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Lightweight real-world image super-resolution reconstruction based
on multi-scale residual feature aggregation
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Abstract : At present, there exists too many parameters amount in the real-world image super-resolution
(SR) reconstruction algorithm based on deep learning. To solve this problem,a lightweight real-world
image SR reconstruction algorithm based on multi-scale residual feature aggregation is proposed. First,
the depthwise separable convolution and multiplexing convolution are used to improve the existing multi-
scale feature extraction block,which achieves the lightweight of the module while extracting the extra-
multi-scale feature, with only 7. 5% of the parameters amount before the improvement. Next, the residu-
al feature aggregation is exploited to aggregate the 4 multi-scale depthwise separable blocks amount
(MSDSB) into a residual feature aggregation block to reduce the length of the residual path. Then, the
enhanced attention module is utilized to adaptively adjust the channel and spatial dimensions to improve
the performance of the algorithm. Finally, the adaptive upsampling module is used to obtain SR recon-
structed images. In ablation experiments,the reconstruction performance of the algorithm is better than

that of the original algorithm,and the parameters amount is only 3. 53 X 10° , which is 34. 5% of the orig-
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inal algorithm. In the comparative experiments, the reconstruction performance of the proposed algorithm

is better than the current mainstream algorithm. Compared with the component divide-and-conquer
(CDC) algorithm,the PSNR and SSIM indexes of the presented algorithm are increased by 0. 01dB and
0.0010, respectively, and the parameters amount is only 8. 84% of that of the CDC algorithm. The

lightweight of the algorithm is realized while ensuring the reconstruction performance.

Key words: real-world image; image super-resolution (SR) reconstruction; convolutional neural net-

work; depthwise separable convolution; residual feature aggregation
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Fig. 1 Depthwise convolution sketch
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Fig. 2 Pointwise convolution sketch
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Fig.3 The structure diagram of proposed algorithm network
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Fig. 4 The structure diagram of MSDSB
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Fig.5 The structure of residual feature aggregation block
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Fig. 6 The structure of enhanced attention module
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Ko W A2 R AR 4R O SR 5 il — 3R 25 4
fERL G B, (3 5 M Re IR B i 7. M
T 5k 22 FRAE R & . B L 1) PSNR 45 75 7 ¥ 42
FHT 0,01 dB, 3 5% 7Y i B 7 AL A B DA A A
ST O S 1A S v N E B VA i S ¢ o e = L
DGR () [7) B B i 5 B 8 A AH OC A RRAE . 344 5 0
B ALE B SRR R Y PSNR 38 bR 42 7+ T
0.03 dB,SSIM #8Fr427F T 0.0003, A LB ESE
TR 3. 53 X 10° A R JFUAR S vE Y 34, 500 (1 LAl
PSNR#E## I 70.05dB. SSIM & i F+ 1T
0. 0006 , 7F £ UF 5 2 % 68 19 [A] B 52 8L T 83k 0 4%
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T B AE Xavier ¥) 1f A6 XF AR SCHE I TR BE Y 2
M), B X 5300k AR [R] B A ] Xavier #1646, 7F 2.3
R ZBCT AE Set5 ., Set14 M4 | X744 8 HE 4T T
[ =W S 5 o S R v o R SR RS T o o
BRI IR A KR B X B R Y B A R B Al
H Xavier #8616 . “ 1 B W) 4 AL Fom AL £ X 1 5
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® 1 AXEETREREHIE PSNR/B|SSIM 453
Tab. 1 The effectiveness PSNR/dB|SSIM results of different modules of the proposed algorithm

DSConv Reuse RFA Enhar}ce Numbers of Parameters Scale X2 Scale X3
conv attention ~ MSDSB /X 10° Seth Setl4 Set5 Setl4

8 10. 23 38.12]0.9610 33.76[0.9186 34.46(0.9274 30.32/0.8412
N 8 1.92 37.99]0.9606 33.61[0.9184 34.21/0.9256 30.21/0.8399
N N 8 1.22 37.95]0.9604 33.59[0.9176 34.15/0.9251 30.17/0.8388
N N 32 3.30 38.1210.9610 33.85/0.9203 34.36[0.9270 30.36/0.8427
N N N 32 3.43 38.13]0.9611 33.81/0.9194 34.42[0.9271 30.37/0.8430
N/ N N N/ 32 3.53 38.15/0.9611 33.85/0.9198 34.47/0.9277 30.37/0.8421
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F2 Xavier VAU AL EE TR

