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Content-Adaptive Quantization Parameter Decision Method for Perceptual Video
Coding
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Abstract: Modern video coding standards such as the audio video coding standard 3 (AVS3) have
substantially improved compression efficiency, but conventional rate-distortion optimization still relies
heavily on signal-fidelity measures such as mean squared error (MSE) and peak signal-to-noise ratio
(PSNR) , which do not fully reflect the nonlinear characteristics of the human visual system (HVS).
Knowledge-distillation-based perceptual coding methods can improve visual quality by transferring bit-
allocation knowledge from perceptually optimized learned image compression models to block-level
quantization parameter (QP) maps. However, most existing approaches are designed and evaluated under
image or all-intra coding configurations. When directly extended to practical video coding with both intra- and
inter-frame prediction, a fixed perceptual QP adjustment strategy may produce content-dependent
performance fluctuations, especially for sequences with complex textures or strong temporal variation. To
address this problem, this paper proposes a lightweight content-adaptive QP decision method for AVS3 video
coding. Before actual encoding, a video content pre-analysis module processes the first ten frames of each
segment using a pretrained VGG-16 network. Features from shallow, intermediate, and deep layers are
pooled and fused to describe fine-grained texture, local structure, and high-level semantics. Temporal
variation of the fused features is further summarized into four compact descriptors: Texture, motion,
complexity, and motion consistency. A logisticregression classifier then generates a binary gating signal to
determine whether the downstream perceptual optimization module is enabled or bypassed. The classifier is
trained on 292 non-overlapping 32-frame segments constructed from standard HEVC test sequences, where
the ground-truth label of each segment is determined by the MS-SSIM BD-rate difference between perceptual
optimization and the AV S3 anchor under identical coding configurations. Five-fold stratified cross-validation
yields an accuracy of 92.3%, a precision of 82.0%, arecall of 93.3%, and an I, score of 87.3 % . Experiments
on representative 4K UHD sequences under random-access configuration show that, relative to the AVS3
HPM 12.0 anchor, the proposed method reduces the average BD-rate by 7.11% under multi-scale structural
similarity (MS-SSIM) and by 3.39% under PSNR. When integrated into a highly optimized content-aware
code (CAC), the average MS-SSIM BD-rate relative to the common HPM anchor improves from —21.45%
to — 26.24%, corresponding to an additional gain of 4.79 percentage points, while the average PSNR BD-
rate improves from — 3.60% to — 7.01%. On a synthetic 64-frame sequence containing abrupt scene
changes, the proposed adaptive scheme achieves an 11.82% MS-SSIM BD-rate reduction and a — 0.53%
PSNR BD-rate, whereas unconditional perceptual distillation yields a 6.79% MS-SSIM reduction but a
1.71% PSNR increase. These results indicate that the proposed segment-level gating mechanism can retain
perceptual coding gains while reducing the risk of objective-quality degradation caused by unconditional
perceptual adjustment. The method does not alter the standard bitstream structure and can be integrated as a
low-overhead encoder-side decision module in conventional hybrid video coding frameworks.

Highlights:

1. A content-adaptive gating framework is proposed for perceptual QP optimization in AVS3, enabling
segment-level selection between perceptual optimization and the original coding path.

2. Multi-scale VGG-16 features extracted from only ten frames are summarized into four content
descriptors, including texture, motion, complexity, and motion consistency, and a lightweight logistic-
regression model performs the binary switching decision.

3. The proposed method achieves a 7.11% average MS-SSIM BD-rate reduction relative to HPM 12.0.
When integrated into CAC, the MS-SSIM BD-rate relative to the common HPM anchor is further
improved by 4.79 percentage points, while the scene-change experiment shows reduced objective-quality
risk compared with unconditional perceptual optimization.

