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Deep Learning—based Bitrate and Video Quality Prediction Model
for Scalable Video Transmission

Hojin Ha*

B =52 202395 187] Szt ga dWd ool ot A4

H‘

rlo

=
EL

e

COVID-19 e} o] %2, Wit shgsjojet A4 waef S7I= <8 Hige de A2gel e a4
s7kstal ok & 2AYYE HY e F35381719 Y smEHE &8ste] Rastd HEXE
HIE&3 sHds o el 74%(ANN, Artificial neural network) 22 A|¢FeTh At ANNED-&
F337)9 4= S5ty Qlol, dY et E S o] 83te] A5 5 7] Wzl YES
4 heEg AS HEE 2R s AEAd 9 &4 FHasd 5 ok Add A4 29
ASH7FE SelA, R2 MIEYE ol &si3len, 19 7Pk #e YEto] Ag8=rt 22 45 22YE
sttt

]_

o m e
of¢

m:[o
tlo rir
r

o

Abstract

Since the COVID-19 pandemic, there has been an increasing interest in video transmission systems due to the rise
of remote video conferencing and online education. This paper proposes an Artificial Neural Network(ANN) model
that utilizes the input parameters of a scalable video encoder to predict the bit rate and quality of the encoded
bitstream. The proposed model enables the prediction of compression bit rates of the encoder without the actual
encoding process, thus minimizing the transmission delays and losses caused by network bandwidth and transmission
rate discrepancies. The performance evaluation of the proposed neural network model utilizes the R2 metric and we
confirmed its high accuracy since the predicting values are close to one.
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