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GAN image super-resolution reconstruction model with improved residual block
and adversarial loss

ZHANG Yangyi, LIN Hong, GUAN Yuhua, LIU Chun

(College of Computer Science and Technology, Wuhan University of Technology, Wuhan 430063, China)

Abstract; Image super-resolution (SR) reconstruction is an important image processing technology to improve the
resolution of image and video in computer vision. Image reconstruction model based on deep learning has not been
satisfactory due to the too many layers involved, the excessively long training time resulting from difficult gradient
transmission, and the unsatisfactory reconstructed image. This paper proposes a generative adversarial networks
(GAN) image SR reconstruction model with improved residual block and adversarial loss. Firstly, on the model
structure, the residual blocks of the excess batch normalization were designed and combined into a generative
model, and the deep convolution network was used as the discriminant model to control the training direction of the
reconstructed image to reduce the model’ s calculation amount. Then, in the loss function, the Earth-Mover
distance was designed to alleviate model gradient disappearance. The L1 distance was used as the measure of the
degree of similarity between the reconstructed image and the high-resolution image to guide the model weight update
to improve the reconstructed visual effect. Experimental results from the DIV2K, Set5, and Setl4 datasets
demonstrate that compared with the model before improvement, the training time of the proposed model was reduced
by about 14% and the image reconstruction effect was effectively improved. For the loss function combined with
Earth-Mover distance and L1 distance, gradient disappearance was effectively alleviated. Therefore, the proposed
model significantly improved the SR reconstruction efficiency and visual effect of low-resolution images compared
with Bicubic, SRCNN, VDSR, and DSRN model.

Keywords : super-resolution construction; Generative Adversarial Networks (GAN) ; deep learning; Earth-Mover

distance ; adversarial loss
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Fig.3 Schematic diagram of generative model and discriminant
model
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Fig.6  Structure of the discriminant model

®2 FARBERESHEE
Tab.2  Parameter setting of convolution neural network in the

discriminant model

ERZ Eoy i 7NN PR LR
Conv_D1 4 x4 64 2
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2 Mk EH

S SCE T R EUG 1y , HOR R AR 23 B 3 5]
B 1, 38 T AR A5 B 1Y 5 o PR R R
IR G L. 2 SR HEREUR B TSR W,
JER H, GRS EEERE R C, e XAREECh
T BRI Wx Hx C L Fl T BRI R W x
rH x C.

A SCREARN e 2 B s 2 Yk — A iR 8L G,
iy AR ST HER UG T i e T 0 8 53 HE R AR
BRI G(1,) =1s. XA B, & EZ NG —DER
Mg g G, , I DL A B % R B I 15 3 6, =
Wby 3 b W O SRS LR RALE (b, K
i 2, FE T AT LASE 3 25 28 1 o PR BRI R 5 1,
(n=1,- N)FIXR BRI HER G 1 Pife=(2)



<132 - [7E N (- U A = - %51 %
536, A K BB S 1 Lipschitz 8%, (15 2 UM

; 1<
Oc = argmlnNZZS(Ge(;(]Ln),]H"). (2)
8¢ n=1

AR SCE T4 % bR BSORR 5 B A DA AE R PPA
filR Ty 58, N AR (L) FIRTHTAR R (L., ) PR SY
2N

lo =l +107%1,,.
2.1 EM BEE TR

TE W 2 B A B X5 B B R B, | STl A

Goodfellow 2% $5 Y (i 25 AR U8 2 R
E, p, [log(1-D(x))]. (3)

F 5 S A BSOS I 286 1 S S TR 453 2 b 50T
DIAE H B AT A A
" Pdma(x)
D) =p o+ P () )
K Py, () W EEAR A, P, (x) R 2
A BUIREAS. 2 (3) I b — AR T AR RS A Y
TiAT 20 7 9 4k s B, [logD (2) ] + E,
[log(1 =D(x)) |, Fe/MEX A5 sREE B T 5/ )y
B (3) K HAR A (4) LIS 5] IS HUE RN
P2 pR AR

