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Abstract: To address the issue of low resolution of face images captured at traffic checkpoints that affects face recognition, a face image su-
per—resolution reconstruction algorithm based on improved ESRGAN is proposed. This algorithm further employs dense connections in the
RRDB to more efficiently utilize features from different layers by promoting feature transmission, thus enhancing the ability of the deep infor-
mation extraction module to extract facial features. Additionally, a coordinate attention mechanism is introduced into the RDB, which strength-
ens the flow of information between channels by embedding positional information into channel attention, thereby improving the network’s abil-
ity to select facial features. The improved algorithm is tested for 4x and 8x super-resolution reconstruction on public datasets and self~made da-
tasets, and compared with mainstream super—resolution algorithms. The results show that the face images obtained by the improved algorithm
are clearer and can provide more detailed facial features. In terms of objective evaluation metrics, the proposed algorithm achieves higher
PSNR and SSIM values after 4x and 8x super—resolution reconstruction compared to the original algorithm, reaching the maximum among
mainstream algorithms. Furthermore, the algorithm also performs well visually, better expressing facial features.

Key Words: image enhancement; face super—resolution; ESRGAN; RRDB; dense connections; CA

75 H H# . 2024-07-31
P CHEEIESX.

B 2HRARFEAGELIBEFZRMEIARLE, PR T @ AH BEE P EAE ;AR M1987-), F , 2 ET AL EHARIEZ L
L RGIA K ESB R B EF R F A AR NI &% d ik AR AR A Jook B (1979-), B, 1+, =
BRAKRFHRFE T ANAZFREE ML AEFT AR T OAREF T HH1979-), 8, , s REAXFHFS
HHEMAFF R I A ST, R T @ AREF T B4R, AR BAE,



. 214 - BT T

2025 4

0 35

il

TEIAE sl R g b, 28 R 1 iy R G R4 2
B — B, PR A HR AR 3 1 NI BG4 42 5 i 3]
ISP 3287 P o N (DN 2 a8 2 [ S AR 7 SN
R RS S i 1Y, T A8 R 1 a8 i) AR K 27278
A B ) 2% 1 EL BT TR 0 R AR

ZANF R, R 4R A B AR R BAT 5%
AR (T 55 R A3 UBOR AN 20 B3R S BB S 4 . B
P8 TERC M, R TG IR BE 1 S5 BRI, SR AR B A BRI 5
JEARE, B T NG FUIRCR s Hok, KA sl an R
MR F RIS FEE PRI RORIS 2, M43 1)
NI EHR AT BRANIE |, 0 1 R R M BE 5 R, — 28
T2 e Y W AR B e ol T EOR R, A B PR RE AL, B
FASE AT 3 PR 8, TR 21 (I AG: T 3532 D 3k
SEARR 3 BT Hh BB I BRI, i 7 R 1 70 el
S RH LA, N 4019 15 B P e 2 PRt AR AR H L I 55 1
NIRRT A R ),
B B N7 e o )N RS O PR — 2D
AR T T R 201 R AE B 25 2%, X T 2 N U et A
AT B AR

AR SRR XS R F a4 A R 53 B 3RS SO0 E
M N U X — B A B0, 4 1508 73 B3 (Super—Reso-
lution, SR)HE H RN /5| AR ARG B 50 . it AR
B4y PR (Face Super—Resolution, FSR) #1543 HE & (Low
Resolution, LR) A& KL K & K & oy PR (High Resolu-
tion, HR) A &, 284 b 315 i A MG R RT A S B J:
T 3G R RN [R5 0 G A S A RO R B Ok, A
T4 e e B2 N UM SR e 2, O R D 44 iR B4R
IR BEROR SR

