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Image fire detection algorithms evaluation methods based on image

complexity
Li Pu', Zhang Miao’

(1. Zhengzhou Airport Economy Zone Fire and Rescue Division, Zhengzhou Henan 450000, China; 2. Heping
Fire and Rescue Division of Tianjin, Tianjin 300000, China)

Abstract: The "image complexity" is proposed to measure the difficulty for the algorithm to detect fire in an
image. The "human response time" is obtained through the program test method, which could define the true
value of the complexity of the image in the data set. Then, convolutional neural network is used to develop an
evaluator that can automatically predict the comprehensive complexity of the whole image. Through the consis-
tency analysis, the comprehensive complexity measure of the whole image generated by the Inception ResNet—v2
evaluator is the most effective measure. Furthermore, a performance evaluation method based on image com-
plexity is proposed. This method can evaluate the detection level that the algorithm can achieve under different
"image complexity" situations more accurately, providing more valuable reference for the development and opti-
mization of fire detection algorithms.
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Fig.1 Image complexity scores for different images
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complexity in the fire image dataset
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Table 3 Detection performance of algorithms at different complexity levels
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Table 4 Average accuracy and IND of detection algorithms at different levels of image complexity
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