Key words: video coding; audio video coding standard 3 (AVS3); human visual system (HVS); deep
learning; knowledge distillation
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Fig.1 Perceptual QP adjustment and coding performance comparison under different scenes
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Fig.2 Overall architecture of the content-adaptive decision
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Fig.3 Flowchart of the multi-scale feature extraction module based on the VGG-16 backbone network
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Fig.4 Rate-distortion performance comparison under the MS-SSIM criterion
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Fig.5 Rate-distortion performance of CAC and CAC— Ours under the MS-SSIM criterion
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Table 4 Rate-distortion performance comparison on the scene-switching sequence
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Ours —11.82 —0.53
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Fig.6 Rate-distortion performance comparison of AVS3, UPD, and the proposed method on the synthetic scene-

switching sequence

4 ZERIE

Bt ur AR R BN A 7 V5 AR AN [R) 9003 9 2 b Pk RS AR B9 TR R, AR SO I T — i N A I PR
SRAESL o 38 i 7 T3 A7 [ B 4 il 20 IUJRE R Ak 12 I3 A 00 8 [l AL R TR T 482 07 05 RE A8 2 25 1Ak L
A I s R O P S R R B AR B . LI SRR P i 5 ik B AT B A R T
PR AEbRifE AVS3 LG i L, I HE QL RE 8 ) i e 38 - 249 SRR 5 s 1 2 L9 4 5 8 080 28 vy JEE R A
(9 CAC & i &3 )5 , A5 AT AR AT A E 1Y 7T B I 4 B0 096 4 o 0 T4 35 9 K I [l U138 1) 2 S 91, 00 20 S
F WY, T D] e AL A AE A a1 e 2 R R A R 0 AR XU o I I o B e 2 A 0 4 B T
OB URTR] A SCR A e A% 2 TR & S 03 AE 24 T2 58 3o G % 7 1 00 P9 2 DR SR 42 1 2 1 JR 0 QP 1k
BB, N T8 T B AV S3 g i1 AR P A N AE IV S TR AR R . R AR R R
R B A YRS AR IR R AR B 4 5 SRS T 1 AN B S R 4 B B 4 A RS A 9 4, LA S R e
AT N 2 Bz A RE AT A e it — D B0 IE o 5 5 Tk — 2D R 3R LA s 3 sy RO A0 2 T A5 2R 475 Sy 2500 164 2%
K Iy U AE B S B IR QP A G B . B, AR SO B AE ZRAE G B RO 5 N A T N = (]



ARBEFE TN A E R AR R KA IR Fe G B Ty Sk 1315

WA TR TR A B AT A A o T 5 R R R DT AT AR Sy — Rl i S T A G D g 00
AT LA 82 BUAT TR S O A RS HE 2 v, DA T R0 R o T A A0

S E 3k

[1]

(2]

[10]

[11]

[13]

[16]

[17]

[18]

[19]

ZHANG J, JIA C, LEI M, et al. Recent development of AVS video coding standard: AVS3[C]//Proceedings of 2019 Picture
Coding Symposium (PCS). Ningbo, China: IEEE, 2019: 1-5.

BROSS B, CHEN J, OHM J R, et al. Developments in international video coding standardization after AVC, with an
overview of versatile video coding (VVC)[J]. Proceedings of the IEEE, 2021, 109(9): 1463-1493.

SULLIVAN G J, OHM J R, HAN W J, et al. Overview of the high efficiency video coding (HEVC) standard[J]. IEEE
Transactions on Circuits and Systems for Video Technology, 2012, 22(12): 1649-1668.

BROSS B, WANG Y K, YE Y, et al. Overview of the versatile video coding (VVC) standard and its applications[J]. IEEE
Transactions on Circuits and Systems for Video Technology, 2021, 31(10): 3736-3764.

MIN X, DUAN H, SUN W, et al. Perceptual video quality assessment: A survey[J]. Science China Information Sciences,
2024, 67: 211301.

ZHANG R, ISOLA P, EFROS A A, et al. The unreasonable effectiveness of deep features as a perceptual metric[CJ//
Proceedings of 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition. Salt Lake City, UT, USA: IEEE,
2018: 586-595.

WANG Z, BOVIK A C, SHEIKH H R, et al. Image quality assessment: From error visibility to structural similarity[J]. IEEE
Transactions on Image Processing, 2004, 13(4): 600-612.

ZHANG Y, ZHU L, JIANG G, et al. A survey on perceptually optimized video coding[J]. ACM Computing Surveys, 2023,
55(12): 1-37.

HINTON G, VINYALS O, DEAN J. Distilling the knowledge in a neural network[EB/OL]. (2015-03-09). https://arxiv.org/
abs/1503.02531.

GOUJ, YU B, MAYBANK S J, et al. Knowledge distillation: A survey[J]. International Journal of Computer Vision, 2021,
129(6): 1789-1819.

YANG R, LIU D, MA S, et al. Perceptual quality-oriented rate allocation via distillation from end-to-end image compression
[J]. ACM Transactions on Multimedia Computing, Communications, and Applications, 2024, 20(7): 1-22.

