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Single Image Super-Resolution Reconstruction Based on VGG Energy Loss

DING Ling"? DING Shi-Fei’, ZHANG Jian!, ZHANG Zi-Chen*

!(School of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116, China)
?(Xuhai College, China University of Mining and Technology, Xuzhou 221008, China)

Abstract:  Single image super-resolution (SR) is an important task in image synthesis. Based on neural nets, the loss function in the SR
task commonly contains a content-based reconstruction loss and a generative adversarial network (GAN) based regularization loss.
However, due to the instability of GAN training, the generated discriminative signal of a high-resolution image from the GAN loss is not
stable in the SRGAN model. In order to alleviate this problem, based on the commonly used VGG reconstruction loss, this study designs a
stable energy-based regularization loss, which is called VGG energy loss. The proposed VGG energy loss in this study uses the VGG
encoder in the reconstruction loss as an encoder, and designs the corresponding decoder to build a VGG-U-Net auto encoder: VGG-UAE;
by using the VGG-UAE as the energy function, which can provide gradients for the generator, the generated high-resolution samples track
the energy flow of real data. Experiments verify that a generative model using the proposed VGG energy loss can generate more effective
high-resolution images.
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[0 R T R PS5 A 22 I 28 0 5 TN 1) SRAT 45 v 3 T 1 28 I 4% (1) SRAT 45 #1842 LA 6 25 S 19 5 3 S B ), Aol 46 1 4%
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Fig.1 Diagram of a SRGAN model and some generated unreal images
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NZE S I AR B T B R RO B R P B AR AT ] VGG 2 0 43 R T 11 5 1) AR 30 23 2L K 1 O 45 Ry ——
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Fig.2 Diagram of a VGG-SRGAN model
2 VGG-SRGAN [f) 5 AR i ]
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AR R VIZRAF 19 VGG G A 199 2% 42 AT 80 BV RRFAIE oA 17 49 3 S8 A3 20K A 3 A O ik i AR SCEE X VGG 4
T 8% U T AH N 1 T 1 25 0 ARG 485 2 A3 T VGG 4t U-Net 25440, I 5 40 ) 25 A 250 ol B A (G 1) i o AR 5 )
FHAZ ] 25 25 A B 25 A5 AR BT 18 43 1% 0 IR AR AR B R B30 1) R B I A W P R B VGG e R 2k

5T VGG 43 1) U-Net:VGG-UAE 7R i B - a0 N (Wl 3 ), AR SCAE FH 12 99 28 5 004 1A T 9 53,75 2]
R 1R A0 0 U0). 3T SCHTIE VG G-SRGAN H 1 F bk bR B L FE IS 70 25 T VGG Gt i FLA 12K Leon
HIEET VGG R & X B K Loan. VGG 4t 25 K RFAEH2 UL R E 4 VG Greature(*)-

MR BRATE XA 2 Generator, AT W5 AN 191 28 5 XA

Leon=[VGGreature(Real_H)—VGGrearre(Fake_H)]? 1)

o Real _H 2R FUS2H B 40 HER BS (BT 523 ), Fake_H 2675 1 A= 12 45 31 0 -5 2052 RIMG X I 1 £ 38 1) o 4
iR B

Fake_H=Generator(Input_L) where resolution(Fake_H)=4xresolution(Input_L) 2)

M 2 5(2), 7T LUE ] Generator, H iy A FAIS23 95 4% E15 Input_L 2B 00 B 1 i1 73 9 4% 16145 Fake_H. A 5 (1)
MM VGG #ifith i it 75T VGG i ith O F AR 5 ok Fdi g UIE T VGG g AR Ptk

Loy = Eyorake_n [U)]- Eyoreal H [U (x)] where Fake _H = Generator(Input _L) 3)

Hodr U(x) A e 2R 8L, R I AE TE 1% AE JE T8 VGG Znfi 2% 111 U-Net I 45 % tH SR 400 2%, R i T
WRAE A e 2 R AL

U(X)=AE_L05s(VGGearure(Image_H)) 4)

o b T B SE IR i 23 HE % I R Real _H, 159 3 55 2 %68 B K BE U et (X) BB IK) H FR 2 — 2 AT DA 1) 18 23 B 0 IR
B IB IR E Uea(X). B85 U W LUE/ESRRTE, 2000 N 2 A T 55 e (0 A1 A DR T B A ek B0 R T e =
BRI B30 PR A0 L, A AR U B AR Bl 0. b, 24 5 (3) FT LA K R B A
Loan = Lan + AE, Real [v,u(x) ||2] (5)
(K11, VGG-SRGAN ] F b bR H T LLEE R
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7 ImageNet |- Il Z: 47 E’JVGG%E%%% EF 0T VGG G %5 ¥ U 1 U-Netff g

> 3x3G A np 33 [ A
> 2x2 (1) dp Kt A1
Fig.3 Diagram of a VGG coding based U-Net: VGG-UAE
3 JET VGG 4fd ) U-Net: VGG-UAE 715 ik 4]

