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Image compression framework based on adaptive Sub-sampling and super-
resolution reconstruction
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Abstract: An image compression coding framework based on adaptive sub-sampling and super-
resolution reconstruction is designed for the Joint Photographic Experts Group(JPEG) standard. At the
encoder side, a variety of Different Sampling Modes(DSM) and Quantization Modes(QM) are designed for
the original image to be encoded. Then, the rate distortion optimization algorithm selects the optimal
downsampling and quantization modes from various modes. Finally, the image to be encoded will be
sampled and compressed by the standard JPEG compression under the selected optimal mode. In the
decoder side, the super-resolution reconstruction algorithm based on convolutional neural network is
utilized to reconstruct the decoded sub-sampled image. In addition, the proposed framework is also
effective and feasible under the JPEG2000 compression standard. The experimental results show that
compared with the mainstream coding and decoding standards and advanced encoding and decoding
methods, the framework can effectively improve the rate distortion performance and obtain better visual
effects.
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Tablel Sixteen kinds of Downsampling Modes(DSM)
mode description mode description
DSM1 1/16 Downsampling(h=1/4,w=1/4) DSM2 1/8 Downsampling(h=1/4,w=1/2)
DSM3 1/8 Downsampling(h=1/2,w=1/4) DSM4 3/16 Downsampling(h=1/4,w=3/4)
DSM5 3/16 Downsampling(h=3/4,w=1/4) DSM6 1/4 Downsampling(h=1,w=1/4)
DSM7 1/4 Downsampling(h=1/4,w=1) DSM8 1/4 Downsampling(h=1/2,w=1/2)
DSM9 3/8 Downsampling(h=3/4,w=1/2) DSM10 3/8 Downsampling(h=1/2,w=3/4)
DSM11 1/2 Downsampling(h=1,w=1/2) DSM12 1/2 Downsampling(h=1/2,w=1)
DSM13 3/16 Downsampling(h=1/4,w=3/4) DSM14 3/4 Downsampling(h=3/4,w=1)
DSM15 3/4 Downsampling(h=1,w=3/4) DSM16 no Downsampling(h=1,w=1)

F* 2 8 P b
Table2 Eight kinds of quantized modes
mode QM1 QM2 QM3 QM4 QM5 QM6 QM7 QM8
quantization QP=1/8xQ QP=2/8xQ QP=3/8xQ QP=4/8xQ QP=5/8xQ QP=6/8xQ QP=7/8xQ  QP=8/8xQ

parameter

2 h=1/4, w=3/4 B}, F/x 3/16 T RFE(HD DSM13), EAEFEE A 1/4 T REEMKFEF M E 314 F R
B AR L, HOR G2 et 0 R R A B AU 20 e 8, A SO SR OB = WA (B AT R

S R T RS, HR R S BRI R B D, A R AE R > . R R RS R E R
KEFEHGER, AWK QP A48, MIZE JPEG ME LB Bl R E LR . bk iR B, A Sk FH SCHk[4]
iR 8 ML, TERAE MR A E 2 Rk as ], Dl KRR E MR B @ iy . gk 2 s, F£ QP
Q¥ F IR A AL R S8, Hrh Q i JPEG FrifERy AL S 4L

R T BT v A A R, 22RO BRSO ORI S B B R AR, UK
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RIRE WAz, T g iR e Bt Bb, 16 ARk AR A R R R 8 Rl s Ak 2
T 8 ] vk Ak 2 g i 4 SR 1 G (R {5 MR 1L (Peak Signal to Noise Ratio, PSNR)H 25 % 55 T 4 Fhnf ik & b
KM g as R, HY5 16 Fol ik m B i gt g RILAML, FAER, JEEnT % T RS A 20, REF
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3, A ER 0 R TC I B2 T, BOA R 16 BT R AR 0] JE AR 0 55 BRI R R RS, LA gt
B SR A 08, ARSCHEH 16 Fp T oRFEBIAUEATHINE e . BRI, ZEAS SCHE R 1 BSR4 SR B AE 2 v
VEFE T 8 R AL BIUAN 16 PP T ORAEAI A E,  LAAE i iV BE RN 4 R A AR 2 1) BUASF
22 BEFRKERUNEXERE

AR SC ek e ) e LA B R X T SR AR AR A A AR SR AT A E N R AR BITE 16 FR R R AR
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R FNF IPEG BRI EG, MR Q)FERN .

