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Small scale smoke & fire target detection in complex environment

WEN Xiulan' JIAO Liangbao® LI Zikang' YAO Bo' TANG Guoyin'
1 School of Automation,Nanjing Institute of Technology, Nanjing 211167, China
2 Jiangsu Intelligent Perception Technology and Equipment Engineering Research Center,Nanjing 211167, China

Abstract To address the low efficiency and accuracy of smoke & fire detection due to the small size of target and
the confusion of fire feature with actual scene in complex environment,a small scale smoke & fire target detection
method based on improved YOLOVS is proposed.First,a fourth detection layer is added to the third detection layer
output in the original YOLOvS5 model,so as to obtain a larger feature map for small target detection and strengthen
the feature extraction capability of the network model.Second,to solve the easy missing detection of target in shiel-
ded scene,DIoU_Loss is used to replace the GloU_Loss in calculating the regression loss function of the target
frame.Finally , TensorRT is used to compress and accelerate the optimization of the model ,and then deployed to the
Jetson TX2 development board for accelerated inference experiments.In addition, more smoke & fire scene data are
constructed by replication enhancement. Experimental results show that the proposed method has fast convergence
speed and high accuracy for small scale smoke & fire detection, possessing the prospect for popularization and appli-
cation.

Key words smoke & fire detection;improved YOLOvS ; DIoU_Loss ; optimization and acceleration





