Multiple Degradation and Reconstruction Network for Single Image Denoising via Knowledge Distillation
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Heterogeneous Knowledge Distillation Results
<~§ ...................................................................................................................... Method Set12 BSD68 Urban100
Strategy-1: Heterogeneous Teacher-Student Framework --- Heterogeneous Architecture Noise Level o=15 o=25 o=50 o=15 o=25 o=50 o=15 o=25 o=50
i BM3D | 3237 | 2997 | 2672 | 31.08 | 2857 | 25.62 | 3234 | 29.70 | 25.94
‘, L, RED30 | 32.83 | 3048 | 2734 | 3172 | 2926 | 2635 | 3275 | 3021 | 26.64
C‘ = TNRD | 3250 | 3006 | 2681 | 3142 | 2892 | 2597 | 31.98 | 2929 | 2571
. . . . - IRCNN | 3277 | 3038 | 27.14 | 31.63 | 29.15 | 26.19 | 3249 | 29.82 | 26.14
Motivation & Contributions | i3 Noisy Image DnCNN | 3286 | 3043 | 27.18 | 3173 | 2923 | 2623 | 32.68 | 2997 | 26.8
N B FFDNet | 3275 | 3043 | 2732 | 31.63 | 29.19 | 2629 | 3242 | 2992 | 26.52
. . . . 3 . .................................................................. Reconstruction MLEFGN | 33.04 | 3066 | 27.54 | 31.81 | 2934 | 2639 | 3321 | 3064 | 27.22
Different from previous works that blindly increase the depth of the network, s S _)5 \ . y &8 ‘» MFEgﬁgﬂ; ggg? gg.gi %Zg gi’é:la gg.gg %g.gg : :
we explore the degradation mechanism of the noisy image and aim to introduce S _ [—— ; ; ~ MDRN (Ours) | 33.06 | 30.67 | 27.56 | 31.83 | 29.36 | 2641 | 3322 | 3067 | 27.24
the knowledge dlstlllatlon Strategy to the model. E; Noisy Image =~ "o " Denoised Image Clear Image E MDRN+ (Ours) 33.10 30.71 27.60 31.86 29.39 26.44 33.31 30.78 27.31
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» We propose a lightweight and efficient Multiple Degradation and E N TN AN N A _Method Kodar24 CBSD68 Urban100
. , C , : o . g v Noise Level =30 =50 o=70 =30 o=50 a=70 c=30 c=50 o=70
Reconstruction Network (MDRN) for 1image denoising, which can > W2 — MDRNTeacher ( 0 - &( CBM3D | 3089 | 2863 | 2727 | 2973 | 2738 | 2600 | 3036 | 27.94 | 2631
- - - »- <. MDRN -Teacher (pre-trained) RED30 29.71 27.62 26.36 28.46 26.35 25.08 29.02 26.40 24.74
progressively remove image noise. Noloy Toags Denuised Tmage TNRD | 2883 | 27.7 | 2494 | 27.64 | 2596 | 23.83 | 2740 | 2552 | 22.63
> We propose a Multi-Scale Aggregation Group (MSAG) for feature IRCNN | 31.24 1 2893 | N/A | 3022 | 2786 | NA | 3028 | 27.69 | N/A
b : p : : 5sTts P ( , ) Strategy-II: Heterogeneous Teacher-Student Framework --- Heterogeneous Mode DnCNN 31.39 29.16 27.64 30.40 28.01 26.56 30.28 28.16 26.17
extraction. MSAB 1s the basic components of MDRN, which can extract | = =rorormmmommmr e MemNet | 29.67 | 27.65 | 2640 | 2839 | 2633 | 2508 | 2893 | 2653 | 2493
