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[ Abstract] This paper presents an efficient convolutional neural network (CNN) —based fire detection system for fire detection in
laboratory surveillance video. The system uses a lightweight deep neural network (DNN) that has no dense fully connected layers
and has very low computational overhead. The experimental evaluation results show that the system has better comprehensive
performance than the prior art, which is suitable for implementing fire detection in a resource — constrained Internet of Things

environment.
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Fig. 1 System architecture
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Fig. 2 Modified CNN structure
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Fig. 3 Some images from dataset
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Tab. 2 Comparison of experimental results

Tk e UTEi&s HRTES
MECFire 0 0.02 97.85
CNNFire 0.06 1.42 93.16
EFDFire 5.78 0.11 94.72
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Tab. 3 Comparison of experimental results

Tk H FEEES F-measure
MECFire 1 0.97 0.97
CNNFire 0.98 0.95 0.95
EFDFire 0.94 0.97 0.93
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Tab. 4 Model size, MFLOPS comparison

Ttk MFLOPS RIS/ MB
MECFire 288 12.1
CNNFire 954 33.6
EFDFire 833 212.0
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