Tab.2 PSNR/dB|SSIM results of Xavier initialization on the reconstruction performance of the proposed algorithm

BESZMm Y PSNR/dAB|SSIM %5 R

WHBF

ﬁ

2023 5 34 %

Reuse RFA Enhance Numbers of  In all In attention Scale X 2 Scale X3

conv attention ~ MSDSB  modules modules Set5 Setld Set5 Setld
8 37.9910.9606 33.61/0.9184 34.21]0.9256 30.21[0.8399
8 N 37.9710.9605 33.56/0.9175 34.16]0.9255 30.18[0.8393
N 8 N/ 37.88]0.9602 33.48[0.9167 34.07[0.9245 30.13/0.8379
N/ 32 N/ 38.0710.9609 33.78/0.9193 34.30]0.9263 30.27[0.8408
J N/ 32 N 38.10]0.9610 33.83[0.9201 34.37[0.9270 30.31/0.8417
N N/ N/ 32 38.15/0.9611 33.85]0.9198 34.47[0.9277 30.37/0.8421
N N N 32 N 38.14]0.9611 33.89[0.9206 34.42[0.9273 30.36/0.8423
J N/ J 32 N/ 38.15[0.9612 33.94/0.9210 34.46(0.9277 30.37[0.8424
iR 1 MK 2 SR a R T LUA L B0 Bk ﬁ%fE i BEAT Xavier FIARLXT L MERE R SE R . 5L 40

1Y A B R BAT Xavier ¥ 46 465 19 8 2 M 5B JF A 31
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BEHAT Xavier #4540 5 AT DA A5 3 o A 22 07 8
el S5 B PR T 5k 25 R AE Rl B, DA 4 5 5k 2 E
I 5 e T 00 A 2% Ml 4 IBORH G RR AR A 4 T TR
B rERE . AR T AN Xavier 9] 45 4k, £ XT3 5
AU R R PATH) th Ak ) VR [ 155575 PSNR 45
PR T; 0. 02 dB, SSIM F8 4542 T} 0. 0004,
T B UE MSRFAB Hit % 58 1 4 68 1) 52 W, 43
WA 1.2.4.8.16,24 4~ MSRFAB #E175256 . 3 7E
3.4 R ZBCT ff i Set5, Setld, Urbanl00 /E 4
DR AT (] B 43 S0 36 TE 7 39 5 7R 3 R )

gE R 3 pran , Hod B i B9 S 06 45 RO R L 58
TR R TR RN,
M 3 MY 4

m AT LU L 7E AN 0 46
LB MSREAB (954 i . 50 3 558 1k RE Bl 2 34
4 MSRFAB $ohk oy 16 1 5 Al 1 i i 51 50 .

SR

HBH N 6,54 X107, i T8 i 500k 55 107
SRR 5 T2 PR H g R AR O 35 s T 1 3
50 R T R Bl 0 4R A I . 8 4> MSRFAB 5.
AR ACR T L3R 16 4~ MSRFAB (9 8 i
SRCRAUR I 5426, B 3,53 X107, A B Rtk 34

PRIt s AR SR A 8 A~ MSRFAB 15 Sy 7 AE 2 BUBE e
% MSRFAB i 16 0« ph T th 3 3 F 14 45 5%
22 AR I I i L, BTG 5 BBORR AIE £ 48 R A 99 255
BALBLR I A AR Y MSFRAB $oi KT 16 1

&3 [ MSRFAB XA E A B 4882 PSNR/dB|SSIM 45 R

Tab.3 PSNR/dB|SSIM results of the impact of different MSRFAB on the reconstruction

