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Dental Root Fracture Detection by Using Artificial Neural Network
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Abstract

The dentist’s detection for traumatic dental injuries. Mainly diagnosis with eyes of dentist from film
radiographic image . It can diagnose only 60%. If the fracture line is narrow, the dentist’s diagnosis harder
because of fail to see. To affect the dentist’s treat fail. It may extract normal teeth. Therefore, this
research had combined of artificial intelligence and machine vision for creating the simulation of vertical
root fracture detection with probabilistic neural networks that learning in hidden layer with radial basis
function and the output layer with competitive function. The input data is gray scale value of digital
radiographic image(fracture and normal root) input the dataset 200 training, which is 40 data. The result
found that performance of diagnosis vertical root fracture of model . it detect increasing more than human
eye or sensitivity 97.96% and also the capability of detect the normal root teeth or specificity is 90.48%.

Moreover this model can be good assistance of dentist and it's also modern innovation for detection

vertical root fracture.

Keywords: vertical root fracture, machine vision, radiographic image, sensitivity, specificity,

probabilistic multilayer neural networks, radial basis function, competitive function
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