extreme learning machine for brain tumor classification. IEEE Access 7, 36266—
36273 (2019). https://doi.org/10.1109/ACCESS.2019.2904145

Asim, Y., Raza, B., Malik, A.K., et al.: A multi-modal, multi-atlas-based approach for
Alzheimer detection via machine learning. Int. J. Imaging Syst. Technol. 28, 113-123 (2018).
https://doi.org/10.1002/IMA.22263

Rathore, S., Iftikhar, A., Ali, A., Hussain, M., Jalil, A.: Capture largest included circles: an
approach for counting red blood cells. In: Chowdhry, B.S., Shaikh, FEK., Hussain, D.M.A.,
Uqaili, M.A. (eds.) IMTIC 2012. CCIS, vol. 281, pp. 373-384. Springer, Heidelberg (2012).
https://doi.org/10.1007/978-3-642-28962-0_36

Rathore, S., Hussain, M., Khan, A.: Automated colon cancer detection using hybrid of novel
geometric features and some traditional features. Comput. Biol. Med. 65, 279-296 (2015).
https://doi.org/10.1016/J.COMPBIOMED.2015.03.004

Namekar, M., Ellis, EXM., O’Connell, M., et al.: Evaluation of a new commercially available
immunoglobulin M capture enzyme-linked immunosorbent assay for diagnosis of dengue
virus infection. J. Clin. Microbiol. 51, 3102-3106 (2013). https://doi.org/10.1128/JCM.003
51-13

Rathore, S., Hussain, M., Aksam Iftikhar, M., Jalil, A.: Ensemble classification of colon
biopsy images based on information rich hybrid features. Comput. Biol. Med. 47, 76-92
(2014). https://doi.org/10.1016/J.COMPBIOMED.2013.12.010

Hussain, L., Ahmed, A., Saeed, S., et al.: Prostate cancer detection using machine learning
techniques by employing combination of features extracting strategies. Cancer Biomark 21,
393-413 (2018). https://doi.org/10.3233/CBM-170643

Sundararaj, G.K., Balamurugan, V.: Robust classification of primary brain tumor in computer
tomography images using K-NN and linear SVM. In: Proceedings of 2014 International
Conference on Contemporary Computing and Informatics, IC312014, pp. 1315-1319 (2014).
https://doi.org/10.1109/I1C31.2014.7019693

Abdelaziz Ismael, S.A., Mohammed, A., Hefny, H.: An enhanced deep learning approach
for brain cancer MRI images classification using residual networks. Artif. Intell. Med 102,
101779 (2020). https://doi.org/10.1016/J. ARTMED.2019.101779

Abd-Ellah, M.K., Awad, A.IL, Khalaf, A.A.M., Hamed, H.F.A.: Design and implementation
of a computer-aided diagnosis system for brain tumor classification. In: Proceedings of the
International Conference on Microelectronics, ICM 0, pp. 73-76 (2016). https://doi.org/10.
1109/ICM.2016.7847911


https://doi.org/10.1109/ICEE50131.2020.9260876
https://doi.org/10.2139/SSRN.3425335
https://doi.org/10.1109/ICCKE.2018.8566571
https://doi.org/10.1109/ACCESS.2019.2904145
https://doi.org/10.1002/IMA.22263
https://doi.org/10.1007/978-3-642-28962-0_36
https://doi.org/10.1016/J.COMPBIOMED.2015.03.004
https://doi.org/10.1128/JCM.00351-13
https://doi.org/10.1016/J.COMPBIOMED.2013.12.010
https://doi.org/10.3233/CBM-170643
https://doi.org/10.1109/IC3I.2014.7019693
https://doi.org/10.1016/J.ARTMED.2019.101779
https://doi.org/10.1109/ICM.2016.7847911

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Improving Multi-class Brain Tumor Detection 13

. Sanjeev Kumar, PM., Chatteijee, S.: Computer aided diagnostic for cancer detection using

MRI images of brain (brain tumor detection and classification system). In: 2016 IEEE Annual
India Conference, INDICON 2016 (2017). https://doi.org/10.1109/INDICON.2016.7838875