performance of the proposed algorithm

Numbers Parameters Attention Scale 3 Scale 4

of MSDSB  /X10° initialized Set5 Setl4 Urban100 Set5 Setl4 Urban100
1 0. 90 33.99/0.9243 30.08[0.8372 27.49]0.8382 31.90[0.8910 28.39/0.7771 25.60/0.7702
1 0.90 N/ 34.00[0.9243 30.10[0.8372 27.50]0.8380 31.93]0.8914 28.43/0.7773 25.61/0.7703
2 1. 27 34.18]0.9257 30.18[0.8388 27.72|0.8429 32.04]0.8932 28.49/0.7794 25.81/0.7776
2 1.27 N/ 34.19]0.9255 30.21[0.8394 27.77]0.8444 32.06/0.8934 28.51/0.7798 25.85[0.7791
4 2.03 34.35[0.9269 30.32/0.8415 28.12[0.8520 32.26/0.8959 28.63]0.7826 26.16/0.7890
4 2.03 N/ 34.3410.9267 30.30[0.8413 28.05]0.8507 32.24]0.8956 28.59/0.7822 26.13/0.7878
8 3.53 34.47‘0 9277 30.37[0.8421 28.30/0.8549 32.29‘0 8966 28.69]0.7841 26.33/0.7934
8 3.53 N 34.46[0.9277 30.37/0.8424 28.32[0.8563 32.27/0.8964 28.70[0.7844 26.35/0.7945
16 6.54 34.56/0.9286 30.43/0.8441 28.52[0.8599 32.40(0.8977 28.76/0.7859 26.49(0.7992
16 6.54 N 32.9410.9121 29.00[0.8190 25.50[0.7803 31.15/0.8790 27.50]0.7557 24.09]0.7081
24 9.56 32.39]0.9057 29.07[0.8174 25.72]0.7862 30.22|0.8586 27.34[0.7493 24.16/0.7104
24 9.56 N/ 32.2710.9004 28.99]0.8168 25.68]0.7849 30.23]0.8586 27.19/0.7458 24.02/0.7078
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B M RE 2R T RE

AN, BSR BT X 38 5 B U B B AT Xavier
WIhR AR 48 4 T LR Tk A R R L H o S B
S R T ) R e AR 22 R R A Bl S0 RN —
. fF MSRFAB $it 35/ B m] LB PR 6 - b X
B 25 REAE Rl VLR AT A I R B DT 4 T g 5 (E
JEBEE MSRFAB % (193 i, 38 5 A9 13 5 ) 485 Je A
B 25 R AIE il G Bl S0 B RS — B0 B 23 3 U
B 4 MSRFAB it KT 8 I, iy 7 3 1 R 45 1 %
A T SIGH BN — B R M 2 5 BURIE AL 7R
PRI [ 250 14 3 B0 DT 52 0 B3 s MR g . PR Ut > MISR-
FAB %t 16 5 24 B, £F X7 3 58 780 14 5 07 A5 e i
17 Xavier ¥) I 1k (454 25 T B8 1 1) 0 8 M e 2 )
TR
3.4.2 stk

T AR SR i A S RR b A ROR
TE 2.3 4 A5 i K 2 80T X &k 42 20 47 A, JF A
PSNR Fl SSIM PiA~4EJE JEAT A i Bicubic,
SRResNet, EDSR, ESRGAN (enhanced super reso-
lution generative adversarial network )™ RCAN
(residual channel attention network )™, CDC,
REDN-L® FI MSCANY™ £ R %f [b & ., H o,
Bicubic, SRResNet, EDSR, ESRGAN, RCAN i
CDC 1y s 5 45 R ok A 7 Xk [11]; REDN-L 5
MSCAN {4 52 55 25 5 43 ) >R FH SCHRL8 ] 5 STk 17 189
YIZRFEmE  ff H] DReal SR 15y Il 25 8 #0871l 2R 45 51
SR AR ANR 4 PR RS20 A5 R R R 5
TSR A R N LR R

MR A BEERTLUEB, ALREED
PSNR 5SSIM 48 b5 A XF F Bicubic 43 5 #2 7+ T
1.37 dB 1 0. 03535 % b 4 T PR A 4 19 CDC 3k

A B ¥k ) PSNR 5 SSIM #5 4% 4% W 42 7+ 7
0.01 dB 5 0.001 0 XF bt &5 87 1) MSCAN 589 A< 3¢
HYLM PSNR 5 SSIM f5#5 53 547+ 70.17 dB 5
0.0025; X} b4 S %5 % REDN-L, A CH L BAR S
B & 1 56020, H 2 AR IL M PSNR 5 SSIM
FEARHL HARTH T 0. 17 dB 5 0. 004 7, B A W41 &
RO, BR T T (E Y Bicubic Bk MR R
RFDN- L5 i Ab o A 25 X W 30k i S 80 ¥ 75
10X 10° B, ANE&Zm b t#, XF b SRResNet,
EDSR.ESRGAN,RCAN,CDC 1 MSCAN # ¥, A
XEEM SRS N R A EN12.81% .
8.11%.21.14%.22. 58 % .8. 84 % F1 34. 5% . 5 I+
WA TR A SCE Bl 7 S8 S ke,
AR S EE

