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Super-resolution video frame reconstruction through
lightweight attention constraint alignment network

Jin Yutong, Song Huihui®, Liu Qingshan
Nanjing University of Information Science and Technology, Collaborative Innovation Center on Atmospheric

Environment and Equipment Technology, Jiangsu Key Laboratory of Big Data Analysis Technology, Nanjing 210044, China

Abstract: Objective Current deep learning technology is beneficial to video super-resolution (SR) reconstruction. The
existing methods are constrained of the accuracy of motion estimation and compensation based on optical flow estimation,
and the reconstruction effect of large-scale moving targets is poor. The deformable convolutional alignment network captures
the target” s motion information via learning adaptive receptive fields, and provides a new solution for video super-resolution
reconstruction. To reconstruct realistic high-resolution (HR) video frames, our lightweight-attention-constrained deform-
able alignment network aims to use a less model parameters network to make full use of the redundant information between

the reference frame and adjacent frames. Method Our attention constraint alignment network ( ACAN) consists of three key
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components like feature extraction module, attention constraint alignment sub-network and dynamic fusion. First, the 5 lay-
ers are designed in terms of shared weights feature extraction module in the context of three ground residuals without batch
normalization (BN) layer and two residuals atrous spatial pyramid pooling (res_ ASPP) . To extract multi-scale information
and multi-level information without increasing the amount of parameters, the two residuals atrous spatial pyramid pooling
and three ground residuals are connected alternately without batch normalization layer. After that, the polar axis constraint
and the attention mechanism are integrated to design a lightweight attention constraint alignment sub-network ( ACAS) . The
network regulates the input features of deformable convolution via capturing the global correspondence between adjacent
frames and reference frames in the time domain under polar axis constraints, and generates a reasonable offset to achieve
implicit alignment. Specifically, the ACAS is introduced through combining the deformable convolution with attention and
polar axis constraint. The three attention constraint blocks ( ACB) involved ACAS to constrain the features on the horizontal
axis of neighboring frames. To find out the most similar features, it can code the feature correlation between any two posi-
tions along the horizontal line. At the same time, an effective mask is designed to solve the unavoidable occlusion phenome-
non in the video. In the feature extraction module, we send extracted features to the alignment module to generate alignment
features with exact matching relationships. In the ablation experiment, we verified that the network can well capture the
matching relationship between the reference frame and the adjacent frame using a layer of ACB. However, the network can
capture the matching relationship between adjacent frames and the reference frame and handle the status of large motion in
the video based on the cascaded three-layer ACB. Therefore, we select a cascaded three-layer ACB network during network
design. We illustrate a dynamic fusion branch, which is composed of 16 dynamic fusion blocks. Each block is made of two
spatial feature transformation (SFT) layers and two 1 x 1 convolutions. This branch fuses the time alignment features of the
reference frame in the forward neural network and the spatial features of the original low-resolution (LR) frame at different
stages. Finally, the high-resolution frame is reconstructed and to be trained. Vimeo-90K is a widely used training dataset
and is evaluated in conjunction with the Vid4 test dataset in common. In the training process, this network is trained on
Vimeo-90K dataset and tested on Vid4 and REDS4 datasets. The loss function chooses the Charbonnier penalty function
solely. The channel size of each layer is set to 64 for the final comparison, where we designates that the alignment module
is composed of a layer of attention constraint alignment module, while that the assigned alignment module is cascading from
three layers of attention constraint alignment module. Additionally, the network makes use of seven consecutive frames as
input. Our RGB patches of a size of 64 x 64 are used as input to the video SR, with the mini-batch size set to 16. We use
the Adam optimizer to update the network parameters. The initial learning rate is set to 4e —4. All experiments are conduc-
ted on PyTorch 1. 0 and four Nvidia Tesla T4 GPUs. Result Our experiment is evaluated on two benchmark datasets quanti-
tatively, including Vid4 and realistic and diverse scenes dataset (REDS4), and the proposed combined method obtained
better results in the image quality indicators peak signal to noise ratio (PSNR) and structural similarity (SSIM) . Our
results are compared the model to 10 recognized super resolution models, including single image super resolution ( SISR)
and video super resolution ( VSR) methods on two common datasets ( Vid4, REDS4) . The quantitative evaluations are
involved of PSNR and SSIM, and the reconstructed images of each method are provided for comparison. Our reconstruction
results show that the proposed model can recover precise details, and the effectiveness of the proposed alignment module
with polar axis constraints is verified by comparing the results of no alignment operation and the results of one or three layers
of attention constraint alignment. Without the use of alignment, the PSNR score is 22. 11 dB, with one layer of ACB PSNR
score increased by 1. 81 dB, and with three layers of ACB, the PSNR score is increased by 1. 21 dB. This result proves the
effectiveness of attention constraint to aligning blocks, and the network of cascaded three-layer ACB can capture long-dis-
tance spatial information. The dynamic fusion ( DF) module is also verified, and the comparative experiment shows that the
DF module can improve the reconstruction performance. Our results demonstrate that the PSNR score on the Vid4 data set
has increased by more than 0. 33 dB compared to EDVR_M, which is an increase of about 1. 2% . Compared with EDVR_M,
the PSNR score has increased by 0.49 dB on the REDS4 dataset, which is an increase of about 1. 6% . Moreover, under
the condition of the same PSNR scores, the proposed model parameters are nearly 50% less than that of recurrent back-pro-
jection network (RBPN) . Our PSNR value is much higher than dynamic upsampling filier (DUF) in terms of the same
number of parameters. The PSNR is increased by 0. 21 dB although the number of parameters is slightly higher than that of
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EDVR_M in our model. Conclusion the number of model parameters is reduced dramatically in the attentional alignment

