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What is SISR ?

Single Image Super-Resolution (SISR) aims to reconstruct a super-resolution (SR)
image from its degraded low-resolution (LR) one, which is receiving increasing

attention in academia and industry.

What is the role of SISR ?

SISR has been widely used for computer vision tasks such as medical image
enhancement, video superresolution, and facial illusion. The quality of SR images

largely affects the accuracy of image recognition and segmentation tasks.
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How to reconstruct SR images ?

Bicudlc
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How to reconstruct SR image ?

( SRCNN / VDSR / SRResNet / EDSR / RDN / MSRN / RCAN }
AN

e \ SR Net
LR ‘ ‘ o
traming
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The deeper, the better ?
RCAN, 800+ layers

RDN, 145+ layers

EDSR, 65+ layers

VDSR, 20 layers

o—

SRCNN, 3 layers
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Channel attention mechanism necessary for SISR ?

Fo (W)

et
1= 121 %f \

Fﬂ. H F.':rm‘e'- ( : }

X U

HF

W' W

Squeze-gnd-Excitation / Channel Attention, SENet

Jie Hu, Li Shen, Gang Sun.Squeeze-and-Excitation Networks.

Method RIRN( x 2) RCAN(x 2) [50]
Scale PSNR/SSIM Time (s) PSNR/SSIM Time (s)
Set5 38.24/0.9613 0.21s 38.26/0.9615 0.60s
Set14 33.91/0.9206 (.33s 33.98/0.9210 1.11s

BSD100 32.37/0.9021 0.24s 32.39/0.9024 0.75s

Urbanl100 33.10/0.9370 1.04s 33.24/0.9377 3.78s
Mangal(09 39.31/0.9784 1.22s 39.37/0.9785 4.55s
Average 35.39/0.9399 0.61s 35.45/0.9402 2.16s

Table 1. The performance comparison with and without the CAM.
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Previous works on simulating degradation models still meaningful ?
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. Real Data

Laplacian prramid decompositicn
) h S|
— e
e m [ ] =®
FL i w T
HEE ]
kexk

RealSR: © :
Comvnlution block 1 TR
2 hy
d S
Shutile downsampling " Wiy
=1 ¢

Shuftle upsampling kxk ,
t=-=  (Onek = kkemel ny
L . 4 # h N ﬁ
[:I Coe k = k parch Wi, 4
Apply per-pixel kernels knk ! Wi
* Lo corresponding palches Per-pixel kernels Petiipoealiitigs
Lehillerent level ar difterant levals



R TCeV 2019

Introduction & Motivation y . % Seoul, Koveo

How to design a network with infinite possibilities ?

: | The fractal structure was proposed by
u e Y B.B.Mandelbrot in 1973, which is usually
L\ /o | . 1
3 Companent defined as " a rough or fragmentary
<L geometry, it can be divided into several parts,
and each part 1s (at least approximately) an
overall reduced shape” . It has the following
characteristics:

(a). self similarity

(b). infinitely fine structure

(c). can be defined by a simple method and
Fractal Tree generated by recursion and iteration.
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Motivation:

1. We aim to explore a lightweight and accurate SISR framework.

2. We aim to simplify the design of network structure by introducing the fractal structure.

Contribution:

A. We propose a fractal module (FM) to simplify the model design, which can generate an infinite number
of new structures via a simple component. Meanwhile, the fractal structure can be easily integrated with
modern modules to create unlimited possibilities.

B. We develop a Super Resolution Recursive Fractal Network, which introduces the fractal module and
recursive learning mechanism to maximize the model performance.

