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Performance evaluation of CNN—based in—loop filter for HEVC
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Korea Aerospace University
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In this paper, we introduce the CNN—based in—loop technology for HEVC, and analyze the
performance of these algorithms through comparative experiments. The current in—loop filters
in HEVC are composed of a deblocking filter that removes noise and a sample adaptive offset

filter that compensates for signal offsets. A couple of CNN—based filters replacing the roles of
these two algorithms are selected and compared.
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H 1. ALL-INTRA 2| PSNR ZI} Hlt (1% QP &%)

IFCNN VRCNN
QP22 -0.43 -0.69
QP 27 +0.38 +0.41
QP 32 +0.51 +0.65
QP 37 +0.37 +0.50
AVERAGE +0.19dB +0.22dB

H 2.ALL-INTRA 2| PSNR Z3} H|@ (2 QP &5)

IFCNN VRCNN
QP22 +0.33 +0.40
QP 27 +0.52 +0.61
QP 32 +0.45 +0.58
QP 37 +0.48 +0.61
AVERAGE +0.45dB +0.55dB

H 3.LowDELAY P 2] BDBR Z1} Hu (% Qp &%)

IFCNN VRCNN
BasketballDrive -2.1 -4.0
BQTerrace +14.4 +32.8
Cactus +11.3 +13.2
Kimono -0.6 +1.4
PS +7.7 +11.8
AVERAGE +5.22% +5.18%
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