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del based on Fire-MCANet (Fire-Max Convolution Activate Networks). Firstly, a Max

Convolution Activate (MCA) module is constructed to obtain the receptive field by using a large convolutional kernel

to improve the ability of feature extraction. Secondly, the backbone network MCANet Block is constructed to improve

the receptive field and reduce the number of parameters and calculations of the model. Finally, the CA (Coordinate

Attention) attention mechanism is introduced to obtain the position information of the flame. The experimental results

show that the detection accuracy of the flame detection model based on Fire-MCANet reaches 95.75%, and the

computational amount is only 2.13 GMac. Its network model is lighter than the ConvNeXt network, and the detection

effect is better.
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Tab.2 Results of ablation experiments
ik Ace/%  Pre/%  Rec/% Flops/GMac
ConvNeXt 89. 30 85. 00 90. 79 4.47
ConvNeXt_1 88. 45 87.35 92. 39 2.13
ConvNeXt_2 92. 36 86. 71 90. 79 1.34
ConvNeXt_3 95.75 90. 40 94. 40 2.13
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Tab.3 Comparison of experimental results for each model
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R-CNN
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Fire-MCANet 95.75 90. 40 94. 40 12. 46 2.13
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