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Abstract: Lightweight neural networks deployed on low-power platforms have proven to be effective solutions
for Artificial Intelligence (AI) and Internet Of Things (IOT) domains such as Unmanned Aerial Vehicle (UAV)
detection and unmanned driving. However, in the case of limited resources, it is very challenging to build Deep
Neural Networks (DNN) accelerator with both high precision and low delay. In this paper, a series of efficient
hardware optimization strategies are proposed, including stackable shared Processing Engine (PE) to balance
the inconsistency of data reuse and memory access patterns in different convolutions; Regulable loop parallelism
and channel augmentation are proposed to increase effectively the access bandwidth between accelerator and
external memory. It also improve the efficiency of DNN shallow layers computing; Pre-Workflow is applied to
improve the overall parallelism of heterogeneous systems. Verified by Xilinx Ultra96 V2 board, the hardware
optimization strategies in this paper improve effectively the design of DNN acceleration chips like iSmart3-
SkyNet and SkrSkr-SkyNet. The results show that the optimized accelerator processes 78.576 frames per
second, and the power consumption of each picture is 0.068 Joules.
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