UTAEAR , TR B 27 > () B 8 Sy N T IR 53 8 52 42
Bt 7R R B SRR T 2R R TR R 1
PGB 73 BE 307 ¥ | 33 86 057 ¥ AT 73 S A B i 0 G e
Mo YT, BT IR MR R R A
1, BRI 2B feff FH FC 52 Y HR EHGORTRR XTI A9 LR B . AR
T 0 28 S AU (AN [R] A B B 53 O R AT BT S
#1228 M 2% ( Convolutional Neural Network , CNN) [ J7 1 il Kt
T A % 3 M 2% (Generative Adversarial Network , GAN) 1Y)
ik

Dong %512 & B4R Y 23 B 55 36 B 28 9 4% (Super—
Resolution Convolutional Neural Network, SRCNN) , iZ Ji &
SRR A% G T B G A% 1 43 7 EE AR OR , OF 1 UCRE CNN
I3 P 73 4 . SRCNN 4 i ik AL 3 Y4 {H ( Bicubic
Interpolation ) KR 73 B3 UG R TBOR 2 5 e 2 BER R
— RS 3 U G O3 Sl i AT 4 O S A
A 2 P Bl B R T R A . Zhang 2505 H AR 25 0 4 ) 4%

(Residual Dense Network, RDN) , T J2& 5k T 4% 22 85 4 % 45
T3 A 2 A AR 22 AR R U AU AR URHIE R 2 o Zhu
SR B 2 R PR 0 SR 1 ik 22 2 AR I 4
FO IR 2 5 PR S A 31 5% 22 5 AR A e ep DLARBBURRAE , L
Hrh i — 2 a5 — R AR E T REREH
JRHAT EORFER SR E G . R HOE 40 7 X A
AR 23 N — AL, T S BO TR .
T AEPEIZ A, Flu 250 48 AT 28 R (98 43 R X 46 Me-
ta—SR, % J5 1 AR 3 o B — 185 0 SR 43 FE R UG AT AT
EARCH TS o Liu 50042 HKE IR 2 > B L
ARPRIC I 25 T AR 23 B S X IR B M B4
PEAT FoRAFEIG B[R] 25 51 AR5 DA b (] 45 25 rh 4 SO K 235
), i ) I S S A S e ) 2 SR 5 N P AR

T i Ry, 2 4 i PR RN, A= il e 3 B
PR SR 80 gy, R E R 525 . BE& GAN Y
5 KA B AR RGBS 5 U R %, 58 N DL IR R
FREET CANKH Y75 . B UCK GAN BT T #73 9F MU
I 2 R Ledig 557 H (0 8 43 FF 564 il %t B ) 45
(Super—Resolution Network ,
SRGAN) , Ho B Se X6 70 B A PR 47 Ak B 3% 51 GAN
(8 A s AT N2, DT A 80 20 B3 TR A5, R H
NG s i T R s A R B AR R ) B
SRGAN RE % W] 1 42 T R BT &, 1A 547 10 A0 5 B R %
o Wang 255 75 SRCAN Ay JE Al b %t Hogb 7okt , 8
Do £ S5 /) ORF BT 451 2% R R R 3 3 D7 TG DA 0 4
T B R AR 43R A BT R 4% (Enhanced Super—Resolu-
tion Generative Adversarial Network , ESRGAN) , f/E ELSZJH 5
SUELANTT |, ESRGAN H SRGAN $ll A3 B 4 (14 400 B 25 2R
Lim 451 52 Hy — 394 530 1) 8 13 68 43 % I 45 (Enhanced Deep
Super—Resolution Network, EDSR) , EDSR i 13 2% B #it & 14
—Ak 2 (Batch Normalization, BN) IR W 25 5 B FIE JBE LA
P R A AR . Ma S5O T — R IR AR
I LS DICGAN, Hst it 17— AP SCRY M 25 454, —
O3S T N, 75— 03 ST N AR E 5
I, S 1 B R S N R 4S5, DICGAN i8R
T R R S R, A 2 1 B DF %