. Islam, A., Hossain, M.F,, Saha, C.: A new hybrid approach for brain tumor classification

using BWT-KSVM. In: 4th International Conference on Advances in Electrical Engineering,
ICAEE 2017, January 2018, pp. 241-246 (2017). https://doi.org/10.1109/ICAEE.2017.825
5360

Sachdeva, J., Kumar, V., Gupta, L., et al.: Multiclass brain tumor classification using GA-SVM.
In: Proceedings - 4th International Conference on Developments in eSystems Engineering,
DeSE 2011, pp. 182-187 (2011). https://doi.org/10.1109/DESE.2011.31

Mathew, A.R., Anto, P.B.: Tumor detection and classification of MRI brain image using
wavelet transform and SVM. In: Proceedings of IEEE International Conference on Signal
Processing and Communication, ICSPC 2017, January 2018, pp. 75-78 (2018). https://doi.
org/10.1109/CSPC.2017.8305810

Menaka Devi, T., Ramani, G., Xavier Arockiaraj, S.: MR brain tumor classification and seg-
mentation via wavelets. In: 2018 International Conference on Wireless Communications, Sig-
nal Processing and Networking, WiSPNET 2018 (2018). https://doi.org/10.1109/WISPNET.
2018.8538643

Deepa, S.N., Devi, B.A.: Neural networks and SMO based classification for brain tumor. In:
Proceedings of the 2011 World Congress on Information and Communication Technologies,
WICT 2011, pp. 1032-1037 (2011). https://doi.org/10.1109/WICT.2011.6141390

Sornam, M., Kavitha, M.S., Shalini, R.: Segmentation and classification of brain tumor using
wavelet and Zernike based features on MRI. In: 2016 IEEE International Conference on
Advances in Computer Applications, ICACA 2016, pp. 166169 (2017). https://doi.org/10.
1109/ICACA.2016.7887944

Minz, A., Mahobiya, C.: MR image classification using adaboost for brain tumor type. In:
Proceedings - 7th IEEE International Advanced Computing Conference, IACC 2017, pp. 701—
705 (2017). https://doi.org/10.1109/IACC.2017.0146

Chauhan, S., More, A., Uikey, R., et al.: Brain tumor detection and classification in MRI
images using image and data mining. In: International Conference on Recent Innovations in
Signal Processing and Embedded Systems, RISE 2017, January 2018, pp. 223-231 (2018).
https://doi.org/10.1109/RISE.2017.8378158

Latif, G., Butt, M.M., Khan, A.H., et al.: Multiclass brain Glioma tumor classification using
block-based 3D Wavelet features of MR images. In: 2017 4th International Conference on
Electrical and Electronics Engineering, ICEEE 2017, pp. 333-337 (2017). https://doi.org/10.
1109/ICEEE2.2017.7935845

Deepa, A.R., Sam Emmanuel, W.R.: MRI brain tumor classification using cuckoo search sup-
port vector machines and particle swarm optimization based feature selection. In: Proceedings
of the 2nd International Conference on Trends in Electronics and Informatics, ICOEI 2018,
pp. 1213-1216 (2018). https://doi.org/10.1109/ICOEI.2018.8553697

Machhale, K., Nandpuru, H.B., Kapur, V., Kosta, L.: MRI brain cancer classification using
hybrid classifier (SVM-KNN). In: 2015 International Conference on Industrial Instrumen-
tation and Control, ICIC 2015, pp. 60-65 (2015). https://doi.org/10.1109/11C.2015.715
0592

Cheng, J., Huang, W., Cao, S., et al.: Enhanced performance of brain tumor classification via
tumor region augmentation and partition. PLoS ONE 10, e0140381 (2015). https://doi.org/
10.1371/JOURNAL.PONE.0140381

