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Abstract:

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,
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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 94%
accuracy, 91% sensitivity, and 96% 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.

Key words: Brain tumor, Deep learning, Convolution Neural Networks(CNN), Transfer

learning, MRI images, Image processing.
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