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Abstract: In complex environments across air, space, land, and sea, the massive volume of video data
exerts tremendous pressure on limited transmission bandwidth and storage devices. Therefore, improving
the coding efficiency of video compression technologies under low bit rate conditions becomes crucial. In
recent years, deep learning-based video compression algorithms have made significant progress, yet due to
issues such as model design flaws, mismatches between optimization objectives and perceptual quality, and
biases in training data distributions, the visual perception quality at extremely low bit rates has been
compromised. Generative encoding effectively improves the texture and structure restoration ability at low

bit rates through data distribution learning, alleviating the problem of blur artifacts in deep video
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compression. However, there are still two major bottlenecks in existing research: Firstly, time domain
correlation modeling is insufficient and inter-frame feature correlation is missing; secondly, the lack of
dynamic bit allocation mechanism makes it difficult to achieve adaptive extraction of key information.
Therefore, this article proposes a video encoding algorithm based on conditional guided diffusion model-
video compression (CGDM-VC) , aiming to improve the perceptual quality of videos under low bit-rate
conditions while enhancing inter-frame feature modeling capabilities and preserving key information.
Specifically, the algorithm designs an implicit inter-frame alignment strategy, utilizing a diffusion model to
capture potential inter-frame features and reduce the computational complexity of estimating explicit motion
information. Meanwhile, the designed adaptive spatio-temporal importance-aware coder can dynamically
allocate code rates to optimize the generation quality of key regions. Furthermore, a perceptual loss
function is introduced, combined with the learned perceptual image patch similarity (LPIPS) constraint, to
improve the visual fidelity of the reconstructed frames. Experimental results demonstrate that, compared to
algorithms such as deep contextual video compression (DCVC), the proposed method achieves an average
LPIPS reduction of 36.49% under low bit rate conditions (<Z0.1 BPP), showing richer texture details and
more natural visual effects.

Key words: video compression; diffusion model; perceptual quality; inter-frame alignment; low bit rate
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Fig.7 Objective performance evaluation results of video compression comparison experiment
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Fig.9 Comparison results of reconstruction quality on ERA
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Fig.10 Comparison results of reconstruction quality on crossroads videos in drone dataset
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Fig.11 Comparison results of reconstruction quality on night videos in drone dataset
3.3 HMXRERKRSH
ST I TR S v R 2 A )0 A e ] X SR AR e 1 1 L A SCHE HEVCY
i) Class=C . Class=D . Class~E 3 3 4~ 8048 £ 1= 58 i 17 KT A9 79 Al S 35, S 36 245 21 23 J3 dn 78] 12 AT 13
B

0.16 1 - Proposed 515l 1 - Proposed 0.14 1 1 - Proposed
0.14 \ - Defective model : \ — Defective model 0.12F | —Defective model
0.12} Ly
% 010 g @2 0.10
o = 0.08F
= 0.08} o = 0.06}
0.06 - - - 0.04 S T
0.04 0.02+
0.10 0.15 0.20 0.25 0.30 0.35 0.10 0.15 0.20 0.25 0.30 0.35 0.050.100.150.20 0.250.30 0.35
BPP BPP BPP
(a) HEVC-C (b) HEVC-D (c) HEVC-E
P13 B ot ) %o 5 A5 e T i 12 36 2 WL 45 2R
Fig.13  Objective performance results of implicit inter-frame alignment module
0.10+ - Proposed 0.11F \ - Proposed - Proposed
-+ Defective model 0.10F | -+ Defective model ~ Defective model
0.09 -
| 0.09fs |\
< 2008F\ |\
g Bl &0.07F \
~ 0.06 = 06 - \
003 0.05} \
0.04} — - _— o -
0.10 020 030 040 0.10 0.20 030 0.40 0.05 0.15 0.25 0.35
BPP BPP BPP
(a) HEVC-C (b) HEVC-D (c) HEVC-E

F12 w2z BT | S 0T T S g 5 A 2R

Fig.12 Objective performance results of spatio-temporal importance guided unit
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