A 2 T i DGR T B R A3 T s, AR AT 5
o 87 FH P 3 77 v, BV B4 X6 S5 B iy FH b AR o R IR 45
HEAT 53 BT A, O T MO AR 23 AR s o B
HPGST . Shocher F AR BN G N5 B ZEA TR R
JEE G RIS, B — P T I B i UG/ 53 7
1% (Zero—Shot Super—Resolution, ZSSR) . XE—Fh 4B
M2 R4S, TR ARG R RO L1 eR . ZSSR A AT LA
PG A FRAR BN ZR— A~ RS RE 1 CNN, ZEAE I R B i
AR I G (ARSI TT L3 17 4 AR

(ER GO Mot Ui R7 o0 ' il SN PO ESYN AL E T
S AR AR — 6 10] 5 SRCNN 90 45 25 4 252 o 20, AE 4

Generative Adversarial



29 1

JTAAR R BRI, 45 B TR T B T 4 R 0 e

© 215 -

AN T A A% A0 T 0 A1 SRR S BRAR s SRGAN 18 A= A
HA SRS I G Gy T e B 5+, (5 A4 i i R
FEAE I 5 RO AT 5 2t 5t T EDSR & — A8 b e K
SR i IS T T e T 2 5 I AR o < 7 S 1 ]
{EE S

ESRGAN B3:45 21 (9 A =1 0 FE 2 I g m s s, B
ELAT SRR FLSE A SCH  EATSAEAEASOR 401 A FEOAS 2
I, A HE— AR T A A BRI ROR AR SOR ek
HEJG (1 ESRGAN X H i 42 A MG EA 8 Jr R e
IEXE AR DR AT B HASOR T 0. 5 E R
Y PERIT R L, S A ESRGAN RE % 87 4 i1k 52 11y
B VEMT R S R  FETEM AR A FakE] T A

1 tHXER

SRGAN 7E# 43 ¥ 2 I BA FAl M, HeE 08 7E o4~ F

RRDB H RRDB ] ce e [ RRDB

1 2

23

Upsampling
mode=nearest interplot, scale=2

A58 4y e R o R v AR G A SO (HR R i R
WS S AAPE DS . R T dE— R T R
ESRGAN T SRGAN [ % £ 25 46) Xt 58 2% R4 2 i 3
AL R AT T Rk, MM R T 0 B B R R
J
11 AR

w1 s CEEE oSID i AT WL, R [H)) , ESRGAN /%
SR T SRResNet BFEAZFY 7, LR MG et B
JZ R BURZ HRAE , SR 5 B A B 23 5% 22 b i ik 22 5 A e
(Residual-in—Residual Dense Block, RRDB) H1 & )= #2 B 45
fiE 5 J 3 ad 22 9 b oRABE A T T RUBE A 1o A R A%,
BRIV R AR KA <2 U FH 1A E SRR B xd Do 2 4> |3k
BERLERL  MRIE S HE . R AT UL, 7E LR FAE 25 18] R ) 52 1
KA . T LR EARE RE AHAE ER SE A XA/
PRI T35 s Bt /0N, AT ] LU JROE 43 3

k=3, s=1, p=1

Leaky ReLU

k=3, s=1, p=1

Leaky ReLU

Conv2d
Conva2d

Leaky ReLU

Upsampling
mode=nearest interplot, scale=2

@:Add

SR

Fig.1 ESRGAN generative network structure (x4)
1 ESRGAN 4 i i 45 2544 (x4)

T 415 SRGAN A s 73 HE 2 R it it , ESRGAN
FEXF SRGAN AL AR S5 F HEAT T Wi ele it .