C. SRRFN achieves superior results with fewer parameters and faster execution time. Especially, it
achieves state-of-the-art results in BD and DN degrade models.
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Fractal Module (FM):
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Recursive Mechanism (RM):
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Integration with Modern Modules:
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e Geale Sets [3] Setld [43] B3DS 100 [Z] Urban 100 [15] Mangal09 (310 Average

B I [ ] = PSNER / 55T™M PSNE / 55IM PSNR / 5STM PSNR / 55T PSNR. / S5TM PSNR / 55T™
' Bicubic w2 33.66 /09299 30.24 / (LBOEE 29.56/0.8431 26,88 /(L8403 30,80 f(.93349 30023 708832
SRONN [&] w2 3666 /09542 3245709067 .36/ 08879 2050 /0.8946 35.60 /0.9663 33.11/09219
LapSRN [21] w2 37.52 10.0959] 3308709130 3180/ 0.8950 3041 /09101 3727 /09740 34.02 /09302
VISR [:Tﬁ:] w2 37.53 /709590 330570930 31.90/0.8960 30,77 /09140 3722 /09750 34.00/0.9314
MemNet [23] w2 3778 109597 3328709142 32,08 /0.8978 3131 /09195 3772 /0.9740 34437089330
SEMDNF E{ﬁ =2 37.79 /09601 33.32/09159 32,05 /0.8985 31.33/09204 AR07 /09761 34.51/0.9342
MSRN [24] w2 3BT 1090608 33.68 /09184 32.22 109002 3232708304 38.64 /09771 34997049374
D_DBEFPN |] w2 3809 /09600 33857049190 32.27 /0.9000 32.55/0M8324 3889 /09775 35.13/0.0378
MDSRE E:_E:i W2 38.11 /09602 3385/0.9198 3229709007 3234 /09347 AR96 /09776 35.21 /09386
EDSR [26] w2 38.11 /09602 33.92/09195 3232709013 3293 /089351 3910 /089773 35277049387
RDN ESTa w2 38.24 /09614 34.01 /09212 23/09m7 32,89 /09353 3018 /09780 35.33/0.9395
SRREFN (Ours) w2 3818 /00612 3397709210 3235700018 33.04 /089361 3923 /09781 35.35/0.9396
SRREN+ (Ours) w2 38.24 /1 0.9614 34.13/0.9224 32,39 /0.9023 33.24 /0.9378 39.43 / 0.9786 3349/ 0.9405
Bicubic =3 30039/ 0.850682 2755707742 2721107385 2446/ 0.73449 2695 /08550 2731707943
SRONN [&] W3 3275 /09090 2030/ 0.8215 2841 /07863 2624/ (1.7989 048 /09117 20 44 / ().R455
VDSR [1§] w3 33.67 /09210 2078 (L8320 2883 70,7990 27.14 F (0L.E290 3201 /0.9340 30029 /08630
LapSRN E’:‘.‘Tﬂ ® 3 3382709227 2087 /0.8320 28.82 /07980 27.07 [ (L8280 3221 /09350 30,36/ 0.8631
MemNet [37] w3 3400 /09248 30,00/ 0.8350 2896/ 0.8001 2756 /08376 32.51 /0.9369 30,627 0.8669
SRMDNF [E7] w3 34.12 /0.9254 30004 7 0LE3K2 2897 F0.8025 27.57 F 08398 33.00 f0.9403 30074 /08692
MSRMN [{243 ] 3448 /1 0.9276 3040/ 0.8436 2913 /0.8061 2831/ 0.8560 3356 /09451 3118 /08757
MDSR [26] =3 34.66 / 0.9280 30044 £ 0.8452 2925 /08091 28,79 /(L8655 3417 /0.9472 3146/ 08790
EDSR 28] ® 3 3465 /09280 3052708462 2923 /08093 28.80 /(L8653 3709478 3148708793
RDN [511 =3 34.71 /09296 30057 £ OLB468 2926 /0.8093 2880/ (0L.8653 34.13 /09484 3149708799
SRREN (Ours) W3 34.74 7/ 0.9206 A0.62 /08478 29.29/0.8100 2898 /.8689 3436 /0.9491 3160 /08811
SREFMN+ (Ours) w3 34.84 /0.9303 30,70/ 0.8490 2935 /08110 29.21 /08721 34.66 /09505 3L.75/0.8826
Ricubic w4 2842708104 26,00/ 0.7027 2596/0.6675 2314/ 06577 24 89 /0. 7866 | 25.62/0.7250
SRCNN E,Eﬂ i | 30.48 f 08628 27507007513 26090 /0.7101 2452 /07221 27.58 /(L8555 2740/ 0.7804
VDSR [I5] wd 31.35 /L8830 28.02 F O0L.TOHR0 2729109267 25,18 /1 (.7340 2883 /08870 28.13 /7 0.8037
LapSRN 21 ®d 31.54 7 0.88350 28.19/0.7720 27.32/70.7270 25,21 /0.7560 2909 /0.8900 28.27 / 0.8060
MemNet [37] | 31.74 /08893 2H.26/70.7723 2740 /07281 2550/ 0.7630 2042 f0.8942 28,46/ 0.8094
SRMDNF [E7] | 3196 /00,8925 2R35/0.7787 27.49/70.7337 2568 /0773 30,09 /09024 2371 /08161
MSRN [24] | 32.25 /L8958 2R.63 /70,7833 2761 109377 26,20/ 0.7905 3057 /09103 29.05 /1 0.8235
D_DBPN E']U'J # 4 32,47 7 0.8980 28.82/0.7860 27.7270.7400 26,38 /0,796 091 /09137 29,26/ 0.8265
RDN 511 ®d 32.47 £ 08990 2881 /07871 27372/07419 26,61 f 08028 310009151 2932708292
EDSR 28] wd 32.46 /08968 2R.80/0.7876 27.71 70,7420 26.64 /0.8033 3102 /091458 29,33 /0.8289
MDSR [26] | 32.50 /0.8973 2872 M 0LTRAT 772007418 26,67 /08041 3111709140 2934/ 0.8287
SREFN (Ours) ®Ad 32.56 /0.8993 2386/ 0.7882 27.05/0.9424 26,78 /0.8071 31.22/091549 29.43 /0.8306