YANG R, LIU D, MA 'S, et al. Knowledge distillation from end-to-end image compression to VVC intra coding for perceptual
quality enhancement[C]//Proceedings of 2021 IEEE International Conference on Image Processing (ICIP). Anchorage, AK,
USA: IEEE, 2021: 3438-3442.

TN, R, B, AR RIS I IS A MU A T L bR T Bl R AR S AR B, 2026, 41(2): 515-542.
HE Xiaohai, LI Xinlei, WEI Haitao, et al. Deep learning driven video coding: Methods, progress, and perspectives[J]. Journal
of Data Acquisition and Processing, 2026, 41(2): 515-542.

WU J, DENG D, LI Y, et al. Low-complexity content-aware encoding optimization of batch video[J]. Journal of Visual
Communication and Image Representation, 2024, 104: 104295.

BOSSE S, HELMRICH C, SCHWARZ H, et al. Perceptually optimized QP adaptation and associated distortion measure:
JVET-H0047[R]. Macao, China: Joint Video Exploration Team (JVET), 2017.

HELMRICH C, SCHWARZ H, MARPE D, et al. Improved perceptually optimized QP adaptation and associated distortion
measure: JVET-K0206[R]. Ljubljana, Slovenia: Joint Video Exploration Team (JVET), 2018.

BALLE J, MINNEN D, SINGH S, et al. Variational image compression with a scale hyperprior[C]//Proceedings of the 6th
International Conference on Learning Representations (ICLLR). Vancouver, Canada: ICLR, 2018.

WANG Z, SIMONCELLI E P, BOVIK A C. Multiscale structural similarity for image quality assessment[C]//Proceedings of
the 37th Asilomar Conference on Signals, Systems & Computers. Pacific Grove, CA, USA: IEEE, 2003, 2: 1398-1402.
WANG X, YU K, WU S, et al. ESRGAN: Enhanced super-resolution generative adversarial networks[C]//Proceedings of
Computer Vision-ECCV 2018 Workshops. Munich, Germany: Springer, 2018: 63-79.



1316 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 5, 2026

[20] LIJ, LI B, LU Y. Neural video compression with diverse contexts[C]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Vancouver, BC, Canada: IEEE, 2023: 22616-22626.

[21] L1J, LI B, LU Y. Neural video compression with feature modulation[C]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Seattle, WA, USA: IEEE, 2024: 26099-26108.

[22] JIAZ, LIB, L1J, etal. Towards practical real-time neural video compression[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR). Nashville, TN, USA: IEEE, 2025: 12543-12552.

(23] mEAL, FLAT, B RS . 35 5 i B B A T 4 R B LA JE B P A B L], B R S 5 40 B, 2025, 40(2): 303-319.
YE Feng, DONG Fanke, JIA Chuanmin. End-to-end video compression technology and its application in unmanned aerial
vehicles[J]. Journal of Data Acquisition and Processing, 2025, 40(2): 303-319.

[24] BJONTEGAARD G. Calculation of average PSNR differences between RD-curves: VCEG-M33[R]. Austin, TX, USA: ITU-
T Video Coding Experts Group (VCEG), 2021.

[25] SHARIF RAZAVIAN A, AZIZPOUR H, SULLIVAN J, et al. CNN features off-the-shelf: An astounding baseline for
recognition[CJ//Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition Workshops. Columbus,
OH, USA: IEEE, 2014: 806-813.

[26] SIMONYAN K, ZISSERMAN A. Very deep convolutional networks for large-scale image recognition[C]//Proceedings of the
3rd International Conference on Learning Representations (ICLR). San Diego, CA, USA: ICLR, 2015.

fEE R

KB (2001-) , 5,40+
A, WESE T 1] IR E
2 LA G %, E-mail:
2411100341@nbu.edu.cn,

B (2000-) , 5 4+ HF
ge AL WF 9T 5 1 s U B 2
2) WL R R R Y
E-mail: 2411100165@nbu.

2EF(1992-), %, 8
g8 A, B 5E 5 2 A G
o e i 6%, E-mail:

yanxingyu@nbu.edu.cn,

edu.cn,

#® (977 BREESE,
PR S E RS I FUN
TR T EALISE A
figh Be N LA e 5 Rk 28 X
5% ,E-mail:xulongl@nbu.

edu.cn,

(%48 . T )





