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Data-Driven External Compensation Guided Deep Networks for Image Super-Resolution

YANG Wen-Han, LIU Jia-Ying, XIASi-Feng, GUO Zong-Ming

(Institiude of Computer Science and Technology, Peking University, Beijing 100871, China)

Abstract: Single-Image super-resolution reconstruction is undercut by the problem of ambiguity. For a given low-resolution (LR) patch,
there are several corresponding high-resolution (HR) patches. Learning-Based approaches suffer from this hindrance and are only capable
of learning the inverse mapping from the LR patch to the mean of these HR patches, resulting in visually blurred result. In order to
alleviate the high frequency loss caused by ambiguity, this paper presents a deep network for image super-resolution utilizing the online
retrieved data to compensate high-frequency details. This method constructs a deep network to predict the HR reconstruction through
three paths: A bypass connection directly inputting the LR image to the last layer of the network; an internal high-frequency information
inference path regressing the HR images based on the input LR image, to reconstruct the main structure of the HR images; and another
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external high-frequency information compensation path enhancing the results of internal inference based on the online retrieved similar
images. In the second path, to effectively extract the high-frequency details adaptively for the reconstruction of the internal inference, the
high-frequency details are transferred under the constraints measured by hierarchical features. Compared with previous conventional
cloud-based image super-resolution methods, the proposed method is end-to-end trainable. Thus, after training on a large dataset, the
proposed method is capable of modeling internal inference and external compensation, and making a good trade-off between these two
terms to obtain the best reconstruction result. The experimental results on image super-resolution demonstrate the superiority of the
proposed method to not only conventional data-driven image super-resolution methods but also recently proposed deep learning
approaches in both subjective and objective evaluations.

Key words: super-resolution; exteral compensation; deep learning; internal inference
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Fig.1 Framework of the proposed dual high-frequency detail reconstruction networks
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B 7 VR BEAT LR X e Ty kA A T AR [ U 1 EE g (NE)Y 3 T BN A MR TR S R
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ON B HN R4 b 0 8RR A B9 7 ¥E bR A NE-cloud. I 4 1% 1 Oxford Building Dataset!™*! Jtfu3% 8 21, 1% 2
B 5 T AN B G A SRR 4 5K 575 UGS IS a5 in DA 5.
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Fig.2 Testing images
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Fig.3 Demonstration for reference image retreval
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Table 2 PSNR and SSIM results of different methods (under configuration I)

£ 2 KNEJTHEK PSNR Al SSIM 45 B (K& 1)
RIREA sk Landmark GSSR DEGREE AT
| T [ 3 4 2 3 4 2 3 4 2 3 4
gy | PSNR 3041 2931 2771 | 3139 2920 2769 [ 3256 2948 2785 [3366 3093 2935
SSIM |0.8603 0.8258 0.7863 | 0.8941 0.8401 0.7845| 0.9224 0.8490 0.7909 [0.9370 0.8842 0.8350

PSNR | 3.25 1.63 1.64 2.27 1.74 1.67 1.10 1.45 1.50 - - -

M| ssim [0.0700 00508 0.0487 | 0.0429 00365 0.0505| 0.0079 00351 00441 — — —
Table 3 PSNR and SSIM results of different methods (under configuration 11)
£ 3 AFEJTEM PSNR il SSIM 45 B (FL & 2)
ik s b NE-Cloud VDSR LT
g | " 2 3 4 2 3 4 2 3 4
sy | PSNR [ 3219 29.47 28.08 33.12 29.90 28.34 33.94 31.28 30.04
- | SSIM | 09216 0.8505 07962 | 0.9310  0.8595 0.803 2 09421 08921  0.8560
was | PSNR 1.75 1.81 1.96 0.81 1.38 1.70 - - -
- SSIM | 0.0205 0.0417  0.0598 | 00111  0.0326 0.052 8 - - -
35 EMER

EWE R an i 3 Brs. T Oxford Building Dataset H ) 45 42 43 1 R ¢ K (1024x768). A I, 3= WL 45 SR AN &
TN A e B PR I SRR, LA S 7 B b L B RS (R 5 vk R AN AN E VA E 1 AR 2 AR
FEECR I s R an &l 4 R 5 R,

