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A neuromorphic hardware that mimics biological perceptions and has a path toward
human-level artificial intelligence (Al) was developed. In contrast with software-based
Al using a conventional Von Neumann computer architecture, neuromorphic
hardware-based Al has a power-efficient operation with simultaneous memorization
and calculation, which is the operation method of the human brain, For an ideal
neuromorphic device similar to the human brain, many technical huddles should be
overcome; for example, new materials and structures for the synapses and neurons,
an ultra-high density integration process, and neuromorphic modeling should be
developed, and a better biological understanding of learning, memory, and cognition
of the brain should be achieved. In this paper, studies attempting to overcome the
limitations of next-generation neuromorphic hardware technologies are reviewed.
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ADAS Advanced Driver Assistance Systems

Al Artificial Intelligence

ANN Artificial Neural Network

CIFAR-10 Canadian Institute For Advanced
Research database

CMOS Complementary Metal-Oxide—
Semiconductor

CNN Convolutional Neural Networks

CNT Carbon Nano Tube

CPU Central Processing Unit

FET Field Effect Transistor

GPU Graphic Processing Unit

ILSVRC ImageNet Large Scale Visual
Recognition Competition database

[oT Internet of Things

MNIST Modified National Institute of Science
and Technology database

MS COCO Microsoft Common Objects in Context
database

MTJ Magnetic Tunneling Junction

PASCAL VOC Pascal Visual Object Classes database
ReRAM
SNN Spiking Neural Network
SyNAPSE

Resistive Random Access Memory
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