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Abstract: Addressing the issue of high computational complexity and limited extraction of spatio-temporal
features in 3D convolutional neural networks for video super-resolution tasks, this paper introduced a novel
lightweight video super-resolution reconstruction network based on hybrid spatio-temporal convolution.

Firstly, a hybrid spatio-temporal convolution-based module was proposed to realize the enhancement of
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the spatio-temporal feature extraction capability of the network as well as reduction of the computational
complexity. Then, a similarity-based selective feature fusion module was proposed to further enhance the
extraction capability of relevant features. Lastly, a motion compensation module based on the attention
mechanism was designed to mitigate the effects of erroneous feature fusion to a certain extent. The experi-
mental results demonstrate that the proposed network can achieve a favorable balance between video super-
resolution performance and network complexity, and the 4-fold super-resolution reaches 8 {rames per sec-
ond on the benchmark dataset SPMCS-11. The proposed network meets the requirements for fast and ac-
curate reasoning operations on edge devices.
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Fig.1 Overall network structure
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Fig.2 Motion compensation structure
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Fig. 6 Visual results of our network and its variants
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Tab.3 Network performance of different widths and

depths
WE %E ZH0E/M PSNR/AB SSIM
8 64 3.9 30. 21 0.8701
8 128 5.2 30.27 0.874 4
10 64 6.8 30. 43 0.8752
10 128 9.7 30. 51 0.8809

(3) 4 2k sRECA RUE 3 AT o AR ST 28 A AN
[F) 1 458 2% ek B AT U 25 0 1 LR 3R 4 TR
AR ST T A, LR LS
MSE i J A0 L6, L1 2% e 0% O/ B8 T 2 (0 40 15 .
AN, H Charbonnier #1211 25 (1) B 4 545 1 08 47
AOPERE . L, B 4% R A Charbonnier i 25 2R 1)1l 2%
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Tab.4 Average value of all video frames of different

T O~ TR T AR JT kT Vidd £ 4 .
SPMCS-11 % ¥ £ 1 Vimeo-90K-T ¥ 5 % -t
1T AR5 5y 1) 8 B 6 L2 3R o AL I 48 bs 6 I
TR EEHR Ar T RIK R AR R IR S5 R .
5 0 DLW &L R, BT B 4% AE “Calendar” il
“Walk” i #0450 iy 1) vh 52 BT dRc AR Y SSIM B .
] B, 76 oAt 7P 3 L, T 48 I 285 £ T K3 43 11
A3 HEF 7 ALK T DUF, X 0] fE 02 i T R4
B 15 40 R G v 43 IX S A A B D R 5 BUIR
FRAEAS &5 o 1 7F “City” 5 “Foliage” ¥ 5t i /¥ 57
HECE R T DUF, BB T WA 50E ,
FF R TE T DUF 5k 3 222 0 ] Vid4 Bl 5 i
FFNgRny & Vid4 o 5 0 ik 25 1 2L # s |
6 n] DLW g #], Xt W 4% BasicVSRA++
DUF, TDAN S #0050 43 J7 15, i 42 K 2% BE % 2
>J W ARG B 4 AR AIE , 78 PSNIR 5 1 - 34 43 %l
4145 0.14 dB,1.09 dB,1. 53 dB, 7E SSIM J7 Ifii ‘F-

Loss Functions on the Vid4 dataset

Charbonnier loss

27.43

L1 loss
27. 36

MSE loss
27.28

PSNR

3.4 XfEEE

(1) Mg EEMERRXT L. AT T, W4 7E
Vid4,SPMCS-11 fil Vimeo-90K-T 2§ 3 4~ # & 4
EHEAT TSR IR S 2RI TSk, Horp
£ 45 Bicubic . 5% 22 8 18 1 58 73 M 4% (Image Su-
per-Resolution Using Very Deep Residual Chan-
nel Attention Networks, RCAN)'™®' DUF"™
235 0] AR I XF 5% AR 43 M 2% (Temporally De-
formable Alignment Network for Video Super-
Resolution, TDAN)™" i 4 #& 43 Transformer
(VSR-Transformer)™ A & BasicVSR++"" |

£S5 XARETAREEE Vidd HiEE LW EEX L (PSNR(dB)/SSIM)
Tab. 5 Quantitative comparisons of different algorithms for scale factor X 4 on Vid4 dataset( PSNR(dB)/SSIM)