S — AR SR RS BR T UTA BN 2, I 2 s, Ho
(a) Bl J& SRGAN [ JFL i 5% 22 Bt (Residual Block ,RB), (b) &l
J& ESRGAN RS IR T BN 215k 25 5

(a) Original residual block

(a) J5URERZEHR

(b)  Residual block w/o BN layer
(b) JGBNJZMERIE

Fig.2 Removing BN layer
El2 #BBRBNE

% B BN J2 BB W 2> L) U (B % M [X (Peak Signal—to—
Noise Ratio, PSNR) k5 [1] (1) 4% 55 PN A7 FH 4 A8 52 4%
JE AT PERE L SNSRI A 4 B G R A

R ZESB, BN 2SR M, BRE TRz (hag T,
MRS R BN 2 0] 3 P2, -2 m Az fh fig

55 TR IS K Basic Block ML SRGAN F4 J5L 1R 5% 22 B
Bk RRDB. B 2 (1) )2 FE £ BT REMS AR TH AR, 2L T
I RRDB, 2K H Lt SRGAN H i 4 5k 25 He B I T 52 2 0 45
FgUsl, fn &l 3 R, RRDB 1 3 5% 2% %5 4 B (Residual
Dense Block, RDB)#4 %, RDB i 11 45 4 £ )2 5% 2% [ 4% Fl 3%
ST DB S AR AR IEE ) o Nl i 3 gk 2 AL
FRAE B 56T LA BT 1) 5% 25 45 U PR A 81 5k 2= 45
HAp R 2Z 4B EB=0.2 Z— 1 T 0~1 X [0 A8 S5,
46/ %2 B Ik AR DU A e I 25 . 4 i 2L
AR R R L BN T 4% 25, TR T R 4%

PERE.
—)[RDB]—)[RDB]—}[RDB]—’[ B ]

Fig. 3 RRDB network structure
B3 RRDB M4
For RDB J2 H 25 [ BN 2% (19 5% 22 B FH % 4 7 1210 )y
A, BARSE M AN 4 7R fAS B AR VR 5 A7 51 3x3
A FRZ | R I B0 PR Leaky ReLU, 347 B T4 T
PO 4% T 2 R AT S5



< 216 -

BT T

2025 4

Leaky ReLU
Leaky ReLU

Leaky ReLU

Leaky ReLU

Fig. 4 RDB network structure
4 RDB ML

1.2 AR 4 eg it

ESRGAN 595 AR BOR OGO B8 J5 19 KR AT 4%
FEE N 20RO s A A 55 (R, kg 4 v A R A
BT G G A iU i, 3 — 20 48 0 LA 808, X ES-
RGAN A J3 I 45 25 K s A T st
1.2.1 ERRDB

W RS A E R IR AL 8, T S S8 R AN [ 2 1
PR AE AT R AR A, BC7E RRDB 5 | A S8 8 5 42 LI AR
Hr B M 4% (Enhanced Residual-in—Residual Dense Block,
ERRDB) . X 44>k 22 %5 4 YL Z i B i A7 i A B 47 Bf
FERE P IS AR IE S A B XS B R sk 22 AR B LA
SE AL AT IRAE A M 2 P 0 43— JZ AR RE 8 BRI I 2K
BRECH 6 B2 15 R B i A B, T2 R G RE U /0 B JRE 9 K T
A B FUINGR R R R R 4 5k e, i, % 4R i
Fe g — )2 0% HHRRIE AR RE B H RN SR 22 AT 2 A
XFPBHAA R 15 B AR R P i S B B 1k T
R LR BT TRMEA FHE, R T RRDBALH A
AT BRI

i 5 B ERRDB 4[5 5 R o i H i ACREAE
X, (hyw, ¢), Horb b o F1 e 73 590 3R FRAE T B & L 98 il T8
B, W HARFE SR G AR TR

X,(h, w, ¢)=RDB,(X,) (1)

(2)

X;(h, w, 4¢) = RDB,[C,(X,. X,. X,)] (3)

o, €, /R 7638 18 4e 55 LT R PH R EAE R

i FH 3%3 1945 BUZ 1 LRe LU 00 oRIS0CSE BRI B2 A B Rl

[) B 5 BRI R A B o I B L 5 R 22 4 i S B B A T

Ja S R ARE IR X, T = AR, BRI AT 15 3] ERRDB B
AR RIEEL X,

X, (h, w, ¢) = LReLU[ Convy,,(X;) | x B + X,,

X,(h, w, 2¢) = RDB,[C,(X,. X,)]