& 8 it 7~ A Bicubic,RFDN-L.CDC FlAs 38 3
16 2 f5 7% Kk 250K % DRealSR 1 DSC_0988 () & 7
ROCR XL s B 9 i A LA B4 BETE 3 SR R
T DRealSR 1 panasonic_50 f#) 5 2% 5 %F kb & 10
Jr7R A LA b4 R AR 4 A5 CR 2 CT X DReal SR
Canon_10 B &R R XTI,

ME 8—K 10 7] LI F i, Bicubic i) & F{% &
JIBH) s REDN-L AR B A /b 19 2 80 (B2 HXF
TG A T R S 38 SO R A AR SR A 2y
FEAR R R IEG R D CDC Y J7 2 & X R 10 7 18 X
B0 GRS o i i AT A, B R AL
o A SCRVE RN E v 4y 25 4 A & 46 B AR
KR B AT 2 B30 a , T FH 5% 22 R AE Rl #5244 2800k
AT B 25 AR B R BE S [ el g A R 3 ) AR
AT B RN ZS [P A 4E B SE AT A A N R R, E AR
5 CDC A bR AHASCHE LR S50 CDC
1) 8. 84 % . A AT 2 i AL 3.

F4 FEEZEETEBMKRRHMTH PSNR/AB|SSIM E4ELLE
Tab.4 Comparison of PSNR/dB|SSIM performance of different algorithms under different amplification factors
. Proposed Parameters Scale X 2 Scale X 3 Scale X4
Algorithm s
year /X10 RealSR DRealSR RealSR DRealSR RealSR DRealSR

Bicubic 1981 — 31.67]0.8870 32.67/0.8770 28.63[0.8090 31.50/0.8350 27.24[0.7640 30.56/0.8200

SRResNet 2017 27.55  32.65]0.9070 33.56[0.9000 28.85[0.8320 31.16/0.8590 27.63/0.7850 31.63]0.8470

EDSR 2018 43.70 32.7110.9060 34.24[0.9080 29.50[0.8410 32.93/0.8760 27.77]0.7920 32.03]0.8550

ESRGAN 2018 16.70  32.25/0.9000 33.89[0.9060 29.57[0.8410 32.39[0.8730 27.82]0.7940 31.92[0.8570

RCAN 2018 15.63 32.88/0.9080 34.34]0.9080 M'O 8410 33.03]0.8760 27.93[0.7950 31.85]0.8570

RFDN-L 2020 0.63 32.88/0.9113 34.26/0.9060 29.58/0.8395 32.81]0.8678 28.00[0.7954 31.94]0.8556

CDC 2020 39.92  32.81[0.9100 34.45[0.9100 29.57/0.8410 33.06/0.8760 28.11[0.8000 32.42[0.8610

MSCAN 2021 10. 23 32.6210.9083 34.33[0.9091 29.50[0.8408 32.98/0.8741 27.96]0.7969 32.08]0.8598

Ours 2022 3.53 32.7710.9121 34.44/0.9121 29.69/0.8424 33.08[0.8768 28.13/0.7992 32.38/0.8612
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8 2fEMKFRHET DSC_0988 EEHRITLL: (a) LR; (b) M= XHE; (c) RFDN-L; (d) CDC; (e) &AXHE%; (f) HR
Fig. 8 Image “DSC_ 0988” at 2 X magnification reconstruction effect comparison:

(a) LR; (b) Bicubic; (¢) RFDN-L; (d) CDC; (e) Ours; (f) HR

9 3{EMKZRET panasonic_50 EEMRXFLL: (a) LR; (b) M=Kk #&EIE; (¢) RFDN-L; (d) CDC; (e) &R &% ;(f) HR
Fig. 9 Image “panasonic_50" at 3 X magnification reconstruction effect comparison:
(a) LR; (b) Bicubic; (¢) RFDN-L; (d) CDC; (e) Ours; (f) HR

