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An Efficient Multi-Model Super Resolution Framework
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Abstract  Super resolution (SR) technique is an important means for image resolution improvement, which
has been widely used in remote sensing, medicine image processing, target recognition and tracking etc. In recent
years, the deep learning techniques also have been applied in the SR domain successfully. However, researchers
pay most of their attentions on the quality of the output images, but ignore the training or reconstruction
efficiency. In this paper, we found that for images with different texture features, the most appropriate models are
usually different. Based on this observation, a multi-model super resolution framework (MMSR) is proposed,
which can choose a suitable network model for each image for training. Experimental results with the DIV 2K
image set indicate that, efficiency can be improved 66.7% without the loss of image quality. Moreover, MMSR

exhibits good scalability.
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Fig.2 Structure of the training module in MMSR
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Fig.3 Structure of the reconstruction module in MMSR
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Fig. 4 Image segments are sent to different modules according to their texture features
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Fig. 5 The reconstruction module put a group of image segments together into a complete high resolution image
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Fig. 6 A group of boundary overlapped images are put together into a complete high resolution image
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Fig. 7 The training results of images with different features

(TVAT values) on different networks
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Table 1 Relationship between the TVAT values and different GAN network models

WREGSET  TVAT f& AU RED B2 R
2-2 4-2 4-6 8-6 16-8
1 0.223 16 10.770 9 10.709 3 8.947 4 10.677 2 134531 4-6
2 0.141 25 10.728 6 10.241 2 9.801 5 10.626 5 11.030 4 4-6
3 5.840 19 6.845 6 6.784 8 6.901 9 6.847 8 6.4810 16-8
4 0.363 91 14958 5 10.445 1 14.367 7 12.960 2 11.126 8 4-2
5 1.462 80 7.046 6 69128 7.6555 74745 7.762 6 4-2
6 4.545 11 58232 57170 6.066 1 54763 53578 16-8
7 4.158 10 6.4053 6.4270 6.8263 64317 6.696 9 2-2
8 2.500 22 6.840 8 69172 6.8703 6.720 1 7.001 5 8-6
9 0.055 13 12.887 8 9.068 2 149559 12.136 2 14.2192 4-2
10 3.307 24 6.621 1 62182 6.956 8 6.158 1 6.1914 8-6
11 3.013 82 72778 6.991 4 6.658 8 6.694 7 6.5318 16-8
12 0.064 23 11.714 4 10.397 7 10.388 3 11.199 8 11.494 6 4-6
13 4.395 49 6.6559 6.576 5 6.788 1 6.661 9 58498 16-8
14 0.274 29 11.2172 10.588 5 9.8657 129558 10.693 3 4-6
15 0.323 17 9.661 1 9.091 4 8.961 0 9.673 0 9.5313 4-6
16 5.959 09 7.742 3 7.560 6 7.674 5 771217 7.199 4 16-8
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Table 2 Main parameters of the computation nodes
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Fig. 8 The relationship between PI and the loss of image



56 £

BEoOR 2019 4

G B BRI E, WEGRE SR,

i PI{E I8 S & (U A 7E T e 5
A NIRFIEIEAZ, X S AR R bR i R AR
A, 1 H, SRGAN LM Fe 4 5 47 ik J5 i B4
MISCERANTT, DAIREE 47 fod e UG T &

A iEFE Python i 7 SEIL MMSR HEZE,
ffi Fil PyTorch""™" " HEALSZHL T I Zhbise. Hor,
PyTorch /& — N FURIT) Python A& 5> (BT
Torch SEHL) , IEFEHEBESKER V2 B FH 7E M i
AL S
42 LWLER

LG, RAE RGN TVAT R e N 3
%, JEEEARFN GPU F S #TI%. MWE 3
A LLEF], 5 16-8 SRGAN W24 R P (X 2
PRUENT SRGAN #81) #H L, MMSR [#ll Zki [a]
KRG% . JfEHHA GPU T i, X 3 KK
% R A A ATHUBEAT U 2k, MMSR 5K P BE s
bRy 1.62; TMAEMEH 3 A GPU i pifif, X 3 3%
PG AT A AT M BE4T )11 4R, A e MMSR 5 5K 1
PERE I Ltk — BT, 48 2.9,

B9 Wi T MMSR A1 I Ath 75 2
(SRGAN. Bicubic) Ariffd i &G M. PI
ERR/N, R R Lo RO,

3 ARFGEBIVIGRETE

Table 3 The training time of different approaches
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Fig. 9 The quality of images generated by different approaches
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