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Multi-Model Framework based on Complex Biometric Information

for Stroke Detection
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Abstract

According to the World Health Organization, the world's population is rapidly aging. This is expected to
increase medical costs and be the source of various chronic diseases. According to the World Health
Organization, stroke ranks second in the world's death toll and the number continues to rise. Researchers
from each country have reported various risk factors through various studies and clinical trials, and are
aware of the seriousness of stroke. Previous studies have detected symptoms of stroke and investigated
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causality. Also, with the development of artificial intelligence, it was successful to measure the distortion of
the face, which is one of the symptoms from stroke patients. However, stroke can show other symptoms,
such as voice tremors, in addition to facial paralysis. Therefore, this study proposes a deep learning model
framework using artificial intelligence, focusing on the inarticulateness of speech and the distortion of the
face among the symptoms of stroke. The proposed model applied transfer learning to improve accuracy and
overcome limitations of insufficient datasets. As a result, the performance was improved by 0.7% in
training accuracy, for validation, 13.9% in stroke accuracy, and 4.6% in general patients.

Keyword : Stroke, Mel-Spectrogram, Transfer Learning, Feature Extraction
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