SRRFN+ (Ours) x4 32.66 / 0.9006 2895/ 0.7900 27.81 /0.7437 26.98 /L8113 3156 /0.9190 29.59/0.8329
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Bl:

BD

DN

J— i Sets 3] Setl4 H3) BSDS100 [2] Urban 100 [13] Mangal0y [31] Average

= ’ PSKR /7 S5IM PSNR / SS5TM PSNR [ 55IM PSNR / SSTM PSNR / S8TM PSNR / S5IM
DRCN [ 2 37.63 1 0.9584 33.06/ 09108 3185/ 0.8947 30.76 £ 0.9147 37.63 /709723 34,19 /0.9302
MS-LapSRN [22] %2 37.78 /0.9600 33.28 /09150 32.05/0.8980 3115709190 3778/ 0.9760 34.41/0.9336
DRRN [35] %2 37.74 10,9590 3323709140 32,05 F 0.8970 31.23/0.9190 37.92 709760 34.43 1 0.9330
SRFBN [23] %2 38.11/0.9609 3382709196 32.29/0.9010 3262709328 39.08 /09779 35.18/0.9384
SRRFN (Ours) w2 38.18 / 0.9612 33.97/0.9210 32.35/ 0.9018 33.04 /09361 39.23/0.9781 35.35/0.93%6
DRCN [19) x4 3385/0.9215 29.89 /08317 28.81 /10,7954 27.16/0.8311 3231709328 30,40 f0.8625
MS-LapSRN [22] x3 34.06 1 0.9240 29.97 7 0.8360 28.93 [ 0.8020 27.47 108370 32.6870.9390 30,62 1 0.8676
DREN [33] x3 34.03/0.9240 2996/ 0.8350 28.95 / 0.8000 27.53 /07640 3274 70,9390 30.64 /0.8524
SRFBN [23] X3 34.70/0.9292 30.51 /08461 2024 /(L8084 2873 /08641 3418709481 3147 /0.8792
SRRFN (Ours) w3 34.74 1/ 0.9296 30.62/ 0.8478 29.29 7 L8100 28.98 / 0.868Y 34.36/ 0.9491 31.60 / 0.8811
DRCN [19] w4 356 /08810 2815707627 27,24/ 0.7150 2515 /0.7530 2898/ 0.8816 28.22 /0. 7987
DRRN [35] A 3168 /08584 2821707722 27.38 7 0.7240 2544 10,7640 29,46 / (L5960 28.43 1 0.8090
MS-LapSRN [22] wd 31.74 7 0.8890 28.26/ 0.7740 2743 /0.7310 25.51 /0.7680 29,54 /0.8970 28.50 /08118
SRFBN [23] wAd 32.47 /0.8983 28.8170.7868 27.72 10,7409 26.60 / 0.8015 315709160 20.35 / ().8287
SERFN (Ours) x 4 32.56/0.8993 28.86 / 0.7882 27.75/0.7424 26.78 / 0.8071 31.22/0.9159 2943 /0.8318
Model Methods Set5 Setl4 B5DS100 Urban 100 Mangal(9 Average

