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Abstract; To address the issues of “computing power silos” and “application chimneys” in public security video surveil-
lance systems, an intelligent computing power scheduling platform based on a hierarchical decoupling architecture was de-
signed and implemented. An autonomous and controllable domestic Al computing foundation based on Ascend series proces-
sors was constructed, supporting end-edge-cloud full-scenario deployment and heterogeneous computing. By integrating the
deep Q network (DQN) reinforcement learning algorithm with a two-level collaborative scheduling mechanism, and utilizing
technologies such as algorithm warehouse management, intelligent task orchestration, and resource pooling, the dynamic ad-
aptation and efficient integration of multi-source heterogeneous computing resources, including NVIDIA GPUs and Huawei
NPUs, were achieved. Experimental results demonstrate that the platform stably supports the real-time analysis of 500~ 1
000 video streams, reduces the task response time by 40%, and increases the computing power utilization by over 35 %.
Practical application shows that the platform effectively promotes the transformation of video analysis {rom “manual monito-
ring” to “intelligent monitoring” and meets practical requirements in complex edge computing environments.
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