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Abstract

Aiming at the problems of texture blur and distortion in super-resolution reconstruction, a net-
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work based on Transformer and non-separable additive wavelet is proposed. The network con-
sists of six modules: Wavelet Decomposition module, Texture Extraction module, Shallow Feature
Extraction module, Relevance Embedding module for texture matching, Texture Transmission mod-
ule, and Cross Scale Integration module for texture fusion. We compared the reconstruction per-
formance of this network with the existing typical methods on the relevant test data. The experi-
mental results show that this network not only improves the visual effect, but also obtains better
objective index evaluation. Among the six methods compared, the peak signal to noise ratio (PSNR)
and structure similarity (SSIM) of the constructed network on CUFED5, Sun80 and Manga109 da-
tasets have the best performance.
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1. 5|15

B8 73 72 (Super Resolution, SR) B &2 7EK 43 2 (Low Resolution, LR) G EEAE |, 315 &4
##7% (High Resolution, HR)E&, J& T i+ B AL W UK B2y 302 —, LN skl BUER 7 54T
IRt Ss, VAR RI 2 . BB o e B A T A TR 2 R AR, T Hik
B PR EA 2 RT3 DA 2% A

RGN PR ER A= O ETHEENBEPIERER, @ ETHEEENBPRERE.
@ FTHNEME PR, KEWERREY S FEQEIEY ) Mm%k, I8k,
BT IR ST R R, )2 2% 1 R BN 38 5 ) I3 AR i TR FE 2 S IR o R e s .

2014 4F, AW ORI HETBA R B SRCNN [1]52 B AE PR BE 2 SR AT B A i 5%, 2
JEZ A BA S HE T FSRCNN [2]. Jiwon Kim 5 A5t 7 SRCNN, & 7 VDSR [3]#1 DRCN [4].
2017 4, Christian Ledig [5]%% A2 7 SRResNet fl SRGAN, i F 1 5 45 Bk IR 324 43 1) R i ok 22 I 4%
(ResNet). ] H. SRGAN HL 1 VK AE X Bt X 4% (Generative Adversarial Networks, GAN)Y F -+ SR 4k,
TR A5 L R A [6] (Perceptual Loss) &7 Jy N 45 451 2k (Content Loss) A1t it 1% 43 2k (Adversarial Loss)
(IIASURT o 5 [ 2 /K [ 57K 24 R A1 BA BL SRResGAN Sy J&fifi, #2147 EDSR [7], o0k TokZE$ o0, M
Fx 7 BN JZ. Wang % AJJ7E SRGAN F1 EDSR Ml b, $2H T ESRGAN [8], 7EMZEE5H LA T
RRDB {E A M g i . DL b 20 02 B0 P50k 47 % 2% 4 (Single Image Super-Resolution, SISR),
R4 1) SISR J7 10 2 5 BUBLHIBCR , TR i 7 # 28 SOMAE SR AL RIS 23 7 26 VGO A% ok BE AR
TVEE .

e T2 2% 1) G 7 78 2R = 22 (Reference-based Image Super-Resolution, RefSR) 7T, %5 A 56 H)
FHERUCECHEH T SS-Net [9]. 2 J5 M5 A X & H T CrossNet [10], 1 7 4mhidds. #5EEHIM. fRig s,
fif e 7 HEIANITED . XA SRR A AN S R IR R . R 1 B R AR () B, Zhang 55 AR H T SRNTT
[11]o SRNTT X FIIZRH) VGG RIS KR SN LR BUR ST 2 RULHC, SRS RIS AR,
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FE 1 38 N Hb 58 SR L 4, X AR RIS /E 225 U R LR BB AR BRI, B H 5 SISR PEREAHZE . 2020
., Yang %5 N {CKF Transformer 22445 A\ RefSR 4155, $ith 7 TTSR [12]#1 4,

AL R B SO R, IO, BRI, RILAERR, EFXDX e, AT T —
LT Transformer FIAN ] 43 It /N G457 (Image Super-Resolution by Transformer and Non-Separable
Additive Wavelet, {&i#A SRTW).

