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o ABSTRACT O

Deep learning and computer vision are among the most important sciences of
artificial intelligence that have developed greatly and the interest has increased in them
recently, as this development has been employed to build smart applications in various
educational, industrial, commercial, security, medical and other fields, since medical
data depends a lot on images, there are wide uses of computer vision in the medical
field, the most important are modern diagnostic methods and analysis of medical
images. This paper proposes the use of effective deep learning algorithms for brain
tumor detection, where the faster and accurate the detection of the tumor, the higher
the chances of successful treatment and thus the lower the death rate of this disease. A
deep learning model based on CNN is proposed to detect brain tumor, and this model
has trained on a database of MRI images consisting of 253 images divided into two
parts 155 healthy and 98 infected (containing tumor). First, image processing
operations have performed to prepare it to become acceptable specifications for use in
the deep learning model, then several models have compared, where pre-trained
models were taken advantage of using transfer learning technology, and the best
evaluation accuracy has achieved using the xception model. Finally, the fine-tuning
technique has applied to this model to make it more suitable for the required task, and
the results are 95% accuracy, 90% sensitivity, and 100% specificity. Therefore, the
results demonstrate the effectiveness of the proposed algorithm as an assistant model
for clinicians and radiologists as an image reader and to validate their results.
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el
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L) oy 4Ny = 3gaill eliy aesg ads NO 5 liaa YES (tia ) seal) a7 39ail 2520
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confusion matrix d3siaas (2) Js>

Predicted (No) Predicted (yes)
Actual (No) TP FN
Actual  (yes) FP TN

o5 g sl el i ) ail) e e gane ilun 2 Y1 020 e el
[14] cYW s Lo monia IS lgaiuat & Al <Y e 4 accuracy 484 e

tdlaleal axig
Number of correct assessments _ TN+TP (4)
Number of all assessments) "~ TN+TP+FN+FP

Accuracy =
diiad) dylady) VD gsane asrecall g laialVl Laad au isensitivity dsuluall o
[ J

Number of true positive assessment _ TP

Sensitivity =

(5)

Number of all positive assessment " TP+FN

VY aas o mnia J<0 Aitad) daulud) CYA & sane b :SPeCfiCity duagadll o
- [14] dalad)

Number of true negative assessment _ TN

Specificity =

(6)

Number of all negative assessment " TN+FP

H\giddliag milii)  5-2-5
ad o Al iy desdieddl il dpaleally duageadlly 28 a8 d)le (3)dsaadl ek
o B bl S et 5 S e el oY @lldg dlaa) a8 e ST ale IS8 Ban daageadl)
35ng annes lldg (mge iy L 2 3sailly (mipe e sl M 40 Gl oYs 4 False Negative 4
DBl oy dananl) Aoy eliandl salally dpslol salally oo lail) Jilad) Jie g Loall 5500 8 USLigl) (pa 2l

STUNC
Lardiucal) 7 3laill dabeually dyua puailly ABal) B (s Ailka (3) Jsia
VGG16 VGG19 ResNet50 InceptionV3 Xception
Accuracy 82 84 85 88 90
Specificity 96 80 90 90 100
Sensitivity 58 89 80 84 80

sda (oS G Jeadl A8y s Ganddl] Glang (e BSall Gl o (3)Jsanll e Hle IS

4] (pacaall Cun e Abladl 3Ll dndy z3gall 130 of (6 il Zhatals st £l clads e Clasgl)
dalue & Jens LalEN) Glakl) of s @lly & Cuadly cOlled) o il 2300 SST Cline hacad o 08
Jadadlly sasy Calaall 8155 a g Nllig (LR sa AN aailly o iV s (mpell et il aas il b A0
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Gl & il 5 (4) Jsadl & confusion MatrixX 4dsias (e dsulaally 4o gadlls 280 28 Glaa
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39 7 3sall confusion matrix ddsiuas (4 ) Jsas

Predicted (No) Predicted (yes)
Actual (No) 9 1
Actual (yes) 0 10

e 1Y) LENT Slakal) G LY 2 3gal) ilids Gl a5 Levie 84 cateen
b liee Y cladall Wl JSally gl )y Cilgad) Jia daagas SSY) didadll (ailiadll aliies z3sal
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ROC curve
1da
0.8
L1}
B
D 06
£
F:
o 04
i
=
0.2
00 — Keras Model{area = 0.950)
0.0 0.2 0.4 0.6 0.8 10

False positive Rate

ROC hbia (10) Js&
[14] Glasy) Jlaa) o dauluall Load TPR sl Slad¥) Jaeall Gijas

_ TP _ s

TPR= ——— = Sensitivity (7)

[14]e 5l Jlay) Jlasly FPR GOl oY) Jasd) Cayey
_ FP _ o

FPR= TNAFP 1- Specificity (8)

dalaiall 038 2235 Area under the ROC Curve (AUC) <2 ROC isie s dadlgll dahaial) e

O LS il G €aall Gl it paen e 7 dgalll i Baga (520 G Can [14] ¢S o Lalia

o llas 35 150 o dad pg Jondl Ciadl) elal oIS Wall (gl LBl ) @ ROC e

.AUC=0.95

IS Ciaae 38 3K o i 1385 90% 85 e Jsanll &5 8y5em 30 baaey Hlaa¥l bl duill
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e i gl dahisa Al clily e ataled Lo gubiiy Lol dedtall bl o aledll e 3081 5,58 (500 58
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Convolutional Neural Network
for Brain Tumor Detection[5]
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Convolutional Neural Networks
Model-based Brain Tumor
Detection in Brain MRI
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