(4)

Conv2d
k=3,s=1, p=1

Fig. 5 ERRDB network structure
El5 ERRDB #4544

1.2.2 CARDB

T8 A ) 46 1 7 AR 3 BORE e v 5 | AT 5 g LRI AT 3
— AR THER A3 i R O T S R A A A
i & S1HLH (Coordinate Attention,, cAH Hi VN
FRIESR BB RDB i e fg — & U2 Ja A CA LAY LAk
PR TE 7 7 5% 22 % 82t (Coordinate Attention Residual Dense
Block, CARDB) . CA it & 23 3 4l #1231 18 {5 8 Rz 8 1 5
(Y RH DG, o BB AR IS T 3 =2 [] 1 DG 2%, DA T o e A= it 1Y)
2508 NI FRAIE B R RE T, 38 TH B VA X K 43 3 o
IR .

CA M 25 R an &l 6 TR . CA K I8 {3 & ) 5870
R IFAT I — AR AR G A L B L AR5 WG X R ] B
e B 5 [ FIZKF 7 T P RFAE AT 2R G L DT AR U A T 1]
TR BRI L, RT3 PR AR 1 1A T S ) LA A A i A
T T B I B AR O R R, 11 S, o ol e v 3 7
ANTE T 7 BRI T ACRRAE BT, DA s 3 S X R
N, AR AT IE A CA TR 3 AT 55 b AR 1A T M4 T S08
R N o AR

MATEL 6 WAL, i ARRAE X 04 55 ¢ > 38 1858 2o 2 1) 9
S350 CH, D) RTCL, W) 8 2 A 223 A J= 2547 20 45, 0] 24
T I MM 308 TELE g B2 A AR 9 T 3R RN 5 BE A w (TR 43I 3R
INH

LS (i)

2(h)=—
WOSI'<W
1

(5)

zfj(w)Zﬁ z xe(j,w) (6)

Tt Ak J5 X5 AR A 4 B R RS R 2 R

B FRE BT e BE 4 PR R, A BB TR 1x1 146
P 155

f= 5(BN(C0nV1Xl(Cu(z",z“)))) (7)

o, o AE 2 7 ) FOKSE 5 ) b AT 23 (R S g

AR AP RVARIE I, C R AE S [ 4 E b AT PR RAE .6 0

RN PREL h—swish, AF

h — swish(x) = x X ReLU6(x + 3)/6 (8)

PRI 55 2 210 2 (8] 4 K v R RRAE I 3 30k 2 4y

TEK R, 285 AR R eR KRS 21 5 i A RRAE ()
FEY I, B

g"’=5(C0nlel(fh)) (9)



29 1

JTAAR R BRI, 45 B TR T B T 4 R 0 e - 217 -

C H W

: Input |

Y Avg Pool
h=1

X Avg_] Pool cLw
w=1
Permute
(0,1,3,2)

CH1

Cw,1

Conv2d
¢=C/r, k=1, s=1, p=0
(BN )

Clr, H+W, 1

C,HW

Permute
(0.1,32)

Cir, 1, W

\ 4
Conv2d Conv2d
c=C, k=1, s=1, p=0 c=C, k=1, s=1, p=0

Sigmoid Sigmoid
CH1 C,1Lw
Re-weight

Ll
¢ C,H W

Fig. 6 CA network structure
Bl6 CARMKLEH

g" = S(Convl " ,(f“‘)) (10)