. . . . C e e FFDNet | 31.39 | 29.10 | 2768 | 3031 | 27.96 | 2653 | 30.53 | 28.05 | 26.39
rich multi-scale features with few parameters. > Reconstruction Loss » Knowledge Distillation Loss MLEFGN | 31.67 | 2938 | 2794 | 3056 | 2821 | 2675 | 3132 | 2892 | 27.8
c 1T gl : ~ MDRN (Ours) | 31.68 | 2940 | 27.96 | 3037 | 2823 | 2677 | 3135 | 2896 | 2732
» We propose two Heterogeneous Knowledge Distillation Strategies " oy Yo MDRN+ (Ours) | 3173 | 2944 | 2801 | 30.61 | 2827 | 2682 | 3141 | 29.00 | 27.37
(HKDS) for SID. With the help of HKDS, MDRN can learn richer and LRrL = ||FSID (Inaisy) = Iclearul KDL = Z |56 (Inoisy) — T (Tnoisy)|
,1=2,3,4
more accurate features from the teacher model. Y : "
Visual Comparison
Method Ablation Studies
Method Parm. | Setl2 | BSD68 |Urban100
: : : Method Para.| Setl2 | BSD68 | Urbanl00
Multiple Degradation and Reconstruction Network (MDRN) Kot T e PR g— T =50 | 0=50 | o=50
DRN (2 0K (35,8710 35 3L 2108 31{33 6208 74 MLEFON 0.8M| 2754 | 2009 ) 27.22 29.68/0.8227  _ 29.85/0.8295  _ 29.87/0.8311 PSNR/SSIM
MDRN (2B) 770K|32.87(27.35(31.72|26.31|32.82(26.74 : .
- MDRN (2B) + HADS|770K|32.96/27.43|31.78|26.40(32.98|26.84 e 23BN 5730 | 2041 | 24 = ,,f""? A k T'Tl
" —>Con—> Com—> ‘1” MDRN + HMDS (25)(2.38M| 27.63 | 26.46 | 27.38 AT t .'. AN
MSAG-1| T ((|MSAG2| A T> \ |MSAGS MsAG-4| —»Lon . N L-'-" ‘t" 4:.-. A _.-. . : |
)’c‘ o N S Ly C‘( i ) Method Parm. | Kodak24 |CBSD68 | Urban100 i g’ 8 ;\ T, 1 \ \\ | | \\\
— QL i Method " TPara.| Kodak# | CBSDGS [ Urbanl00 NoiseLevel | - | o=70 | o=70 | o=T0 PR \‘N\ N x\\\\ HRNNN \.,:\\\\\\ m\\
Noisy Image — — Denoised Image FFDNet SSTRI3T 391776813031 126.53130 5312639 MLEFGN 6.86M| 2794 | 2675 | 27.28 14.77/0.2073  26.22/0.7693  26.48/0.7794  27.24/0.8105  27.37/0.8136  PSNR/SSIM
N A ‘ MDRN (2B) 770K |31.40(27.69(30.38/26.59(30.66(26.57 MDRN 2.38M| 27.96 26.77 27.32 : FFDNet MLEFGN MDRN-Ours
MDRN (2B) + HADS|770K|31.47(27.73/30.42|26.63|30.78|26.64 MDRN + HMDS (50)|2.38M| 28.00 26.81 27.45
—_— —— R— - R——  —— ..
‘ \ "
_______________________________________________________________________________________ RS \ 15.91/0.3238 27.14/0.8873 _ 27.04/0. 8825 27.73/0.8983  28.28/0.9068 PSNR/SSIM
) | MDRN-2B _  with HADS =
E "« Downsample Operation S A : | |
! Multi-scale . :
' Apgregation Group l;estoratlon A Upsample Operation Skip Connection i
} (MSAG) BESNETITRy ) i .| | '- | | - IMG059 15.62/0.2435 29.26/0.8601 29.10/0.8571 30.04/0.8742 30.67/0.8837 PSNR/SSIM
""""""""""""""""""""""""""""""""""""""""""""""""""""" IMGO026 MDRN-2B  with HADS IMG099 MDRN with HMDS Noise DnCNN FFDNet MLEFGN MDRN-Ours GT




