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Lightweight video super-resolution reconstruction based on
OFCA-Transformer

REN Pengyang', PANG Kai”

(1. School of Mechanical Engineering, Hefei University of Technology, Hefei 230002, China;
2. School of Mechanical Engineering and Automation, Northeastern University, Shenyang 110167, China)

Abstract: To address the limitations of existing video super-resolution methods in complex motion scenes-
including inaccurate frame-to-frame alignment, insufficient utilization of temporal information, and high
computational complexity of traditional attention mechanisms, this paper proposes an optical flow-guided
cross-attention video super-resolution network (OFCA-Transformer). First, a lightweight multi-scale
optical flow estimation module is designed to generate multi-granularity motion information. Second, we
innovatively introduce a flow-guided cross-attention mechanism. By establishing local attention windows
centered on flow-predicted positions, we achieve an explicit fusion of geometric priors with implicit content
awareness. This approach significantly enhances alignment accuracy while substantially reducing computational

complexity. Additionally, we construct a hierarchical feature aggregation module to enable more efficient
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spatio-temporal feature fusion within the Transformer architecture. Our method was evaluated against other
approaches on three public datasets at magnification factors of X2, X3, and X4. The results demonstrate
that OFCA-Transformer achieves PSNR values only 0. 16 dB lower than the state-of-the-art methods across
multiple datasets, while reducing model parameters by 82. 8%, effectively improving computational efficiency.
Furthermore, the proposed method exhibits more precise detail recovery and better temporal consistency
in complex motion scenes, objectively achieving superior quantitative metrics across all magnification factors.
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Tab.1 PSNR and SSIM of different methods on the REDS4 dataset

ik X2 BRI X 3R+ XA TR A+
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

Bicubic 31.02 0.880 4 28.51 0.8102 26.95 0.7456
EDVR 35.23 0.9331 31.82 0.8805 29.28 0.8654
BasicVSR 36.18 0.9412 32.35 0.8934 30.12 0.8550
BasicVSR++ 37.01 0.948 3 33.12 0.9016 31.42 0.8759
VSR-Diff 38.15 0.949 8 34.00 0.908 9 32.08 0.889 5
VRT 38.45 0.9528 34.23 0.9125 32.21 0.8923
STVSR 38.18 0.950 1 33.95 0.908 0 31.82 0.8831
OFCA-Net 38.32 0.9515 34. 10 0.9108 32. 05 0.8897
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Tab.2 PSNR and SSIM of different methods on the Vid4 dataset
. X2 R 1 X 3T KA+ XA JRR 1

ik PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic 24.18 0.698 2 22.45 0.612 3 21.32 0.5431
EDVR 26.95 0.8156 24.83 0.7345 23.41 0.6823
BasicVSR 27.68 0.8321 25.42 0.756 8 24.03 0.7015
BasicVSR-++ 28.23 0.8453 26.01 0.7732 24.65 0.7234
VSR-Diff 28.88 0.857 6 26.68 0.7879 25.28 0.7435
VRT 29.12 0.8635 26.95 0.795 4 25.48 0.7521
STVSR 28.75 0.8540 26.50 0.7821 25.05 0.7389
OFCA-Net 28. 96 0.8598 26.78 0.7893 25.32 0.745 8

&3 Vimeo-90K-T ##7 & F R[5 77 i% B PSNR F SSIM
Tab.3 PSNR and SSIM of different methods on the Vimeo-90K-T dataset
o X2 R 1 X 3R 1 XA TR A+

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic 33.25 0.912 3 30. 18 0.8456 28.42 0.7834
EDVR 37.45 0.9521 34.12 0.9012 31.85 0.8634
BasicVSR 38.23 0.958 3 34.95 0.912 3 32.78 0.8789
BasicVSR+ + 39.02 0.963 4 35.68 0.9234 33.45 0.892 3
VSR-Diff 39.80 0.967 9 36.48 0.9368 34.28 0.906 8
VRT 39.75 0.9723 36.82 0.9423 34.56 0.9125
STVSR 39.65 0.9655 36. 30 0.9330 33.79 0.9527
OFCA-Net 39.98 0.969 8 36. 65 0.9387 34. 38 0. 908 2

(SSIM) JE 1t b A4 3 . &b, DML bR 1 (19 2L
o AR BHA TR I R S A B o 5K
By 4E LI OFCA-Transformer 78 3 /™ & i 55 48
X2 X3 XAZAN R F EAE T 5
Sedt Uy AR S ERE . 5 VRT iy MEREXT L,
£ REDS4 %4t 4 I+, X4 jt K F vh OFCA-
Transformer ) PSNR ik #| 32. 05 dB, 5 VRT 11
32.21 dB M L AL 22 0. 16 dB; 7 Vid4 55 4 I,
X4 KT OFCA-Transformer 1 PSNR ik F|
25.32dB,5 VRT Y 25. 48 AB M AL 22 0. 16 dB; #£
Vimeo-90K-T %4l % I, X4 it K T OFCA-
Transformer B PSNR ik #] 34. 38 dB, 5 VRT #9
34.56 dBAH HLAN 22 0. 18 dB. 7E #fE B AR Jr 1,
OFCA-Transformer J& 3 H B 8 40 #, 4b B 3 i
RE|VRT W 4F5 0L o IWCKIH 7k F 78 X 2,
X 3. X4 =R N T F,OFCA-Transformer 3
R FRE WPERE . Bl BRI 7 3 m 7k fE
TR R RS 7R E Pk
19 X 4R 55 PERE 22 BEAE 0. 2dB KLIN