2. HEXHEH
2.1. Transformer REYFE D4

Transformer [13]Z2 4 8K7E 2017 SEHEH I —FP N4 4544, ‘& ]8T Seq2Seq 1%, {HAN A+ RNN. CNN,
A2 56 AR H B L], il 1 BioR. BOFHTER JIHLHIE, Transformer 1 23l o i iz S0K 4 A
W& =GR Q (Query, ). K (Key, #). V (Value, 1H), @it Q MESEIT /I K AIRK
RAARRR AT SRR E 0 8. v 1 S AR G SRR RIME 75 20 fURZ JE R MR EAT AR08 8
it softmax i BR BCK EE 15—k . AR JEK AN V IR T softmax Zr %, fE o IR e kAT R A, 153
HVERZ %

Q
:|—> MatMul ——»| Scale [—®1 SoftMax
K

\' »  MatMul P Sum

Figure 1. Attention mechanism in transformer
1. Transformer FAY;EE H14HI

2.2. NAJ5r N

PG 200, (EAE GERSRE RN 2 —4E/NE 3 o B R AT AN A AT AR B, F A AT
SIS A FE . TANT] 73/ NEAERERS BUERAT . ZI— S AL PR R, AR R 1 K AR/ INEAS B X AR (Haar
INBEBR AR B R I 20 R L

Chen [14155 N3 1 2l BA S MEANIE A PR A AR SR B AN IR S 2 1 — k& I 7%, JRATIHE

AR a3t — e — I SR 15)], i&tﬁﬂ%ﬁ%ﬁﬁiﬁaﬁ 11}5:2, FI3E X (%, y) = (Lxy)

Doy)=|t O, mammmmT Ry,
0 xy

(my ()., (x,9) = 52X TV, (% 9)U] v )

j=1
o x =exp(—im),y = exp(-im,) U, (=12, K),V/2 = (V,,V, ) /N2 IR IESFE, V, /2 2 x 1 1 &,

V,=(11)" .
NG IETE 6 x 6 (/NS AR AL, WK =4, U, AV ins(2):
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3.1. BFLEH

SRTW KM &5 ktn &l 2 Fizs. AN LR, Ref. LRT. Reft| PUFEE, LR KPR EE, Ref
RSEZEB, LRI LR BUE4 T 4 50 =05 EREE B, Reft| /& Ref BT 4 50 = kAEH
ERAEMELE, HIPE A LR G AR RS —E[12] (RIER 2 S W =R B 2 1)

Figure 2. SRTW network structure
& 2. SRTW M4g 4544
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LRY. Reft |53t/ s HEB (WD) 5] LRIIIFS, Reft 195, A1 Ref — iR AL
HUBEY(TE), B3IME Qv K. V (1%, 2%, 4x), Q. KIHITHKIKRABIE(RE)SE] Q. K fAHKALE H
FME S. B SEEAL AL (TT)X V ELH A2 B A S T(Ix. 2%, 4%). T. SH LR EG L 2 R0 HEE
(SFE)TF B AIRHIE Bl F — ik N5 RUEE AR UBEH(CSI), K AN [A) ROBE 1) MR AT Rl &, 19 30 1R 43 7%
FEZ .

3.2. INESRRIEIR(WD)

Nunez [16]5 A7E 1999 4EH2 t 1 ANPE B, AR B @l cds, WG 2RI B Ho X B BAT 5

BUSBIEHIE B p TORGHUE E wi BT R EEOR SRS BB U po WEAIEHR, AP A
Ho(po) =pP,wW = po = Pu
Ho(pl):pZ’WZZpl_pZ' 4
Ho(pz): P Wy =P, = P,

W & Fom S B 5 BRAUE SAEN, BIWT SRR R . A A -
pO = Z\NI + pr (5)
i=1

Horp pe R BUE — B RO RSEN S . 1E N YR, B LR Ref | 0 BIBEAT — 2008, St A
E/‘] W10
3.3. GURIRBURIR(TE)