(@) HR (b) DEGREE (c) Landmark (d) GSSR (&) A
Fig.4 Subjective results of different methods in 3% enlargement on the local regions of
testing image ‘h’, ‘d’ and ‘b’ (Configuration I)
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% GSSR 7EF| AR S 2% BV A5 B A B RS A BAE 2 R L, BE 25 5 51NNl 1) DT e PR Bl A B g 4 R o
55 2 X% % .DEGREE A1l VDSR REWS AR 4 b =A% H 45 #4005 S M0 7 i A5 5 AR, B R R FE A1 B A AL ]
PRI A5 2 I P 77 35 0 1 L A B RO A v A T R B T AR SO T i e St R TRAR b B e A L
TAE B 0 2% I, ) B X PAY S e A S B A R S S e A S A AT IR S R, S e o i 1 AT AL,
AL T3 WA LU C AR 822 R B, AT R A AR BRI oS U EEE A B R 1 A R AR
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(a) HR (b) NE-Cloud (c) VDSR (d) A&7
Fig.5 Subjective results of different methods in 4x enlargement on the local regions of
testing image ‘f’, “h” and ‘g’ (Configuration I1)
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Fig.6 Illustrations for the intermediate results of the proposed method
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2y, IR SN I S AE LA B2 AR B A N HEAT R AR 3R 4 PR Gl AR I R A S e IR ANt P B, O AR A
P8 A2 S B AR PR S N HEAT JH — A, R AR TR A4S LUE— 2P R T PSNR 38 2504 0.4dB.3%K 4 1,3 FhELIL 73l
DR B L AN R A IS ' ORI CL SR Bl IR A8 S 8 TR 4% bt i AN AN HEAT A — AR B AR SO B SR DL &

FERERIA S
Table 4 Average PSNR and SSIM results (under configuration 1)
F 4 3IFEILNT PSNR Rl SSIM 45 R (L H 1)
JE R bR %7k 5 1%:(DEGREE) SN R BR AR ARSI AN — 1 AT

1y PSNR 29.48 30.53 30.93
SSIM 0.849 0 0.8813 0.884 2

1425 PSNR 1.45 0.40 -

= SSIM 0.035 1 0.002 9 -

3.7 SEEBRN BN ERMENT W

5 R TAETE 3 5K N AR FA %2 2% AR HT Sh A ME B i P pe b fH ) 0 k=%
PG 3R 7R A FH A1 38 2 25 BB ) P9 360 2 78 445 T, 7R BRI R 36 8 D 465 [0 88 2 7 o0 T T 4 SR N 45 R T DA A L
TAUE R EG A E S AR 1 5k S5 BRI AT S 34 R AR K B PEBe 3 &3, o 7 PSNR #8254
1dB,SSIM Hi#iy 0.027 LAHW T 1 kAN HEEG LR 2 fksh % BE % & K 0 8 1M ae i
#1,PSNR 3 7 4 0.32dB,SSIM #2524 0.005 4.4k 823 I ff Fl 4130 2 2% G 0 B 88 oy 22 5 3 o B B A (R 47

Table 5 Average PSNR and SSIM results of the proposed method using different numbers of external reference

images for the external compensated super-resolution with 3 as the scaling factor (under configuration II)
RS TE3EBORT A SCITVEM A FA #22% BURBEAT SR M2 B @ 1) PSNR 1 SSIM &5 R (R & 2)

SH BB 0 1 2
PSNR 29.90 30.90 31.22
SSIM 0.859 5 0.886 6 0.8920

3 4
31.25 31.28
0.892 2 0.8921

3.8 MEFENERZMENTM

R 6 S T AN IRAEAE R AN R G R E R 4 5KRETR T 1 KA R IEM . 4 5KER T
A 1 SRR RN R SE AT 1L 5 Rl DL N B0 2 #F R B VR RE NG R mT BUR I A SOE + 0 B4 £ 4
R R g8 A AL A 0T, R RS R M B4R 2k PSNR 412k 0.16dB. Ak, R ZEAG R 45 Rh i & IE i 45 R,
AR SCT5 12 A P G r AR BL A JE A Bt 2 % 5 EESE A OR B 1O T MY 2 PSNIR 39 2 79 1.17dB,SSIM # 22y
0.028 8.HLAN AT AE SN S EE . SMBSH G A N R RS RSN S E BB RS 1 KIE
K2R &5 R DL REAT RL o X B, B 7 TR AR RS B RIS 25 RS R 2 H IR 2 1) 4 AN R AU (4 ]
T(C)FoR), AR 45 R 2 HH DL LM 35 RO, M AR R 45 R b B 0 Lk IR B 45 SR (B 7(d) Brom ), A ST v g
A7 RCHE BRI B M R A 2R (0 T8, R — 3 20 5 v 20 2R IR (B AL v A 4 1

Table 6 Average PSNR and SSIM results of the proposed method when there are non-similar images in the

retrieved images for the external compensated super-resolution with 3 as the scaling factor (under configuration I1)

®6 L3N, AR RS RAFAE AR, A SO A AT Sh Mt 2 R A

PSNR 711 SSIM £5 R (AL & 2)

1 2R 45 S AR AL 5 B A H 0 1 3
PSNR 31.28 31.24 30.91
SSIM 0.892 1 0.891 4 0.8850

4 ARG EZ % KR
29.74 29.90
0.856 2 0.8595

B 7(a) Ao P g 1" B 7(b) NN E AR 1B T(C)NTER R S UG A S A R I LN ) B A

R INE ANERESHEGES 1 IRIERS R T ERE R
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(@ (b) (© (d)

Fig.7 llustrations for high-frequency detail reconstruction with inaccurately retrieved results
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