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Design of Lightweight Artificial Intelligence System for Multimodal Signal Processing
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ABSTRACT

The neuromorphic technology has been researched for decades, which learns and processes the information by imitating the human brain.
The hardware implementations of neuromorphic systems are configured with highly parallel processing structures and a number of simple
computational units. It can achieve high processing speed, low power consumption, and low hardware complexity. Recently, the interests of the
neuromorphic technology for low power and small embedded systems have been increasing rapidly. To implement low-complexity hardware, it
is necessary to reduce input data dimension without accuracy loss. This paper proposed a low-complexity artificial intelligent engine which
consists of parallel neuron engines and a feature extractor. A artificial intelligent engine has a number of neuron engines and its controller to
process multimodal sensor data. We verified the performance of the proposed neuron engine including the designed artificial intelligent
engines, the feature extractor, and a Micro Controller Unit(MCU).
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Fig. 1 Lightweight ai engine hardware architecture
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Fig. 6 FPGA verification platform of the lightweight
artificial intelligence system

7 1. 4% 23X s AE FPGA Utilization
Table 1. FPGA utilization of the lightweight
artificial intelligence engine

Implementation .
e L. Description
Specification

Target Device
Number of FFs
Number of LUTs
Number of BRAMs

Xilinx Virtex-7(xc7v2000t)
18565 / 2,443,200(0.76%)
31,522 / 1,221,600(2.58%)

64 / 1292(4.95%)
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