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5G PPP  5G Infrastructure Public Private
Partnership

CNN Convolutional Neural Network

CPU Central Processing Unit

DPI Deep Packet Inspection

EuCNC European Conference on Networks and
Communications

GPU Graphic Processing Unit

k-NN k—Nearest Neighbors

KPI Key Performance Index

NFV Network Function Virtualization

OFDMA  Orthogonal Frequency Division Multiple
Access

RNN Recurrent Neural Network

SDN Software Defined Network

SON Self-Organizing Network

SVM Support Vector Machine

QoS Quality of Service
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