Hor |8 7R Sigmoid BE BREC. KX 2 A 4 i

Ji& I FAAE 5 AR 8 3 5 e AR E T XA SR 15 3
Y,

volinj) =« i) x gt(i) x g:(j) (11)
A ROHCR AT BN x4 18 (/) NG P15 43 R T gt
RN R TR (1 7 Y ESE O N I N 7 = R € 8 R
s, R I Bk IS ) ESRGAN A A% 09 45 BIEE & 1P i 23 4>
RRDB o4y [ 2% T R 01 &3 Z% () ERRDB, Jf- 7E RDB 15|
AAEBRTE R S ALUH CA , #4 B CARDB 4 J51 3515 i RDB LU
B O 2% )RR AR R BERE T o R/ K AT R <2 T, ES-
RGAN 8 43 H 5 7 2 i 45 21 A G P 50RE o 1T 5 48 ¥ A
A 6% A0 i 1 JR 7 B R AE I T A 1R, PR AN X <2 £
B A B 4 EA TR B
1.3 X35m4
ESRGAN K35 AH %o 4 551 [0 28 %5 4 T SRGAN B b v 4
A2 SRGAN bR o 56 S 2 Al T — sk A R x 2
LA A AR BOBE SR B 78 2 ) A A RGO S S O s 1Y
T ESRGAN (14 AH X 4 1] 1 D00 2% 79000 — 5 S UG o, AH R
TR AR PG BB LSRR B AR BN R 55
Feh AL E i H 2 RS MR S D i R Z Rl A

XF LS . KR VA R A 2 SR AR RS AR T T RS R
FARE T B S, R A AR AL T A R SR R
TE SRGAN Hv  ARifESE 1) &5 7T AR Ry
D(x)=0(C(x)) (12)
Horfr, € (o) /2 A B 48 1) 2 501 25 4 11, o J2& Sigmoid R
B, AT S5 55045
Do) = o(C(x) - B[ (x)]) (13)
Horr B, 2R XM P B A D s BOr- 29 {H  x,
RFEEITN S HEREE = G, EAE AT 6 A )
18,1, W F R A AR BER ENR
PRI, DX S8 500 400 % pRERCRT 52 SCHy

g =—EX’|:log(DRu(x,, xf))} - Ex/I:log(l - Dy, x))} (14)

GRS PNAINEE SR SIS E R ISR

a =_Ex’|:log(l - Dku(xr, x/)):| - Exj[log(DR”(xf, xr))i| (15)
120 C15) AP ULEE B, A s 0 Uit AL 5 T o, Fil
P43, P ESRGAN B A: Jsti 26 X5 B i 2 v B T 01 A
A R G ARAR B B, o] AR A BT B e kAR A B
JE T AE SRGAN H HAT Az U 43 (1 BCHE 2V o
14 REKEFRH
LT 20T SRR R B B2 Johnson 25123 4R
TG, I AE SRGAN AR LI B o B O S
S TE TSI B TR I 28 I 800G 2 e S, Je/IME T T A
PG FHE Z I B BT . X S5 R RAS 2 - OB J5 1
TR RS AR M mn , U R AR IR N 4% 2 )5, X 35
TRES R W, AT AR T PR BE s @ S IS I RRIE R
S E R EG S L EGR N EA -, BT ES-
RGAN & 1387 i B s 2k | B 55 22 40 = 08 R0 J2 =2 i
FRARFAE. , AT iR 30 8 1 )
PR, AR R A S 2R
Ly = Ly, + ALK + L, (16)
Hr, Ly, 9 ITORAC BB | LE S A A B di
& BRI
L =E,

~
SR

~
Q=

¢(x) -], (17)
HAPAS T A R 6 (x,) 5 2052 R y 2 819 13580
NN P e NEIE PR E S @

2 KWEERSWN

2.1 LWIMERSHILE

S IR YRR R G2 S Windows 11, Kb FEZE 4 13th
Gen Intel (R) Core (TM) i7-13700H 2.40 GHz, I 17} 16
GB, 7E 1& J % > HE %2 Pytorch 2.0.0+cull8 F fili ] i F
NVIDIA GeForce RTX 4060 Laptop GPU 8GB #E47 4 %1 3)1| £4:
G IR 0

b K/NECE R 8, Al A AR #4892 Adam, Hir—



. 218 - BT T

2025 4

W 2l R0 B Sl i 43 51 9 0.9 F10.99, 9] B 2% 3 F oy 2x
107, B EAR R EUR 40 000, AE32548 1000 UK, {6 X6 50E 46
VPR I ORAE DN ZRAN
22 HiE&E