2)s(Pyya || P.) —2log2.
SRINT, ZE VN 2R IS RL (g ik B2 v | B2 1 1A AR
TR AR S AR T, 3 (1) AT, Fe /M AR
A5 Gt 2 BR B T T e/ M LS R Sk A A
B (R] 4 IS R (LI A N7 7 A e T
B L, — PR A ES, IS BUE S e N E
B log2 , 6 FE T Rk B BE AR Sy O, 365 i A= BUASS B
K. 5 RIS, 76 fe /N AR AR AR 48 2 ) aod R o A5
RUE fe/IME AR B3 5 L5245 A7 () KL R 1 [ B
e RACHI Y IS B, X2 — D F & AR5, 3R H
KL 0B S — AKX IR i £, X 2B AR Z2 R A
HEWPE M AR A — B2 BB HR. i, A&
CHIA EM BEE R BAC IS B A0 KL 8. AT
JS HEE A KL #03 , EM BB 78 PR AN 0 A A & ol
HE 5 T Z T AR R e A TaE i, SRR
BREE, JF HER BT 1 A SRS,
EM 5 ()58 SR
W(Py.,P.) = inf )E(m S lta =yl 1o (5)

¥ ~TI(Pgata
ﬁqj:H(Pdata 7Pz)ﬂ‘7 Pdalaiﬁ] P; gﬂéﬁ%ﬁﬁﬁﬂﬁﬁﬁ/‘]
B TR il | RREHBORA,

inf
datas 'z

4% Kantorovich-Rubinstein X JFEHLE 2 (5) 28408
1
W(Py.,P.) = KPP s LsKEa{~Pda[a [f(x)] -

E, . [f(x)]. (6)

BWAICE o Mx, #B R [A(x) -fx,) | <K
|y =, | 5, AT A — 28K o K X — RS
ATRERY BREL S, (), MEEF R AR (6) 7T AT B8 o o A
X(7):

K+ W(Py,,P.)~ max E.hpdm[fm(x)J -

w: | f, <K

E ., [f,(x)]. (7)
I, M3 — N S8 0 Hia — 2B AR
Ws 2 AR AR D () i3 L =E, ,, [D(x)] -
E,_, [D(x) RATREmR K, I L gl <3 fBl T 55
oA S AE A Z B %) EM BEE. /M L A5 20X
Pravi ok pREan =X (8) T 7 FA I AL R (14 451 2% pR i an
K (9) iR
low=—E,, [D(x)],
ly=E, ,[D(x)]1-E,_, [D(x)].
2.2 L1 BB THRERK
TE 5L T IR BE A 248 D 45 1) 8 o3 P E B A
AR R K MSE 528 R Bcn= (10) s, HA%
Ak MR R ERAG R BT 25, A5 A4
PEUGAT 38 1 (A WAL T8 L.

_Lrw H ) )
b = 2 % (Ui = (6o, (1))

(10)

MSE 455 BRI AR 2460 4 7 07 50, 6 e 2
55 HEE IR LA TR I . SR TR TR 4
SS BT AT 2, MSE $515% b6 KUELAS X1 520 it £
SRR A, 96 o T A 47 777,
SO AR 2 I A5 £ TAME 2. 7R}, MSE $512 14
O T IR 22 B B 172X, A 18 A MR 0 B
B F R AU AR B RRE F FRE. T0 LL J51
SRR T RG99 B ik Iy 5, 3R 2 i A T i
AT, FLAR MR R0 LL 515 S 51
Y3 RE 1L

RSCHHE S L1 52 R 575 1 1 785 45
KPR (1), ERER(G, (1)), 2 L1
BT 2 9T F R FE 05 00, 04 2
ETer

(8)
(9)

W rH

Y X (1), = (G (1)), |-

x=1 y=1

1

rw.

SR LSS SRR, A H T MSE $5 2% s g, £ ] L1

P2 e BCRT DLIA B B4 1 SER ROR . [W]NF, LL 452K

PRI Bt 12 22 1O 14 RIS I, W] LIS R4y 1k

JERRKE R AR, O 45 S AR AT R BT DA A A 3
F18T 73 B3R RS A AT B vy O (A R L

lx = lLl =



511 3

KL, 5 BOEERZE BRI HTI R ) GAN [R50 73 H 3 i - 133 -

3 EBERKAMN

3.1 LWINERHIESE

AT R AT R E -G, AR
18G, i} NVIDIA Tesla K80, 77K 12GB, F &
M AE R % K Ubunl6. 04 LTS, f# H
Tensorflow-gpu 1.4 ,TensorLayer 1.8.0,Python 3. 6.