4.5 BEERSYEMIZITREISH

WE 9/~ ,OFCA-Transformer JE 323 T
o 1 BB 5 S B0 U A S, B S HE
18.2M, /5 VRT i (105. TM) S B 17. 2%,
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320 Fapas <
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Fig.9 Comparison of the number of parameters for
different methods at a magnification factor of 4 on
the REDS dataset
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Rafefi o F . 5 A A, OFCA-
Transformer [ Z % # #% 4 F BasicVSR+ +
(7.3M)5 EDVR(20. 6M) Z [f] , iX —Z 5 i 4 El)
WET H AR 2 B 5 d g PR RE ) GA i T R 4F
F A7 o 2B Y 1 5 a0 R M T AR AT K
OHLH S e — S 5 3 1 JR B 58 Ui =)
BLL  Z AL H 4 55 T 1% 584 Jm i 2 030, %
g g LG S A B A O B A B LA
BOHBR T REHEICR K EREAZ REDL
AL R A IS S K R LU
B 1 2 BT 4 52 AR 3K G2 sh 5 B RS HE 4R B

Tk g R AR AR SCHE REDS4
B (X4) LA 3E 7 2400 (Params) 7 s s
S (FLOPs) Be 4k S 8] 4 %5 L, A0 3R 4 TR .
T AFE H , OFCA-Transformer 5 STVSR )2 44
i M FLOPs &b T [A] — /K HA S5 86 U
(1 PSNRCE H 0. 23 dB) F 5 HR A #f FE % . X
EIE T 1T SC43Hr : OF CA BEHGE i i 5] 5 55 3L
Jry FISORG A Ak TSR A A5 I A 2 B 1Y ) B B A
WETHERE . 28 B3R 1~ 4,0FCA-Transformer 7
PERE i i ny VRT, KUK 83 F VRT,
5 STVSRAHY ,7E 3B 4k F R E .

K4 AREAFERITEREITL

Tab.4 Computational efficiency comparison for different methods

7k PSNR/dB SSIM S /M FLOPs/T  #EPEH}A]/(ms- frame ')
BasicVSR+ + 31.42 0.8759 7.3 0.73 32.1
VRT 32.21 0.8923 105.7 4.85 88.6
STVSR 31.82 0.8831 18.5 1.35 24.8
Ours 32.05 0.8897 18. 2 1.38 21.5
4.6 HELLIG FROE RGN L 0 ) 80, S50 3 S5 2 v 1Y Jm) 3

Sy B0 IR AR SO Y v g5 AR A RO AR SR
TH7E REDS4 B0 UE4E b JEA7 0 Al Sc 5, 45 R nk 5
TR ARSCETE SR L SEEE, 430l 43 B OF CA A
e WENEH G BRER GBS 2 RE 4
FIEXT LRI RE R R . SCRRAE SRR R 1
VBN B AR B B B T A SCHR s 1 B A BB
B AR B 2 T 11 25 SPyNet a7 £k 2 11 6 i
XoF 5 55 FRAE Bl A HE 4R, PSNR (A 9 31. 30 dB,
bb 8 B AL /N 0. 75 dB , 2 B AR #8145 5% U %t
FME LA FE 2042 00 25 i 45 B . SEER 2 7E SR 1
B LAl B 5l A RERE OB R I ALE, HEPSNR
BT 1 0.2 dB, UE B Ry & 7 2 0 A7 B T A 2
(] 408 38 P B R AR DG T A — R R R T

HE BRG] SR X FEE JI(OFCA),
FI A T A 6 378 30 2 7 v B D0 1 11 v il AR
RURE 5 W 45 328 s 0l AT R IR A5 ) S Rl G, O
PSNR {f #2 71 £ 31. 80 dB, 3 M ¥ . X iz 3 e 56
A EE D PLHRARSS & A BT 52 T iR X 5
K B IT 3 s P R AR A R ) RS T AR E R
B R, LI 4TS 3R A Lk —2F
W ERAER G PR T I AT IR BOF Rl G
B 1/2 ROE K 1/4 RPE TR BRAE , 528 )R 3
Y5 4 R B S s ORI, H PSNRAE
B 0.2 dB, WUk T 43 )2 FRAE R G B0 A 8
Mo SCR STEAY R FRIE R A B R 5] A 2 R R
IE 4 - 5 A5 4, 38 s A R o 22 R A B RN 2 &

x5 HELELIE
Tab.5 Ablation experiments
TV Y - Py PR
1 X X X X 31.30 0.880 1 15.8 28.3
2 X JR X X 31.50 0.8820 18.2 25.7
3 N/ S=7 X X 31. 80 0.8855 18.2 24.2
4 N S=11 N X 32. 00 0.8880 18.2 21.5
5 NG =11 NG NG 32.05 0.8897 18.2 21.5
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