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Improved multi-scale flame detection method
HOU Yi-cheng, WANG Hui-qin" , WANG Ke

(College of Information and Control Engineering ,
Xi'an University of Architecture and Technology s Xi'an 710055, China)

Abstract: The deepening of the number of network layers can weaken the ability to characterize the
detailed information of the deep features of the flame target, and at the same time extract redundant
features with low correlation, resulting in low flame recognition accuracy. Aiming at this problem, a
flame detection method based on improved Faster R-CNN is proposed to improve the accuracy of flame
recognition in deep networks. Firstly, the ResNet50 network is used to extract flame features, and the
SENet module is added to reduce the redundant features of flame targets. Then, the deep features and
shallow features are multi-scale feature fusion to enhance the detailed information of deep features. Fi-
nally, the network is trained to realize the recognition of flame targets positioning. In the experiment,
the VOC flame data set is constructed for network training, the test set is used for detection, and the
feature map visualization is compared. Compared with the model before the improvement, the AP val-

ue increases by 7.78% , the recall increases by 9.05% , and the precision increases by 12.54%. By com-
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bining the attention mechanism module and the multi-scale feature fusion mechanism, the flame

target detection model proposed in this paper, can effectively extract the flame target feature, and the

flame target detection result is more accurate.
target detection;

CNN; SENet

Key words:
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Fig.1 Faster R-CNN network structure diagram
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Fig.3 Block diagram of SE-ResNet module
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Fig.4 Block diagram of attention mechanism module
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Fig.5 Block diagram of muti-scale feature fusisn mechanism
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Fig.7 Comparison of test results
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