W25 B Z5 L GAN [ J7 sCBEAT, 1 218 2 e % Generator MIG 43 3 556 4% 2 R i 23 3 6 R AR A
ImageNet 448 FUIZRGF 1K VGG W &IV E, I VGG R AEF B 2K BRI EL Loony B4 VGG REAE, K4 ERAH Y.
AL 2% 4 L T U-Net ZE44 (1 VGG-UAE #7141 VGG-UAE (1) 75 #4153 25 T A/E 33 2% B 3 Loan; W 405 450 2 6 55, 1)
FHBRJE T B 7585 VGG-UAE H (1 2 5UF Generator 1 (1288, 58 BB R 1K1 Y11 25 VG G-SRGAN 1l Zridd F2 2
Hik 1 PR,

H%E 1. VGG-SRGAN I ZREEIE H P VG Greawre A VIZRAF (1 ] 1€ ZH0 1K) VGG W 2%, eF1 A1 i 2 44

for t=1 to TEEARXKEY) do

N ESHE £ B 4y 7R B 5 Real _H.
B XS BL SR R 43 PR R Real _H, 0 JEBEAT 4x R FE 15 287 #F 4 ER Input_L.
#EHAC 23 1 5 AR AR B 23 i % R Fake_H F1 VGG HFAE:

Fake_H=Generator(Input_L); VGGtearure(Fake_H); VGGsearure(Real_H).
#I LT A A IR Leon:

Leon=[VGGreare(Real_H)~VGGieanure(Fake_H)]%.
#H# VGG-UAE g & s 3L
U(X)=AE_L0SS(VGGeature(Image_H)).

AL 5 BT E AL 2R Loan:

Laan=Ex-input_L[U(Generator(x))]-Ex-gear_n[U(X)]+AEx-real_nllIV W X)I].
#FR Y5 HK MBS Generator S50 R B6

V teenraier LLVCG feaure (GENETator (Input _ L) -E,. mput_[U (Generator (x))]}
#ARAE B K R B S VGG-UAE 1 RE B U 2 0B

Vg, {Exrear_n U (0] = Ey i [U (Generator (x))]+ AE, gear_n Il VU (X) 1} -
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end for
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fa F} SSIM). AL S0 EE 5236 i 5% JH (977 ¥ 24 bicubic interpolation. SRCNNEF!, SelfExSR?®1, SRResNet L & J&
T VGG-22 ¥ SRGANIU(IK Jy 3 T VGG-22 ) SRGAN 7E AL 35 b b B 17 78 51 0 25 B 10 v 3 1 o [R5 7
PR T R AL 2T VGG-54 [ SRGAN 45 5L 1% 45 R M PE 73 1 b 28 il EUR AR VGG-22 T8 I ), AH 55 £k
P RECT https://github.com/jbhuang0604/SelfExSR. 4% LA H ) VGG 4 f 2% 1 VGG-UAE T FH 1) VGG W %45
B VGG-19,i% M 45k ImageNet LTI ZR ¥R Sy 1 5 vh SR LR, FRATTHE 40 39 5 BB I A% 32 4k
B ) [-1, 1] A6 B0 R B LD A1k 3 Adam J7 VA ARAGEE B IF 48T B3 %0 8=0.9,% ST K ) 107 Leon 1 Loan
{10 Ll A1) 22 1 52k 1073 AR B 10° A SCAE I 1Y) Generator Hi 343 16 ANk 22 B A SCI) S5 46 L L% 1.

Table 1 PSNR and SSIM on different datasets based on different generative models
R 1 AFRIE B R A AR S 4 1) PSNR A1 SSIM

Set5 Bicubic SRCNN SelfExSR SRResNet SRGAN VGG-SRGAN HR
PSNR 28.44 30.10 30.17 32.09 29.68 30.02 0
SSIM 0.821 4 0.8591 0.880 0.9019 0.847 2 0.8511 1
Set1l4 Bicubic SRCNN SelfExSR SRResNet SRGAN VGG-SRGAN HR
PSNR 25.27 27.06 27.46 28.49 26.12 27.07 0
SSIM 0.7416 0.780 7 0.796 4 0.8184 0.750 1 0.7611 1

BSD100 Bicubic SRCNN SelfExSR SRResNet SRGAN VGG-SRGAN HR
PSNR 25.87 26.69 26.79 27.39 25.02 26.07 0
SSIM 0.690 2 0.722 1 0.7320 0.759 5 0.658 9 0.662 1 1

T LR T A ) VGG-SRGAN LA A X L A7 ZL s FE 1) PSNR 1 SSIM FR bR M i JE 1 LE Ok,
AR SCHE (R 73 BRI T SRGAN, B AN K A% 45 1) SRResNet. 57 H: Ji I8, 3 - ResNet K H ik 1) 199 2% 45 7 75 453
2R R B LA 2T A A R B, LT 30 PSNR FiI SSIM $ARIE & 28401, AL AE 38 A1 6T SRGAN FlAS SCH2
H 7 A R T U b s S 56 1 2 R PR A SO AR R B R R s B 4 TR,

W 4 JToR 4000 4 R AR G EOK R RE 5 55 B g0 A 4 arRLE L RATIHE VGG-
SRGAN  HE Y Gl A5 255 1 A i b5 B0 SI BUGORT 2D 15 43 9% 6 JRIAG, 0 -G 48 138 o0 (B0« Tl it 48)
—E I JRURE . R T HEAT IR0 b, BRATTKe 2 1243 BT P 30CR B 4 1F) SRResNet A1 SRGAN 7E A S04 b (1 4F %
B G 34T X L.