SEE ST DIV2K Eeffa 4 i e 8 /2 —Flog &
A1 1Y T G2 D AT 55 1) e o R BRI 4, 4
800 FKINZRE 5, 100 5K 56 U 4R F1 100 5K ) 1 [#]
B i T IR AR BORL M R A AT, PRI RS e A
£ b ORI RE. 340 BN SetS , Setl4 WS Arifi
BEMEREAE (00 5 sk 14 5RIEME) ke itk — 20
HEAC R AP .

A JSASERY TN H) 1)ASE R g AN e felE T B4 R 0
2270 0.02 1 W o3 AT HEAT BEN LRI IR 1L 1R 22 S [ 1
R R FBEALEE T BES3 1 Adam, betal 24 0.9, 9] 45
2] 3 0.000 1, )46 0RO, 1, f /Mt R
h 16, I Zhaed A rp A28 BT A A B ALK sl A L
3.2 EMERR

2 S 06 {E {514 [t ( peak signal to noise ratio,
PSNR) . 4% #4 #H 2 £ ( structural similarity index,
SSIM) ., = Wi 1 7 43 ( mean opinion score , MOS ) {E
N EUG B T AR,

3.2.1  UE(EHIFEMEL

WEAE {5 1 L (PSNR) , B0 dB, 2 de 5 3k | )™
A8 B VPG 4 R BT i 4 b, — Mod i 1407 1
7% ( Mean-square Error, MSE) #4745 Y. WilE W x H
BB IR X R Y (3 iR 25 SR

W-1 H-1

M = Y 3 [XGL) = V(i) 1

i=0 j=0

X T RGB B 4 [, MR R 547 RGB 3 4
(B, HE TR 22 0 58 SCOA BT A {ELIY 7 22 B AR DL
BIR/NHERLL 3, I (1) s

W-1 H-1
1

My = 3WH§5 _,':20 [x (i9j)R,G,B - Y(i’j>R,G,B]2'

(11)
PRI, A ARLA MR L SR
Py = 10]0g(fm) :2010g( /X]%)

o Xy M EUG AT RE B e K IR AR SR A1

KR SSARA B AL Bk b i IE i 2w B4 Xyax

i 2" — 1, VAN SR AR SR BE A 8 7 KR AT,
X, =255.

H AT, U4 15 TR b 2 3 o3 o T o DA e

R HE bR, WEE f Me He ks ey, 10 3% G EE A o ek

Uf. BRI DL 14 LUy, R AR PR AL e AR
Hlr WK 7 BroR, K7 (a) [BTHY PSNR {5 T
K 7(b) L AB BT T (a) BTSRRI 5 RO 22 T
B 7 (b) B, X IR 5 16 HAE DA 0 B o
SRR EAFE—E 1Y R BRYE.

(a) P, ,=20.47dB

PSNR

(b) P,

7 PSNR 5EGMERR

Fig.7 elationship between PSNR and image visual effect

3.2.2  LEARRMIME
SEFARRLTE (SSIM ) S 0 £ 4 i 5 7 IR =2 1]

FEARLEE A H8 A , B S Bt A HIR B FE ULJERAZ . 26 7 7R s [
Box My, it 28 L(a,y) KFEEHEE C(w,y) FIZ5HY
S(x,y) i AR AR :
2puy + €,

=20.03dB

L = 12
(x,y) il G (12)
20,0, +C,
C = 13
(x,y) ) (13)
o, +C,
= T T3 14
S = (14)
Sssuvl(x,}/)=[L(xJ)]a[C(x,}/)]ﬂ[s(x’y)y-
(15)

LA 2) H o, 5w, 750000 « Fy (FME,
(13) (1) H o, Mo, 53518 « Fly BIRifEE, o,
Jyx Fly AR REST, C L C, L C i R L 5
(15)% a>0,8>0,y >0. EIFRRH P, EH o« =
B=y=1KC,=C,r2.