MM TE#¥2], # VGG19 [17]HIHT 12 EAE NS SRR R M 2% 45y, FRR S EWI e S
WEREFI) VGG19 24k, fElZnd ey, St —&ilZ. ATt EE, ¥ QM KKV
— R = ARSI 8] 3 R

conv(3,64) conv(64,64) Q| conv64128) | & [conv(128128)| ¥ |conv(128256) T
z | ME z |BE s |mez s |mz 2 |mz S
2 = | Bxitet < x| Bt X 2
R I S o N e
—> x X T T I T V3, Q. K
] o = < % X
z X 3 o © o
z 3 8 S 4
X

z z z z

A

V2

Figure 3. TE network structure
[& 3. TE M5 LE#

3.4. REFFEREUER (SFE)

%2 %I ResBlock + CBAM [18](1)5 &, SFE W2t R HL T 3 v 2y Al 2 (6] 3 7 70 W 3 S 77 7%,
A FIAR ZE M 28 46 BHT7E EDSR [7]0I3CEF, CAUESE BN BEAMU SR EG ARG ER .. X
B, AE AR AR P AN AT TR O 5, i H2sh BN JE 5L SR 23 18] AT T4\ 22 5k 2= Hok s n
BRI, AR T BN JZ, RN 2R E 1z, 28R AR & 4 fios:
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Figure 4. SFE network structure
4. SFE M4gLEH

3.5. HXIANRIR(RE)

FRRABEH Q. K AL ABIRE R Q. K ZIa kM, (@), R KA
[N (Hr /4) % (Weys /4),(His /4) % (Wi /4) ]

=q—k—’[1ﬂ%} g Moo Weer 6
h <||qi||’||k,»||>"€ R L A Q

HORH M R B AN B R A%, an(7) @), Zr kit s S Aty s I H, R/
A[NL(Hg /4)x (Wi /4)] -
hy =argmax(r; ) U]
]

s, =max(r, ;) @)

]

3.6. SURIEMRIR(TT)

SURALAIH T 8O0 A4, 132 Ref UK AN ] R SCERFAE B H AL B M SCRRFAE, Q) i,
Hot & T8 i AMIE, B VIS M ESR.
t =V, 9)

3.7. BBRESRMIER(CSI)

5 RO RFE R 1 S Ref BUR SRR &1 LR BB, SREHA R ROBE I PRI B e — e,
GRLREFI U 5 R

AE i Fn(10). (11). (12)F7w, Hr concat X L, conv KnBER, @ RIRKHERIM TR
k.

%, = F +conv(concat(F,T,))®S,, (10)
Xy = Xpy +CONV(cCONCAL (X, T, )) ® S, (11)
Xs5 = Xgp +CONV(CONCAL (X5, T, ) ) ® Sy (12)

ZJa B WAR R BRI L9RAEAT /D RIE R M LRAE, IR R R AL AL IE 4R kAT o
BE, R el G AR R GG I . AR S B IR E, R R R R .
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Figure 5. CSI network structure
[ 5. CSI Mgt

3.8. MKLEH

ARSCR ) R BRAT % o 5L
1

Lo = ™17, (13)

Hr o He W2l 2 HR FEREES. &, . 76 LLHURM L2 ik, BT L1 SRR M, &
SCE12], PIEASCESE T L1 k.

4. KWEHER

A FH—H 16GB K GPU (NVIDIA Quadro TRX 5000), J:7E3ET GPU fili A< Pytorch1.11.0 HE42
FUNGRBAL . FEYIZRd FE SR Adam [20]5%F 4 HEAT AL, 15 B HERCR KN 16, RG> 1077,
W25 200 K522 2 98, HLlZE 300 K.

4.1. HIRE

ARICAE RefSR S #i 4 CUFEDS [11] EIIZRIFMk T4 . CUFEDS MIIIZh8E4 11,871 Xf, Xt
NGS5 BUR R, REAEA 126 TRIKENE, IEEEHA N s 2R 2 ARG 2
FEME . AT AL TE CUFEDS LillZR SRTW B2 AL RE, AL 7 4ME Sun80 F Mangal09 k4T 1l
ke XIT Sun80 #ididE, il LR BIMEM S EEG . X T FRFEED 2% B4 1) Mangal09 £i#i4E, BEML
HEGZEAE %P 1 HR BB IE S % EI1L.