K 5 JE7" T SRResNet. SRGAN. VGG-SRGAN LA K I35 BG4 55 kb b 22 4058 147250 1 e Eg ok
SRResNet Az i B 1%, 58 2 4758 1 Mg 5 A L T Pl A% o b I SO 407105 28 1 AT HIZE 2 IR I8 2 %5 T SRGAN
A R, 2L VGG RRIE SRS W 48 20k 52 125 LATINEE 3 18 E% 2 VGG-SRGAN 4 1t El%, 1L VGG %
48 F VGG-UAE ' VGG IM)ZH# 2 19. W 5 Fios, Gik /2 SRGAN & 2 T 142 i i) VGG-SRGAN #ifi
Lt SRResNet 518 80 1) = 70 7% 26 IS5 LA TAE 40 715 L 0% ™ AL R 2 .SRGAN Fll VGG-SRGAN
FH L, 2 5 1D P A5 B % S i A ) L A A1 A A 1 e 75 4B T 2 VG G-SRG AN £ R — 2 41 15 15 S8 IR AT B e Al
A B PG B 0 T, ) IS A 45 M B A5 8 5 B0 T SRGANL HAh AR B i 23 39 2 1145 5 20 S IR 1R %o B SE 451 o
& 6 s,

W 6 s, 5 14T ERG TS 2 47 BIG K 1H 3R 45 Set14. Set5 #1 BSD100, 5% i — 17 33k 2K 1 T+ CelebA %
AL KT Setld. Set5 F1 BSD100 ##li 45, i TR A S b 48 Sk FATTORAIE 2 8 2 (K36 AR 8, AT R vl i
RaARE BT i PR B R A i B R 22 TR (R 2 B S Celeb A B 45, th TREARBUR 2 7 BB RIS — € AT R,
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Fig.4 Overall and detail comparison of a generated image of a VGG-SRGAN (left)
and the corresponding real image (right)
Kl 4 JET VGG-SRGAN L RIS (1) 55 152 G () IO HE AR R 40 15 0] EE

Fig.5 Comparison of a generated image of a VGG-SRGAN, that of comparative models, and the real image
K5 JET VGG-SRGAN 7 a5 Ly oAb s 2 TR Sz JEI 4R (o0 EE
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Fig.6 Overall comparison of generated images of a VGG-SRGAN (left) and the corresponding real images (right)
Kl 6 2T VGG-SRGAN AL B i 2 i I8 15 (1) 55 B0 MR (O ) (Y 3 A 0] Bl

FESEI0 8 3 AN SCRALE 1 3 H AR 03 i 26 B 1) 23 20 P AR A8 0L 15 TS RLR (R BETHA5 fls £1 o 4
20T B8 % SR RS B 1R Ja, L2 B i 23 e A LA I ARE

4 BESRE

T M R A A BCE DB RE IR Ax i o e AR AR SCHR TR T VGG e R 1 A Bl Y
VGG-SRGAN, 1Z 15 1 DG 43 HF 2 i) B AE e N A8 FHAE ImageNet b Il 2k 11 1] 58 B I VGG 45 1 A e A0 12
U2 BRI i 20 3 PG TR AR A AR I AR AR E A 5 P 5 1 452 2 R B Lgon AT VGG Rl S RS B4 B 45 2k
Loan,2LH1,7% VGG Rt & KA H VGG-UNet P 4% 1T XA 4 AE 854 VGG-UAE M H] % AE 1) H F 47 k4%
Sy R A FH g kbR SO 2R 0458 R 40 Ay Bl B S0 R A o 2 1) 8 10 U 5 S IR, EL AT A A il Wb B R 1 v 43
R FUG ARSC R S50 38 4 B iE T BT 3R SR 1A RhE, AR SCHR H K VGG-SRGAN AN BEWS ik 52 I 46 14 (1 S0
G075, HAT S D R S A ST M AR T, AR ST A R S0 A R 1 55 AR SR S5 T P 259 O I I i A
A, 41 SRResNet, 78 H S5 DR 76T H AiH 058 520 M e Am K 22 15 9 28453 A 56, DR IR AN BB AR e b sz 1ot 2 e Pl A%
(40T HE. BRATTRE T ORI AR S AE AR AR 1 ) ], - FR B IN3&E & SR AT 45 1 VAR 4R b
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