5 UA A M LU AH b, 285 4 AR U B 1 A 0 TR A
PGE SR A TPAS , AR AT A S e A5 A IR s 3R 1 T
FEAEAE R B
3.2.3  EWEREIES

FUFT I3 (MOS ) 2 EUG5  ie HAR R 1Y
PP 7%, T LA L B e A HR ) P45 o () 3T
{91 A R o9 UG i e 2 L A E DO B e R B v U R S
PERF PR/ 3 1 2 5 Z A 8es:, Wk 3 B,

FEFM T EEAT I T, R L AP ot B o N
D7 2R T 2 7 BUG AT B B — P o A S AR 3
EH

N
2R,
i=1

MMOS = N




-+ 134 - MR U

T ok K

n

g,
¥

= S %51 %

PR B> AR SCHY T BT R R T
BENLANIBLEY SO 44~ 2R X 45 58 PRSP0 T3S 2.
R3 BNFETSIRE

Tab.3 Absolute classification criteria

Wy Jpissea ity
5 JEH L
4 it
3 —

2 %
1 et 2

3.3 HRERBRETMH

ARSCAE R BEBR 22 W 265 (R 50l L, S 17 1o 45 3%
ZEH Z AR AR LR A , D TE W] ke 5% 2 B Y
AR, HFSEER IR T, 78 SetS , Setld WA prifE
RS b, X IR 5t 22 0 28 A Sy Az J s Y A AR |

A 3% 22 I 45 A Ay A R TR R A 10 ) A s AR I
Y, H AR A SO T T35 2k pR R TR AR
RUFERT 24 28 /NI, ple it J A A R RE IR 249 24 /N

[#i] 2 A A 15 AR £ 500,600,800, [ #5 PSNR |
SSIM MOS FIFYUGEACEERT , N 4 FF/R. 764 [A] 1%
RKECT , A% SCHE YA Eb 2l 7 i A 7Y, PSNR 78
Set5 BURAE FFEI 29 Es 1. 15 dB, 7F Setl4 ¥idit:
P25 0. 16 dB;SSIM 7E SetS idlidE 114
2455 0. 030, 7% Setl4 $di4E P34 254 5 0. 017 ;
MOS 7E Set5 Fla 4 P 2948285 0. 19, 7 Setl4 %4
AR 24 0. 18, Rtk J5 3% 25 B, BIBR B
HRTAR AR ACIRAE Dl P 25 1158 i, (AR AR A
B S5k 1 200 FBAE Sy 175 Fb, 3/ 25 Fb, UF B 2k
T A% 22 HRXE R A I o B | 5 v A ORI A
BPE.

x4 HRERIEIILL
Tab.4  Results of residual blocks experiment
" " B 25 BT Y A2 AR SR
SHINTS 'S (2 — —
Ppsxp/dB - SSIM MOS PLRKIEIRFERS /s Ppswe/dB SSIM MOS PRI EACHERT /s
500 SetS 28.92 0.832 3.48 30. 14 0. 866 3.68
Set14 25.77 0.722 3.28 25.93 0.741 3.49
600 SetS 29.03 0.837 3.51 30.19 0.869 3.72
Setl4 25.81 0.731 3.32 25.98 0.749 3.48
200 175
500 SetS 29.09 0. 844 3.49 30.21 0.872 3.67
Set14 25.83 0.735 3.29 25.99 0.751 3.47
Set5 29.11 0.845 3.49 30.21 0.872 3.67
1 000
Set14 25.84 0.736 3.29 25.98 0.751 3.46
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Fig.8 The reconstructed images
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Tab.5 Results of loss experiment

MSE $ % b5 L1 45 bR + EM BEES
Ppsve/dB SSIM MOS  Ppsyg/dB

Btk

SSIM MOS

Set5 29.95 0.854 3.42 30.14 0.866 3.68

Setl4 25.69 0.724  3.14 25.93 0.741 3.49
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2| H b 3 HEEA.
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Fig.9 Reconstructed images based on Set5 dataset
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Tab.6 Test results based on Set5 dataset