B 10 4ZHMKEET Canon_10 R EXFLL: (a) LR; (b) W= X#EE; (c¢) RFDN-L; (d) CDC; (e) A& %; (f) HR

Fig. 10

Image “Canon_10" at 4 X magnification reconstruction effect comparison :

(a) LR; (b) Bicubic; (¢) RFDN-L; (d) CDC; (e) Ours; (f) HR

3.4.3 HiEzAMHER

TA] ) B 52 R A SR B33 SR 70 R R 3% 45 40 4%
B MG -3 B Ry i PR DR O 6 A SRk
HATZACPENNR 3 b 2, S T A RO BB
AP RE A8 S R o H s A 7E AN [RGB fb R RO A
A HR-LR EIGXT . 8R J5 51 X6 PR 5K A~ A F0 48 19 R [A] 1]
G EAT AT LAk 2 B . Al ] Bicubic A1 X B 52 56 Ryl
25y REDN-L AE g X o383 o D AR SOk 78 R [
THIE Nz btk ge .

T IR A SCEk 22 v i i DR (Gaussi-
an blur, GB) . % = ¥ i {& i 1k (bicubic interpola-

tion,BD #l JPEG JE 44 3 FhiB 1k 07 B/ AR 52 56 1
B4 . i Urbanl00 /£ iK4E . SSIM fE
WM T FR 76 3 AR RECT AT 5056 L e 45 R
F 5 PFron. b, BB R BT 5 X5 B BRI A%
JPEG H4i i BHMG 5 &2 15 B 0 50,31 A0 Rl 1 T %
B .

F 5 RS ER 45 R AT LU W 7 AUl A =R
B AL I A SC 8 5 REDN-L % 52 36 25 52 R 14
HF R AE TAS SCE 5 REDN-L 24 5% B 252 & 4050
Pt A2 DI 545 2 78 51 X5 35 8 B0 Y IR Ak T 1 B R
PERE S H B 25, T Bl 25 0 TSR R TPEG 4 R 1k
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T A A R 5% i REDN-L R SCH
IEHET Biucbic B9 H  PERE B Z $2 71 . £
DAL 3 Ml Ak 07 3 i AR SCO i 1) SSIM 45 2R A 42
T RFDN-L S P-4 7F 1 0. 005 4, BAT R4 01z
TEPERE

x5 AXEEERERLTETH SSIM &R
Tab.5 SSIM results of proposed algorithm under

different degradation methods

BI GB JPEG Bicubic RFDN-L Ours

N 0.7208 0.6799 0.6723
N N 0.6639 0.6752 0.6904
N/ N N/ 0.6100 0.6138 0.6223

R T k2 K AR SO 1z A TR 4 AR
KEBCTHEHLLLE 3 M8 4% iPhone 11 Pro FAHL
A1 DJT Spark J& A ML Fh i 48 #1488 19 & | 647 SR &
A I AT PTRAR A AT, W 11 R 12 fEos
UL 45 G TE ) R HR B, B 32 224 X
T A 1 A AR R AT T AR S T

1T FE 12 ] DU OB = i 53R B
UGB, B EG A  Me a3 00 U
B2, RFEDN-L 573 5 g QO 56 20 R BRI T X
S EE L ARRX F RE 0 S AR — e,
P 11 Co) H i e 4R 320 2% 350 0 A7 AE OB 5 35 0 R AE A
15 M2 B S0 B AT A A L, AT S BB R 1
B I E 12 Co R R F = BT
Fo AR SO TR T A RGN G W BLEhsE D X T

11 iPhone 11 Pro BB G EE MR :

(a) LR; (b) M=R#EME; (c) RFDN-L; (d) &AXH%
Fig. 11 Comparison of image reconstruction effects taken
by iPhone 11 Pro:(a) LR; (b) Bicubic;

(¢) RFDN-L; (d) Ours

VAN

12 DJI Spark HHIBEGEZ R :

(a) LR; (b) M= R4EME; (c) RFDN-L; (d) AXHE
Fig. 12 Comparison of image reconstruction effects taken
by DJI Spark:(a) LR; (b) Bicubic;