VSR-Trans- Ba-

former™  sicVSR++""
20.39/0.572 0 22.31/0.724 8 24.04/0.811 0 23.20/0.768 9 24.14/0.8157 24.23/0.8209 24.20/0.821 2
25.16/0.602 8 26.07/0.693 8 28.27/0.8313 27.18/0.771 6 27.87/0.8114 28.01/0.813 7 28.03/0.814 1
23.47/0.566 6 24.69/0.662 8 26.41/0.7709 25.64/0.728 4 26.29/0.761 3 26.34/0.7654 26.39/0.766 5
26.10/0.797 4 28.64/0.871 8 30.30/0.914 1 29.80/0.894 0 30.91/0.9109 31.11/0.9154 31.09/0.9157

23.78/0.634 7 25.43/0.738 3 27.26/0.8318 26.46/0.790 7 27.30/0.824 8 27.42/0.828 9 27.43/0.829 4

FrB 4 Bicubic RCAN™ DUF™ TDAN"™ Ours

Calendar

City
Foliage
Walk

Average

F6 X4RETAEHEZEESPMCS-11HEE FHEE XL (PSNR(dAB)/SSIM)
Tab.6 Quantitative comparisons of different algorithms for scale factor X 4 on SPMCS-11 dataset(PSNR(dB)/SSIM)

Fr Bt Bicubic RCAN'Z DUF rpane VSR B Ours
er sicVSR++%7

Car.05  27.75/0.7825 29.84/0.8483 30.77/0.8705 30.59/0.8653 32.13/0.9032 32.31/0.9054 32.42/0.906 3
hdclub_003  19.42/0.4863 20.39/0.6100 22.06/0.7429 21.34/0.6879 22.11/0.7387 22.19/0.7443 22.17/0.7419
hitachi_isce5  19.61/0.5938 23.58/0.837 1 25.75/0.8927 24.59/0.8567 26.50/0.9069 26.73/0.9097 26.74/0.9123
hkOO4 001  28.54/0.8003 31.72/0.8628 32.96/0.8984 32.27/0.8825 33.48/0.9046 33.50/0.9051 33.66/0.9045
HKVTG 004 27.46/0.683 1 28.77/0.7650 29.15/0.7855 29.11/0.7788 29.57/0.7983 29.60/0.7987 29.55/0.8013
jve 009 25.40/0.7558 28.29/0.8722 29.17/0.8959 28.90/0.8832 30.46/0.9195 30.74/0.9211 30.91/0.9216
NYVTG_006 28.45/0.8014 30.99/0.8860 32.32/0.9058 31.90/0.8996 33.32/0.9251 33.56/0.9269 34.11/0.9274
PRVTG 012 25.63/0.7136 26.63/0.7811 27.35/0.8164 27.16/0.8056 27.67/0.8253 27.79/0.8281 27.84/0.8274
RMVTG 011 23.96/0.6573 26.05/0.7574 27.53/0.8115 26.95/0.7924 27.71/0.8197 27.81/0.8234 27.94/0.8252
veni3 011  29.47/0.8979 34.54/0.9625 34.64/0.9676 34.68/0.9645 36.53/0.9745 36.57/0.9748 37.16/0.9752
veni5 015  27.41/0.8483 31.01/0.9262 31.89/0.9367 31.30/0.9275 32.77/0.9449 33.17/0.9473 33.12/0.9466
Average  25.73/0.7391 28.35/0.828 1 29.42/0.8659 28.98/0.8495 30.20/0.8782 50.37/0.8804 30.51/0.8809
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Tab.7 Quantitative comparisons of different algorithms for scale factor X 4 on Vimeo-90K-T dataset(PSNR(dB)/SSIM)

Sk 1% 1432 B h iz Bl Pz Average

Bicubic 29.34/0.8330 31.29/0.8708 34.07/0.905 0 31.32/0. 868 4
RCAN'# 32.92/0.902 8 35.33/0.926 5 38.45/0.945 3 35.32/0.924 5
DUF 33.38/0.910 7 36.69/0. 944 2 38.86/0.950 8 36.35/0.938 3
TDAN'? 33.17/0.906 5 36.05/0.936 9 38.70/0.949 1 35.87/0.932 5
VSR-Transformer 34.43/0.923 2 37.69/0.9517 40.26/0.961 3 37.42/0.947 3
BasicVSR+ + " 34.58/0.925 6 37.75/0.9527 40.49/0.962 4 37.52/0.948 6
Ours 34.53/0.924 6 37.81/0.953 5 40.56/0.963 3 37.56/0.949 0

