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Research on flame image identification based on transfer learning

Li Chuanchen, Bai Yong, Chen Yimin

(College of Information Science and Technology, Hainan University, Haikou 570228 )
Abstract

Aiming at the problem of flame identification under the complex background environment of fire video, a meth-

od that employs transfer learning on pre-trained deep learning models to identify the flame in images is proposed.

Transfer learning models are used as feature extractors to extract the features in image, and the extracted image fea-

tures are fused as input to traditional machine learning classifier to identify flame. In the proposed procedure, two

machine learning classifiers, logistic regression and Xgboost, are used for experiments. The experimental results

show that the flame identification accuracy is improved significantly. In the proposed method, the original images

are inputed only, and then it can automatically generate identification results. The proposed method can achieve

good results in flame identification under the complex background environment of fire video.

Key works: flame image identification, deep learning, transfer learning, machine learning, feature extract
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