(¢) RFDN-L; (d) Ours

FEMR S BRER 43 1 T A B O MEA . R R A RS DX 3R
BRI A TE R R n B 12 () R ) 28 R
B4, Fof T TS BRI 2% 0 R A R
Je IR ST B0, R JIC ¥2  P UF A o 0 1) [ B e Je
R T Y L 2 T AR SO R R Ak
AT W =S REDN-L 83 72 A4 6] 3 #4541
T 1y PR vh 24 5 1 B A AOR

3.4.4  FoksFE g%

T AR SO T R RO TR R &R B
TE A TE RF 1Y AR AE AL S 45 2Rk 6
i

MK 6 BSEE S R al LI A SRl TR
T SCERCL7 10 A 3E 0 B SRR )2, B I 2 8500 AN Bl
N S G TTI P kTN 3 K <0 AN i E L
RV R A B R TICR R B G n T 2 e . A
iR R AS B Bk TR R BE A A R R
RESEEDINEEYE: NS o AN R ORI <
B — et SRR B Rk Y 4 % BT DA
A N R 4 5. P LS AR ST 3G e
A s K,

R T MR AR AR ) A R AE 3 AR K R
BT B A0 ) 20 B A S AR R
43 M Tesla M40 GPU #1 RTX2080 GPU i H i
T I GE T ] SE g A5 R 3R 7 R

MR T IR a5 0T LUE R FHEHT I RTX
2080 GPU f{) & gt i} 6] 48 T Tesla M40 GPU, f¢ffi
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I RTX 2080 GPU H# R $ T » 5 BB I3 B R Ny
128X96 W}, 5k 8 g/ ]y 0. 03 s, B &3 b 0] D) &b
B 33. 33 5K IEMR, 7R 1% 40 B Tl R S S R 24
WAL 1) S B P SR 5 X 4 BRSOl 176 X 144 B, I
HAEM R 0.06 s, RIEEFMA] LI AL B 16. 67 5K K&,
FEIZ AT HERE T W R M 45 00 S R RD 15 WA AR 1 S
Fif P oK

R6 TRBMATAXEENSHESITES
Tab. 6 The amount of parameters and computation of proposed

algorithm under different inputs

Input size  Scale Pa;;rricotfrs /F;Of)(;,
128 X128 2 3.53 51.43
256 X256 2 3.53 205.74
512 X512 2 3.53 822. 94
128128 3 3.53 54. 60
256 X256 3 3.53 218. 40
512 X512 3 3.53 873.61
128128 4 3.53 63. 87
256 X256 4 3.53 255.49
512 X512 4 3.53 1021. 99

xR7T BRASPRETERAXEENERNE
Tab.7 The reconstruction time of proposed algorithm

under common resolution

Reconstructed time/s

Standard Input size
Tesla M40 RTX2080
SQCIF 128X 96 0.11 0.03
QCIF 176 X144 0.22 0. 06
SCIF 256 X192 0.41 0.13
QVGA 320X 240 0.63 0. 20
CIF 352 X288 0.83 0. 27
HVGA 480X360 1.41 0. 46
VGA 640X 480 2.51 0. 82
PAL 768 X576 3.61 1.19
4 & i

T FEARIE S ik T A BE 0 AT R A o B S A
1 SR HES AR AR 1) S 850 T R n) B, AR SR
h—Fp iR gy AR SR H R . XA
FHREMNESEEMEHERRE TREANZR
JERRAE B IR B, 51 A5k 25 RR AT Rl A 45 4 L) Vs g%
2 WA I T A 1 ) JR S B 2 R AE A R 44 5 Y 3
T AR DA 7S ) R G P A 2 R R AE I HEAT A R
VALK N TR DA 7S Y= - 3 =R FUN = Bl VA R
FERLHLARAS SR BIR . SCH g R A SCRL R B
SCPE G R O BE BB T 40 SRResNet, ESR-

Y BB - B Y& 2023 H34%

GAN.EDSR.CDC 4 3y 58 1, 11 e 2 0 P 3948
R Lh b FERE R 8. 8250, 7E A E F A M ik (1% W] i
MR TR, EE 2RI R BT R A R AT
) E Ak BE L LA R B AR . RO BT Rk
REAIE B2 HRUASE B R 48 2 R B0 AT IR AL 7E PR IE E R
fE 14 [ B 2 — 25 4 T o A PR A L A8 SR
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