FB 1616 4983 1225 7 824

RSN 0.6 2.5 8.3 3.0

5 4 B 45 4 0.000 5, 0.015 0, 0.031 4 dB;
Vimeo-90K-T %45 42 i 2 2 % b 45 S an & 7 pF
TR o TE IS A AR B A A, 2 A E B e
JEE R L R R A A A A e R
SRS A B0 SR, K R A AR G4y
PR ) 2% AF T AL o AR b T A BT 0 R A
B N FL R e FE T K . AR 7 TSR B e
BBy P 2% 7E v iz gl PR s 3l Rz 3 i R
B T B s A9 PSNR AT SSIM 25 51, 7 18 i iz
B LB T IRARES A . o e s B g A b or
P9 K /N K B R ek 1 22 i I %) A B 4
T LA 9 7 51 B TR K 38 Bl I AR AL T
ZRE. PRI, 3 e JE DLE BA T 4 I 4% BE A5 T

GT
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“0096_0725”
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A

AR B AR 4B T 32 2 REAE LA K A By H AR it
AT EHIRE .

(2) P2 T AT L o A T SR AT HE 4y
B i 2N Y AR SO IS R B DL RO =R
A A A A58 o3 PR b, AT 3 40 IO AL 1) i
Lo X HE S8 A1 45 Vidd B 4 b % “Calen-
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Vimeo-90K-T %4 £E 1 90096 07257, F WA
B 45 S 16 B 7 s CRZ B DL I HL 7R )
LI )7 REAL AR A [6] O 2k 1a) A I I 22 S i
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Fig.7 Reconstruction visual comparisons of the state-of-the-art algorithms and proposed network on three datasets for X4 SR
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W26 Bz AL BE 0 o T AT 4 L S A A Y
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P £l 48 #5& (Natural Image Quality Evaluator,
NIQE)™", (Spatial Spectral Entropy-based Quali-
ty, SSEQ) "R IFAL 24 R A i py R . R8T
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Tab.8 Quantitative comparisons on the real-world dataset

Ba-
AL 64T Bicubic RCAN™! TDAN™® sicVSR+ Ours
_’_'zﬂ
NIQEv 7.58  6.29 6.56 6.11  6.05
SSEQY 54.40 46.32  44.26 41.17  40.59

(4) WL AT R L o W9 2652 47 I 0] 5
B A oy R R BB MR bR . R
Tk L B R A ST 4 2 R e G N 2%, R
B 0 R 45 7F SPMCS-11 $udii 4 ( X 4) E b7
FE R B ) R L S B R i ) R SE SR 240X
13448 &K, I L BR B 55— US04 i) 4 2 B ]
BRI Sy 55 — A ST Py 3] %) 4F B B ] AT BE 2% 40 45 1N
ZEIMAR W E] . H A AT 10 WA A5 R Y S
JEREATE], W32 9 TR o AT LLE Y BT 4 0 2% 11
B R A, 2 B0 R R R R AR
9.7 M, 19. 04X 10°, i & T 1% 45 & T % 38 3D
£ R 3SDSRNet M1 24 [ {17 HJ VSR-Transform-
ero I H , 7 °F iz 17 B [ 75 g ) H
3DSRNet, VSR-Transformer 1 15%, 10% . [dl
ff, #£ PSNR Al SSIM 4§ % 77 Ifil , L 56 ifF 5475 Ba-
sicVSR+ -+ 4351 & 0. 14 dB, 0. 000 5. A ik,
AE % Tk W1 T 418 00 4% J2 B Y I 2% HL B A 3
e

&9 £ SPMCS-11 4R %5 (X4) £y F HIE 1T i8]
Tab.9 Average running time on SPMCS-11 dataset for X4 SR

Rk PSNR/dB SSIM SR /M FLOPs/10° FIGIB AT A s
RCAN'® 28.35 0.828 1 15.6 261.46 1.586
DUF"™ 29.42 0.8659 5.8 92.97 0.573
3DSRNet 28.98 0.8495 15.9 127. 49 0.778
VSR-Transformer'®’ 30. 20 0.8782 43.8 834.01 1.153
BasicVSR+ %" 30. 37 0.8804 6.4 11.07 0.067
Ours 30.51 0.8809 9.7 19.04 0.115
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