— Bicubicl®] SRCNN'S! VDSRI®! DSRN!?! RS
Ppxn/dB SSIM MOS Ppeyg/dB SSIM MOS Ppoy/dB SSIM MOS  Ppsxp/dB  SSIM MOS  Ppoxp/dB SSIM - MOS
Woman 24.35 0.806 1.52  27.60 0.875 3.14 27.54 0.902 3.28 28.19 0.904 3.56 28.53 0.900 3.57
Butterfly 19.86 0.706 1.42  24.20 0.841 3.42  25.58 0.866 3.51 25.59 0.875 3.67 25.66 0.878 3.71
Bird 27.73 0.84 1.28 31.27 0.903 3.42  32.50 0.917 3.44 32.52 0.918 3.46 31.84 0.917 3.28
Head 29.76 0.721 1.57 31.11 0.763 3.28 31.89 0.778 3.40  31.87 0.778 3.57 29.02 0.789 3.85
Baby 29.47 0.827 2.14  31.78 0.872 3.85 32.56 0.880 3.92 32.45 0.878 3.96  30.65 0.816 4.00
T 26.23 0.780 1.60  29.19 0.851 3.42 30.01 0.869 3.51  30.12 0.871 3.64 29.14 0.856 3.68
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Tab.7 Test results based on Setl4 dataset

— Bicubic!®! SRCNN'S VDSR'® DSRN!"! A ICARAY
Ppsxi/dB SSIM MOS Ppsxg/dB  SSIM MOS Ppoxp/dB SSIM MOS Ppexp/dB SSIM MOS Ppsxg/dB SSIM - MOS
Foreman 27.68 0.844 2.57 29.04 0.902 3.00 30.43 0.908 3.35 30.47 0.908 3.37 28.23 0.905 3.42
Man 23.85 0.636 1.28 25.45 0.729 3.00 25.06 0.714 3.16 25.13 0.716 3.17 24.51 0.695 3.14
Pepper 28.42 0.806 1.42  31.28 0.852 3.57 31.01 0.854 3.57 31.09 0.853 3.56  30.02 0.853 3.57
Comic 19. 86 0.556 2.28 19.23 0.597 2.57 21.91 0.635 2.98  21.93 0.635 3.01 21.87 0.699 3.14
Coastguard 24.02 0.472 2.71  24.66 0.487 2.71 24.79 0.500 3.21 24.81 0.501 3.33 24.53 0.475 3.42
Baboon 20.9 0.426 2.14 21.4 0.513 3.28 21.48 0.513 3.47 21.52 0.514 3.51 21.62 0.516 3.57
Monarch 25.16 0.859 1.85 28.85 0.915 2.57  28.99 0.927 3.29 29.13 0.928 3.67 29.38 0.933 3.85
Flowers 23.49 0.687 1.57 23.64 0.737 2.85 24.85 0.766 3.00  24.98 0.769 3.09 26.48 0.789 3.14
Face 29.71 0.719 1.14  30.84 0.771 3.42  29.41 0.766 3.50 29.38 0.758 3.48 29.3 0.748 3.71
Ppt3 19.97 0.787 1.14  21.81 0.869 3.45 24.07 0.898 3.52 24.12 0.903 3.46 24.75 0.921 3.42
Zebra 21.87 0.636 1.42 19.07 0.552 2.85 23.75 0.693 3.37  23.98 0.699 3.47 25.37 0.723 3.48
Bridge 22.75 0.537 1.57 23.70 0.637 3.57 23.81 0.626 3.60 23.82 0.626 3.61 23.3 0.567 3.57
Barbara 23.45 0.657 2.00 24.30 0.727 3.57 23.77 0.715 3.69  23.79 0.714 3.75 23.83 0.712 3.85
Lenna 27.71 0.779 1.42  29.94 0.834 3.00 29.82 0.831 3.13 29.81 0.830 3.50 29.8 0.835 3.57
S 24.20 0.671 1.75  25.23 0.723 3.10 25.94 0.739 3.35 26.00 0.740 3.43 25.93 0.741 3.49
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