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An Implementation of a Video-Equipped Real-Time Fire
Detection Algorithm Using GPGPU
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Abstract

This paper proposes a parallel implementation of the video based 4-stage fire detection
algorithm using a general-purpose graphics processing unit (GPGPU) to support real-time
processing of the high computational algorithm. In addition, this paper compares the performance
of the GPGPU based fire detection implementation with that of the CPU implementation to show
the effectiveness of the proposed method. Experimental results using five fire included videos with
an SXGA (1400x1050) resolution, the proposed GPGPU implementation achieves 6.6x better
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performance that the CPU implementation, showing 30.53ms per frame which satisfies real-time

processing (30 frames per second, 30fps) of the fire detection algorithm.
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Maximum size of a grid 65535 X 65535 X 65534
Shared memory/SM 48KB
Warp size 32
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