I T R FH 118 5008 B 2 5 0 T 1 ORISR G: 4f
£E Celeb A 1 1 il 1 32 8 11 32 4 BF 471 488 19 A6 54
£ o CelebA 1% 202 599 5K = 3 A& MR, H 4 %
#BR 178218, A HBEHL 2 000 7K 5 018k 25 MGl 2: 1) 75
BB, M T Ol 168x168 1 &A% DL A B K B 4R
MiniCelebA , SR J5 #4208 8 < 1: 1 A4 HL 145 HL R 2 Il R4 56
IEEFMEAE . A SIS EF O AREIEE YuxiFaces £
B 150 7 L5 H 2838 R F 4R AR G ok AR S AR
1) o5 — A

T A FF BG4 CelebA H 19 R 28 0 8 85 15 5% X 35
JE AL N S AR 43, T RS AR 2 h 4845 k40
P53 1 R 28t NG ) B A S ke ) G [R5 4
PR EL A R R RIS 2 A B ARG 80T T oAt 5 A
SO LU AT B9 S UGBS SR I 2R ap B RV L T
1 Ah A RGP Bl T FLSE B 1A W s 4 45 5
B NG B 0 R A, R A FH 7 B K v T R 1Y
WA TR B 2 S B ESRGAN 19 25, il % Bl F S FF
BE A I 2R A BT I P L FH T 5B

AR AT B B A EZ, i OpenCV 1) re-
size BRI, VEEE XL 3 YA (H 12 % HR R DI EAT 248 A 1%
S AFHY T RAEALBE , LAFAT X A LR G -4 AR 43 3¢
SN = o BER G HF IS
2.3 ISR

% FH 45 #5 A8 0L B (Structural Similarity Index Measure,
SSIM) F1 PSNR 3% 2 4~ F 1) %& WL PF- 48 A LA A 2288 53 5
EAPERE . PSNR FISSIM A9 {8 A, W) 3R 7l 4o o o 4t
PG [0t A e, B AR 20 12 ) P R 5

SSIM 3 o b4 2 M G ) 58 B X B B A2 4 1 8. LA
VEAG B AT Z 8] A AR AU B, LB Rl Ry O0~1 SSIM 422
U1, U 2 1 PEIG B4 D3 28 R 235 Rt AR R, B D i Pl R o
RGBT . 45 PR xRy, D) SSIM 38 20082
(Zuxu), + cl)(20'“, + cz)

SSIM = (18)

(uf +oul + cl)(a{f +o)+ cz)

Ho u, w43 2R G Fy B354 AR T 5
R ol Mol e ARG 2 RE T X IEHER
o, R Fly P 26 ARRETHIAE B o) Al e, 2 TR FSEL
R EVE R BB, P e, = (kL) ve, = (kL) LR Z A
HISHASTE  k, = 0.01,k, = 0.03,

PSNRE i L35 5 14 B K D) %6 15 1545 e 75 1 % L Al
St PG Y T B, R S T )5 15 25 (Mean Square Er-
ror, MSE) i iH55 , B0z J2 43 DU, %8 5 (1 PSNR 0k % 8 43
PR EAEEG R R . KR ARX R >,

2
PSNR = 10lg 255 (19)

o e 21 ) = K )]

S m A S0k AR AT BRI S0 8 1 (i, ) TR
BHGEE (4T 5B 9N MR R AE K (i, ) U2 i 4 PRI R X6 i
M ifT RN R(E .