Rate,,, < Rate,eq 1
MSEour < MSEJPEG ( )
A Rate Fon &5 R4 R A9 A5 3 ; MSE(Mean Square Error)fU3R A2 i % B 5 I i PR 9 34 7 iR 22
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QP:%Q, k=1,2,---,8 (2)
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Fig.6 Comparison of subjective visual effects of image Boat at 0.5 bpp
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Fig.7 Rate distortion curves of different test images
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Table3 Comparison of reconstruction results by different methods

. PSNR/dB . PSNR/dB
rate/bpp image - rate/bpp image .

JPEG’s Zhang’s Lin’s Chen’s ours JPEG’s Zhang’s Lin’s  Chen’s ours
Barbara 23.14 24.12 24.68 24.44 2593 Barbara 25.13 24.76 25.85 26.15 271.27
Bike 21.74 22.89 22.70 22.83 23.62 Bike 23.65 23.93 24.24 24.45 25.02
Boat 25.90 27.18 27.30 27.44 28.04 Boat 28.25 28.42 29.06 29.37 29.96
0.2 Foreman 25.30 27.51 27.59 27.53 28.94 0.3 Foreman 28.81 28.85 29.73 30.29 31.17
Lena 28.67 30.55 30.66 30.84 31.93 Lena 31.80 32.19 32.78 33.15 33.80
Peppers 28.43 29.65 30.51 30.67 31.03 Peppers 31.43 30.70 32.42 32.74 32.90
Average 25.53 26.98 27.24 27.29 28.25 Average 28.18 28.14 29.01 29.36 30.02
Barbara 27.78 2541 28.53 28.97 30.15 Barbara 31.55 25.68 31.79 32.66 32.84
Bike 25.99 25.46 26.15 26.48 27.48 Bike 28.37 26.74 28.35 28.74 30.53
Boat 30.90 29.64 31.24 31.70 3243 Boat 33.33 30.26 33.49 33.96 34.43
0.5 Foreman 31.95 30.35 32.34 32.88 34.35 0.8 Foreman 34.43 3111 34.55 35.26 36.92
Lena 34.69 33.75 35.11 35.56 36.01 Lena 36.91 34.48 37.05 37.54 37.77
Peppers 33.86 31.58 34.22 34.61 35.08 Peppers 35.52 32.02 35.61 36.01 36.22
Average 30.86 29.37 31.27 31.70 32.58 Average 33.35 30.05 33.47 34.03 34.79

% 3 MR E G ER K 0.2 bpp,0.3 bpp,0.5 bpp F1 0.8 bpp WA L& 5+ LA B89 PSNR X[t .
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Fig.8 Average PSNR gains of different methods compared to JPEG on different datasets
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Fig.9 Rate distortion curves of different test images
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Fig.10 Comparison of subjective visual effects of different test images
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Table4 PSNR comparison of reconstruction results by different methods

rate/bpp method - PSNR/dB average/dB
Barbara Bike Boat Foreman Lena Peppers
JPEG 26.46 24.97 29.77 30.66 33.52 3291 29.72
0.40 JPEG2000 30.73 26.89 32.29 33.81 36.14 35.02 32.46
improved algorithm for JPEG 28.87 26.22 31.39 32.81 35.16 3431 31.46
improved algorithm for JJEG2000 32.25 28.19 32.93 35.25 36.76 35.44 3347
JPEG 28.43 26.43 31.69 32.48 35.16 34.20 31.40
055 . JPEG?OOO 32.81 28.55 33.75 35.55 37.60 36.06 34.05
improved algorithm for JPEG 30.72 28.09 32.87 34.89 36.40 35.33 33.05
improved algorithm for JPEG2000 34.15 29.93 34.34 36.62 37.98 36.21 34.87
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