Fehr, D., Veeraraghavan, H., Wibmer, A., et al.: Automatic classification of prostate cancer
Gleason scores from multiparametric magnetic resonance images. Proc. Natl. Acad. Sci. 112,
E6265-E6273 (2015). https://doi.org/10.1073/pnas.1505935112


https://doi.org/10.1109/INDICON.2016.7838875
https://doi.org/10.1109/ICAEE.2017.8255360
https://doi.org/10.1109/DESE.2011.31
https://doi.org/10.1109/CSPC.2017.8305810
https://doi.org/10.1109/WISPNET.2018.8538643
https://doi.org/10.1109/WICT.2011.6141390
https://doi.org/10.1109/ICACA.2016.7887944
https://doi.org/10.1109/IACC.2017.0146
https://doi.org/10.1109/RISE.2017.8378158
https://doi.org/10.1109/ICEEE2.2017.7935845
https://doi.org/10.1109/ICOEI.2018.8553697
https://doi.org/10.1109/IIC.2015.7150592
https://doi.org/10.1371/JOURNAL.PONE.0140381
https://doi.org/10.1073/pnas.1505935112

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

A. A. Abbasi et al.

Abbasi, A.A., etal.: Detecting prostate cancer using deep learning convolution neural network
with transfer learning approach. Cogn. Neurodyn. 14(4), 523-533 (2020). https://doi.org/10.
1007/s11571-020-09587-5

Cameron, A., Modhafar, A., Khalvati, F., et al.: Multiparametric MRI prostate cancer analysis
via a hybrid morphological-textural model. In: Conference Proceedings - IEEE Engineering in
Medicine and Biology Society 2014, pp. 3357-3360 (2014). https://doi.org/10.1109/EMBC.
2014.6944342

Dosovitskiy, A., Beyer, L., Kolesnikov, A., et al.: Animage is worth 16x16 words: transformers
for image recognition at scale (2020)

Vaswani, A., et al.: Attention is all you need. In: Advances in Neural Information Processing
Systems, vol. 30 (2017)

Wang, W., Xie, E., Li, X., et al.: Pyramid vision transformer: a versatile backbone for dense
prediction without convolutions (2021)

Touvron, H., Cord, M., Douze, M., et al.: Training data-efficient image transformers &
distillation through attention, pp. 10347-10357 (2021)

Wu, L., Liu, X., Liu, Q.: Centroid transformers: learning to abstract with attention (2021)
Cheng, J., Yang, W., Huang, M., et al.: Retrieval of brain tumors by adaptive spatial pooling
and fisher vector representation. PLoS ONE 11, e0157112 (2016). https://doi.org/10.1371/
journal.pone.0157112

Kong, Q., Xu, Y., Wang, W., Plumbley, M.D.: Sound event detection of weakly labelled
data with CNN-transformer and automatic threshold optimization. [IEEE/ACM Trans. Audio
Speech Lang. Process. 28, 2450-2460 (2020). https://doi.org/10.1109/TASLP.2020.3014737
Afshar, P, Plataniotis, K.N., Mohammadi, A.: Capsule networks for brain tumor classification
based on MRI images and coarse tumor boundaries. In: ICASSP 2019 - 2019 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 1368-1372.
IEEE (2019)

Deepak, S., Ameer, PM.M.: Brain tumor classification using deep CNN features via transfer
learning. Comput. Biol. Med. 111, 103345 (2019). https://doi.org/10.1016/j.compbiomed.
2019.103345

Swati, Z.N.K., Zhao, Q., Kabir, M., et al.: Brain tumor classification for MR images using
transfer learning and fine-tuning. Comput. Med. Imaging Graph. 75, 34-46 (2019). https://
doi.org/10.1016/j.compmedimag.2019.05.001

Anjum, S., Hussain, L., Ali, M., et al.: Detecting brain tumors using deep learning convo-
lutional neural network with transfer learning approach. Int. J. Imaging Syst. Technol. 32,
307-323 (2022). https://doi.org/10.1002/ima.22641


https://doi.org/10.1007/s11571-020-09587-5
https://doi.org/10.1109/EMBC.2014.6944342
https://doi.org/10.1371/journal.pone.0157112
https://doi.org/10.1109/TASLP.2020.3014737
https://doi.org/10.1016/j.compbiomed.2019.103345
https://doi.org/10.1016/j.compmedimag.2019.05.001
https://doi.org/10.1002/ima.22641