PR 43 R R A Y i, SR FH K 1 R R A FE R
Times i it A TR XK 43 HE R R A7 4 43 PR R g A
Y1 Pt 5 LA S R] , Times 881G 3¢ B AR R &b B PR 5K AIC 23 R
PEIAG st i 7 s [ B, BV 40 5% T v
24 ZTHHER

AL Y H BT R T3 Ao R S 450
HEAT 2485 A A5 R0 8 A AR oy R E . S I ik Bk Y ES-
RGAN B3 1A B0 AR AL B x4 Fi <8 I 5 &
T3 R B SRCNN . SRGAN .EDSR . ZSSR il ESRGAN
AT H A PEREPE M 4545 i SSIM  PSNR Hl Times 45 H .
2.4.1 sfrbEE

{#i A MiniCelebA Test Al YuxiFaces iX 2 45 ¥a A R
MR | LAIGSIE ek i 1) ESRGAN 8 155 10 R0 HE iz A
XF 3 2 IR SO R AT 2 4% (4 A5 RN 8 A5 Iy PR o
Jei o 5 T MG 0 R B A B 1 R TN 25 R A 1—
F3FR.

Table 1 Comparison of 2x super—resolution reconstruction results of

mainstream algorithms

®1 TRER2EEBHPXEERLERIEER

MiniCelebA Test YuxiFaces
Method
PSNR(dB) SSIM PSNR/dB SSIM

SRGAN 29.06 0.878 8 35.30 0.936 5
SRCNN 30.32 0.906 3 36.70 0.9539

ZSSR 31.31 0.9252 37.32 0.960 6

EDSR 34.28 0.947 0 40.38 0.976 1
ESRGAN 34.41 0.949 4 40.48 0.977 8

Table 2 Comparison of 4x super—resolution reconstruction results of
different algorithms

R2 BHFRABGBABZEZERLER

Method MiniCelebA Test YuxiFaces
PSNR/dB SSIM PSNR/dB SSIM

SRGAN 23.81 0.729 7 28.66 0.8149
SRCNN 24.48 0.758 3 29.78 0.850 6
ZSSR 24.70 0.783 0 29.89 0.8617
EDSR 27.92 0.844 1 32.61 0.904 1
ESRGAN 28.04 0.850 4 32.80 0.907 2
Ours 28.15 0.8529 3291 0.908 4
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Table 3 Comparison of 8x super—resolution reconstruction results of
different algorithms

R3 BHESEBANXEZERLER

Method MiniCelebA Test YuxiFaces
PSNR/dB SSIM PSNR/dB SSIM

SRGAN 19.49 0.5575 23.81 0.658 1
SRCNN 20.22 0.583 0 24.92 0.706 0
ZSSR 20.57 0.627 8 25.20 0.728 0
EDSR 23.03 0.692 5 27.06 0.777 1
ESRGAN 23.12 0.701 7 27.08 0.781 8
Ours 23.29 0.704 5 27.33 0.783 9

Table 4 Comparison of Times results of ESRGAN algorithm before
and after improvement

R4 BUHETE ESRGAN &% Times &5 R L&

Times/s
Method i MiniCelebA Test YuxiFaces
ESRGAN i 0.106 0.092
Ours 0.170 0.168
ESRGAN 8 0.088 0.084
Ours 0.153 0.150
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Fig.7 Comparison of 2x reconstruction results of mainstream algo-
rithms on MiniCelebA Test
7 FEMiniCelebA Test FEFRHEE2EERZLERILE

9N HRAFAE

F UL AT, iR IS A ESRGAN 593438 5 76 RRDB Hh ik
— LI NBR R, ISR TR AL 2 B vh 0 {F B B A
Mo WS, BIATER I HLH], G B Z A AL, &2 T
B2 N0, A5 3 (4 5 S i

SRGAN  SRCNN ZSSR EDSR  ESRGAN  Ours

Fig. 8 Comparison of 4x reconstruction results of various algorithms
on MiniCelebA Test
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Table 5 Ablation experiment

*®5 HEALI

MiniCelebA Test YuxiFaces
DC CA
PSNR/dB SSIM PSNR/dB SSIM
x x 23.12 0.701 7 27.08 0.781 8
N x 23.20 0.703 1 27.21 0.7820
x J 23.23 0.703 6 27.26 0.783 5
N v 23.29 0.704 5 27.33 0.783 9
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