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Efficient Video Analytics for Big. LITTLE Edge Devices

LI Yaxin, YUAN Jingling,-ZHONG/Xian
(Hubei Provincial Key Laboratory of Trafisportation Internet of Things Technology,
School of Computer Science and Artificial Intelligence, Wuhan“Univetsity of Technology, Wuhan 430070, Hubei, China)

[Abstract] Video analytics extracts high-value information from video streams and plays a crucial role in
applications such as intelligent transportation and( public Safety. Although traditional cloud-based video analytics
offers powerful computational capabilities, uploading massive amounts of video data results in high bandwidth
consumption and network latency. Edge computing seduces network latency by processing video data near cameras;
however, it still faces two major challenges. wFirst, frame-by-frame analysis leads to redundant inference, and
existing frame reuse methods cannot fully. exploit local similarities in historical frames. Second, uneven core
workload arises because task allocation.across big LITTLE lacks real-time load awareness. To address these issues,
this study proposes Vable, afi“efficient video analytics system for big. LITTLE edge devices. It employs a
multihistorical frame, block=level frame reuse mechanism, which partitions video frames into fine-grained blocks
and employs a tree-based storage structure combined with Locality-Sensitive Hashing (LLSH) for similarity
matching, enabling efficient eross-frame computation reuse and significantly reduces redundant inference overhead.
Additionally, Vable introduces a core workload-aware list-based Directed Acyclic Graph (DAG) partitioning
algorithm that dynamically allocates analysis tasks by monitoring the real-time load of big LITTLE, thus balancing
computation and communication overhead while avoiding latency increases caused by load imbalance. A prototype of
Vable is implemented and evaluated using two real-world datasets. Experimental results demonstrate that Vable reduces
the end-to-end latency by 59.23% in UA_V, compared to WiseFuse (the highest-latency baseline) and by 45.83% in
UA_V, compared to Faastlane, effectively lowering the end-to-end latency while maintaining high throughput.

[Key words]) video analytics; video frame reuse; task scheduling; big. LITTLE architecture; edge computing
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Fig.8 Comparison of video analytics computation latency and communication latency for

different methods on four datasets
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Table 2 Comparison of total latency under daytime and

after dusk conditions Hifi:s

Method Daytime After dusk
Vable 82.76 33. 64
VideoEdge 125. 90 50. 63
CEVAS 209. 66 88.13
Faastlane 461. 56 99. 40
WiseFuse 342. 65 82.61
Rocket 120. 94 48. 05
E4 111. 06 42.16
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