TENNGRSFEF, @ FELUKCPFITE E R, BENLIEE: 900, 180°. 270 kIR IghEIR . B~/ Iit=
55 16 MK/ R 40 x 40 19 LR %, LLA 16 AN K/A 160 x 160 (1) HR Al Ref B4

4.2. GRS

AT VA SRR A 20, A SR SRTW B 5 HoAh SISR A RefSR /7741 TLE 4% . SISR 777k
f14% Nearest. Bicubic. SRCNN [1]. SRGAN [5]. RefSR /7745 SRNTT [11]. B A sz 3% 4 % ol
K ZEORAT LR 1 HR B3 T E Bkl . N T A FEUBEEAMRTEITERE I8 S5, 1408 SRNTT F K\ % &
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KAINGRFTA T77% 57 SRTW HI 58 E1FAS 5 8 MG &5 SR in sk 1 s @it %% 1 vTBUE H, SRTW 7E CUFEDS.
Sun80 1 Mangal09 %z 4E I #8 B A At fE

Table 1. PSNR/SSIM comparison of different algorithms on three different datasets
F 1. EENTEIRIESE ERRIE AR PSNR/SSIM EEER

VAR CUFED5 Sungo Mangal109
Nearest 20.93/0.667 25.71/0.758 22.31/0.793
Bicubic 24.18/0.684 27.24/0.739 23.36/0.790
SRCNN 25.33/0.745 28.26/0.781 27.12/0.850
SRGAN 24.40/0.702 26.76/0.725 25.12/0.802
SRNTT 25.61/0.764 27.59/0.756 27.54/0.862

SRNTT-rec 26.24/0.784 28.54/0.793 28.95/0.885
SRTW 26.84/0.795 29.68/0.805 29.28/0.900

Ee IHEAARE —m, TREHARE ="

6~8 4l 7~ T % CUFEDS. Sun80. Mangal09 {4 £ Firik I/ f ] Nearest. Bicubic. SRCNN.
SRGAN. SRNTT. SRNTT-rec f1 SRTW J5 = T 7 P e 125 9. (SRNTT {8 1 n] LASE s ML 3 o i
{HFE{K PSNR HIXFHLtERI L, 7E PSNR/SSIM | 2:55F SRNTT-rec, {HZ 3RS 5 & AL B &= [11]. )

'I'.
|

Ty .
id

P

[
-

r W

¥ al

(9) SRNTT & K% (h) SRNTT-rec %% F% (i) SRTW 1k 5 &5

Figure 6. Comparison of reconstruction results of different models on CUFEDS5: 007 image
[ 6. 7£ CUFED5: 007 Elf& EREIHRELE LA Rt

iIT AR

(@) FHLE & (b) B ER (©) Nearest

R K&

DOI: 10.12677/jisp.2023.121005 47 K1G 5155 43


https://doi.org/10.12677/jisp.2023.121005

ks AP

(9) SRNTT k& K14 (h) SRNTT-rec 1% 5 E14 (i) SRTW % &5 & 1%

Figure 7. Comparison of reconstruction results of different models on SUN80: 001 image
7. #£ SUN80: 001 Elfg EREIHRBIE R LERTEL

(@) HaEEE (b) ZHEK#%B (c) Nearest 1% & E{%

& AT AT

(d) Bicubic % & El% (e) SRCNN 1k & K14 (f) SRGAN 1% 5 K%

(9) SRNTT &R &E K14 (h) SRNTT-rec %5 K% (i) SRTW 1k 5 &5

Figure 8. Comparison of reconstruction results of different models on MANGAZ109: Jyovolley image
[ 8. £ MANGA109: Jyovolley El§ EREIHER E 2L R XTEL

6 o, Nearest Pk & EUGIRERA, A —RE KR T —#8%, Bicubic 1% & EUZ [FIFFART, SRGAN
BB, V2. SRNTT Pk E E1E A SRNTT-rec 1k &2 EIHE AR — G MAAE DN 52,
H SRNTT-rec k& G EALSCH IO . SRCNN Y2 BURBAR AR, (H2 SRTW 1R G 5 Iniw i,
TR R A

7 v, Nearest Pk 52 {545 BH & 1088 16 8¢, SRGAN 1 & EIUEBa ) L, SRCNN 1% & %+ 454,
SRNTT k& EUG A 2264 L itl, Bicubic Pk G A SRNTT-rec 1k &2 G A AR, H SRTW 1k E
BB 22 5% TE IR Z o

8 rh1, Nearest P& 5 FI% 45 W 5 8 147 /8, SRGAN 1R & [R5 i (.25 B0, SRCNIN % & €115 F1 Bicubic
WS B A A FIFEEE RO . SRNTT Pk B4R SRNTT-rec 18 KB AA AL, (H72 SRTW Pk E K14
1 2% 2% T IR Z) .

5. &&ig

ARSI T — TR 2 T2 25 1 B RE 7  R BLEBRR A i 0 R R . S S AT bk /e
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