PSNR / S5TM PSNR /55T PSNR / SSIM PSNR / S5TM PSNR / SSIM PSNR / SST™M

Bicubic 2834/ 0.81a1 2612707106 26.02/0.6733 23.20/ 06601 2503 /10,7987 2574707318

SRCNN [6] 31.63/0.8888 2852707924 2796/ 0.7526 25331707612 2879/ 0.8851 2840708159

VDSR [15] 33.30/09159 20,67 / (L.R269 28.63 /0.7903 2675 (L8145 31.66 7 0.9260 3000/ 08347

BD SEMD(NF) [47] 34097009242 30011 7 0.83064 28.98 7 0.800%9 27.50/ 08370 32.97/05939] 3073/ 008675

RDN [31] 3457 /09280 30.53 7 0.8447 29.23 /08079 2846/ 08381 3397/ 0.9465 31.35 /08770

SRFBN [23] 3466/ 09283 3048708439 29.21 /08069 2848 / (L8381 34.07 7 0.9466 J13R/ 08768

RCAN [50] 3470/ 0.9288 30,63 / 0.84062 29.32 7 0.8093 2881 / 0.8647 3438/ 0.9483 3L5T /08795

SERFN (Ours) 3477/ 0.9293 30.67 /08469 2931/ 0.8096 28,85/ 0.R653 3451 /0.9489 31.62 /7 0.R800

SRREN+ (Ours) 34.86/ 0.9299 30.76 / 0.8479 29.36/ 0.8105 29.06 / 1.8682 34.80 / 0.9502 31.77/0.8813

Bicubic 24.14/70.5445 23,147 0.4828 22,94/ 04461 21.63/ 04701 2308/ 0.5448 22.99/0.4977

SRCNN [h] 27.16/0.7672 2549 /L6580 2511 /0.6151 23.32 /06500 2578 10,7889 2537/ 06958

VDSE L] 2772707872 25,92 7 0.6780 2352/ 0.6345 23837 0.6797 2041/ 0.8130 2588 /07186

DN SRMD(NF) [47] 2774 /08026 2613 7 06974 25.64 / 0.6495 2428 10,7092 26.72 /08424 26.10/0.7402

RDN [21] 2846/ 08151 26,607 0.7101 2593 /0.6573 24,92 /1 0.7362 28.00 / 0.8590 26,78 /07555

SRFEN [23] 28.53/70.8182 26,607 0.7144 2595/ 0.6625 24.99 707424 2802/ 08618 26,82/ 0.7599

SRRFN (Ours) 28.57/0.8194 26.69 /07155 25.98 / 0.6630 2521 /007306 28.21 / 0.8646 26.93/0.7626

SRREN+ (Ours) 28.66 / 0.8211 26,75/ 0.7169 26,02 / 0.6639 25.34/0.7538 28.37 / 0.8672 27.03/0.7646
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<4 2045/0.6560 21.03/0.6989  2237/0.7780  22.72/0.7954  23.10/0.8023  PSNR/SSIM
Method Bicubic SRCNN MSRN [24] RCAN SRREN (Ours).  Ongeal (HR)
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RCAN & SRRFN:

