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Study on flame image recognition of chemical industrial park fires

based on convolutional neural network
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Abstract; In order to discover fire accidents in chemical industrial parks in time and reduce accident
losses, this study used CNN to establish a real-time fire detection system for chemical industrial parks.
Based on CNN, the YOLOvS algorithm was used to calculate chemical industrial park fire data sets and
ordinary fire data sets. The loss value, recall rate, precision and mean average precision of the two data
sets were compared. Among them, the loss value and recall rate of the chemical industrial park fire data
set are slightly lower, but the precision and mean average precision were higher than that of an ordinary

fire data set, which shows the feasibility of detecting fire. In addition, based on fire detection results, this
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study further designed the flame image recognition software system for the chemical industry park with the

help of the PyQt5 program framework, realized the application of fire image and video recognition in the

chemical park, and expanded the application scope of the method. The results show that the YOLOvS

target detection algorithm based on convolutional neural network can detect fires in chemical industrial

parks in real-time. This detection method is portable, and the results are reliable, which can help

improving the safety management level of the chemical industrial park.
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