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[Abstract]

Automatic classification of brain MRI images play an important role in early diagnosis of brain tumors.
In this work, we present a deep learning-based brain tumor classification model in MRI images using ensemble
of deep features. In our proposed framework, three different deep features from brain MR image are extracted
using three different pre-trained models. After that, the extracted deep features are fed to the classification
module. In the classification module, the three different deep features are first fed into the fully-connected
layers individually to reduce the dimension of the features. After that, the output features from the
fully-connected layers are concatenated and fed into the fully-connected layer to predict the final output. To
evaluate our proposed model, we use openly accessible brain MRI dataset from web. Experimental results

show that our proposed model outperforms other machine learning-based models.

» Key words: Artificial intelligence, Machine learning, Deep learning, Brain tumor classification,
Transfer learning, Ensemble learning
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I. Introduction
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II. Related Work

2.1 Machine Learning-based approach

A 7AW

%o‘ % gl 220} 7k ofg Eﬂ‘ﬁli el
ol sty oM 5 oot 3549
& oJEX0)7] migo] £ & 1Ado] %
Selvarajs{1]l2 Al 1 A A EH BE J?ii}) g
2 &4 FA (ol 23 §igh, Gabor £74))

SVME AESEH o]R] B5715 7idste] A & HlA/do
oigt = MRI @4 oJ0jX|E 2RI Johns{2]2 &
oF Al ol B22 o5 Woly =A| Bk 382 (GLCM) U

oAl ol wigh 7|ut upHe ARESIACE o|2idt A
250 EAEL onjAlE 8802 BT 4 AT,
oio] 1 50F MRI §4F olojAl= A7k 2o 4 37
QF Z+2 9OxJst QJOFS 7|1 Qlo T2 H2o] 9lo] ©9]
0jgt 545 F&ok= o A7} Qlok Ullahs{3]2 747}

S|~E 0 HEs) ojib gojgsl wgt 2 me me
Q1F AIAYS ARRslo] ] MRI G4} olu]x|E AAF ¢

5 Al
e s FRchks skolEle 7IHg AQkshi:
Kharrat-s{4]> 4 Za2|53 SVME A8t =59
MRI gAt o|ojx|& AAht wAAto=z EBE=shoct
Shrees{5]> 54 £22 Hdll GLCMZ AR&3lon], X
MRI &% OlUX & 4 H vz ZRs17] $fal &



Deep Learning-Based Brain Tumor Classification in MRI images using Ensemble of Deep Features 39

£7 AZYPNN)S ALE310] 95%0] 25 Hereg U9l
C}. ArunachalamS{6]2 SIST(shift-invariant shearlet
transform)2 A185to] k] MRI @4 o|D|x|2 A7
ot 73 k2 Gabor, GLCM ¥ DWT(discrete wavelet
transform)& Al8ste] EAlS £&319ct 258 EA
o ﬁ,]l: E%]l: o]J_ /\]7:]1:]-_

2 1& ;wsao*onq 98%°] 2w WOIRLL SARt
L o2 71 71452 AR oF Z85ig10l A

1 o] Zthe Zolct.

2.2 Deep Learning-based approach
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2.3 Discussion
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III. The Proposed Method
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Fig. 1. Architecture of our proposed method
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Step. 2

Load the original
image

Find the outer
contour

Apply
Thresholding

Step. 4

Step. 5

Find the edge
point

Crop the image

Fig. 2. Brain MRI image pre—processing

3.2 Deep feature extraction using pre-trained
CNN models
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3.3 Ensemble of deep features
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Table 1. MRI Dataset
Class Train Test Total
Normal 400 100 500
Glioma Tumor 741 185 926
Meningioma Tumor 749 188 937
Pituitary Tumor 721 180 901
All 2611 653 3264

Meningioma
Tumor

Pituitary
Tumor

Normal

Tumor

Fig. 3. Example images from MRI dataset

IV. Experiment

4.1 Dataset
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Class distribution
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Fig. 4. Class distribution

4.2 Experimental Setting
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Deep features

Scheme 2 (S2)

FC layers

Z Concatenation

Deep features

Scheme 1 (S1)

Fig. 5. Two ensemble schemes
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Table 2. System Environment
Item Value
CPU Intel i9-10900K
Memory 64GB
GPU Nvidia Geforce RTX 3090
CUDA ver 11.1
Python ver 3.8
Pytorch ver 1.8.1
4.3 Results
Table 3= 2 =04 Akt & 71X|Q] & 21d 7]yt
2ol Sla} S20149) 6}01111 o], é ropout]
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S Hol&t. Table 49] AntoflM & 4 1%0] & ==
A AR | 2 7T 2717 e 7SS VIR =

27180} o £ A5S HolES Elskn

Table 3. Performance comparison of two schemes
with various hyper-paramters.

Actication
Dropout function Accuracy
X 0.9127
X Sigmoid 0.9234
Tanh 0.9112
1 RelLU 0.9234
X 0.9173
0 Sigmoid 0.9250
Tanh 0.9219
RelLU 0.9280
X 0.9250
X Sigmoid 0.9204
Tanh 0.9265
S2 RelLU 0.9280
(Proposed) X 0.9296
0 Sigmoid 0.9234
Tanh 0.9311
RelLU 0.9418

Table 4. Classification accuracies of several machine
learning classifiers and proposed model.

Accuracy

GaussianNB 0.7397
AdaBoost 0.7534
k-NN 0.9096
Random forest 0.8760
SVM (linear) 0.9020
SVM (sigmoid) 0.9096
SVM (RBF) 0.9372
ELM 0.8851

S2 (Proposed) 0.9418

V. Conclusions
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