, Sets [3) Setl4 [45) BSDS100 [2] Urhan 100 [13) Mangal09 [31] Average

Algorithm Scale | Parameicrs & ; ; i : : . £ - ; - ;
PSNR /551M / Time | PSNR 7 55IM / Time | PSNR / SSIM / Time | PSNR / S5IM / Time | PSNR / S5IM / Time || PSKR / 551IM / Time
RCAN [50)] » 2 15,440 | 38.27 /09614 / 0.60s | 34.12/0.9216 /7 1.11s | 3241 /09027 / 0.755 | 33.34 7 0.9384 / 3.78: | 39.44 /0.9786 / 4,555 || 3552 /0.9405/ 2.16s
 SREFN (Ours) | =2 4.06M | 3R 18709612/ 0215 | 3397 /0921070355 | 3235709018 /0245 | 33.04 /09301 /107 | 3923 09781 7 1.255 || 3535 /09396 /(1.61s
' RCAN [50] 3 15.63M | 34.74 /09299 / 0.34s | 30.65 / 0.8482 / 0.555 | 29.32/ 0.8111/0.41s | 29.09 / 0.8702 / 1.89s | 34.44 /09499 / 2.33s || 31.65 / 0.8818 / 1.10s
SERFN (Ours) | =3 4.24M | 34.74 /09296 /0.1 7s [ 30062 F 0.8478 7 0.235 [ 29.29 /08100 / 0.16s | 28.98 / 0.8689 /(1.62s | 3436/ 0.949]1 /1 0.79s || 31.60/ 0.8811 / 0.39s
RCAN [50] x4 15.59M | 32,63 /09002 / 0.30s | 28.87 07889 /0,405 | 27.77 /0.7436 / 0,30 | 26,82 0.8087 /1,215 | 3122709173/ 1.505 || 29.46 / 0.8317 /(). 74x
SERFN (Ours) | =41 4.21M | 3256708993 /0,165 | 28.86 /07882 7 0.19s | 27.75 /707424 /0.10x | 26,78 F 08071 /0475 | 3022/ 0.91539 7 0.58s || 29.43 / 0.8318 /0.31s

Quantitative comparisons (PSNR/SSIM, Parameters, and Execution time) with RCAN
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Study of Fractal Depth (D) & Recursive Stage (S):

Study of Fractal Depth (D), Urban100 (x2) - Study of Recursive Stage (S), Urban100 (x2)
D=4, parameters=12.76M '
S=5, time=1.50s
33 4 1
33.0 A S=4, time=1.25s
32 7 = =
D=3, parameters=3.32M S=3. time=1.02s
31 D=2, parameters=0.96M 2 359 $=2, time=0.78s
=4
=
30 4 \n
32.8 A
29 -
28 - .
327 % 5=1,time=0.52s
D=1, parameters=0.37M
271f0 15 2.0 25 30 35 4.0 1.0 15 2.0 2.5 3.0 3.5 4.0 4.5 5.0

Fractal Depth (D) Recursive Stage (S)
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Model Size and Execution Time:

Model Size, Setl4 (x3)

SRRFN+(Qurs)

30.8 1 30.70dB 30.57dB
RDN 30.52dB
30.6 @ ® EDSR
SRRFN(Ours) RCAN Py
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We proposed a Super-Resolution Recursive Fractal Network (SRRFN). This is a
lightweight and accurate SR framework.

SRRFN introduces the fractal module (FM) for feature extraction and uses
recursive mechanism for recursive residual learning, which achieves competitive
results with fewer parameters and faster execution time.
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@ Benefits of SRRFN: @ Limitations of SRRFN:

1. The fractal module can greatly simplifies 1. Which module to choose as

the model design and can construct an the basic component ?

infinite variety of topological structures

through a simple basic component. 2. How to set the fractal depth
2, These topologies structure provide a (D) as the final model depth?

large number of search paths that enable the

network to extract abundant image features AutoML + Fractal Module

to reconstruct high-quality SR images.