network through the polar axis constraint. To achieve high quality reconstruction results, the distance information can be

captured for feature alignment. It can integrate the spatio-temporal features of video frames.

Key words: video super resolution ( VSR) ; lightweight network ; deformable convolution; attentional constraint; dynamic

fusion mechanism; residual atrous spatial pyramid pooling
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Fig.1 Network structure diagram
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E FRFHEEGEs, 1Y LN 1Y R A BAK o B
RSEZWG HAKRW, F,_ F, F,, i3 mz
MU AH SR T B RRAE . SRS 4 3k SRR AE — [ 4
ABITER AN 55T M2 (ACAS) . H iR
TIZTRL(ACB) W1 2 7, BARHY, 45 7€ — X 1R
FFER M,N e R™"C Hir | MOZA4BING, N J2&
S, M LR A 1 x | G FZE4 A RE
fEEI K e R™™C S5 FERE, N#GERS—11 x 1
BRUZGE J e R™"C g g qE iy ROV
SRIGTE K A J Z IR PAT 4t 1 5 B 3fe v | I v FH )
softmax J22 , 13 8B NE L, ,, e R 5@tk
e 11 2 ) LR AT DUAT 25 A 1 b A 7
B Z AR IR AR SCPE g i R e R D B Ok B
N HFRF 1 x 1 14 PUZ A i B R E B H e
R™"™C " H ML, FEGEFEIRA LM HAFE S e
R S VR BT A A] BE 22 SRR AE B IMAURT, AR

Jei K HS A N Y R IR AR A MOAE R, (EASE R
&, —BMR L, , MANSZERERL,., £
WA vV, e R O i FHEE AR
(ACB) A] LA I REAE AR RLEE 328 28 OC 14 1 22 S5 Ak
FREAE , BRLIE AT AR SR I 56 2R, FEAR S W 2% 1%
TEH R T AR 9 £ A o P %) [) Bsf A FE il 20 2 TG
FIXTI G 2, PE LB 3 )2 ACB, FETH Ml S 56
WU —J2 ACB A9 R 2% b 34T R 47 X 55 A I 4%
76 PSNR #5465 138715 T 1.81 dB A8 35, BB A S
BT ACB REME AR - 3 X5 2 2 RN AH 418 i 9 47 DT
Bc, T 0 3 2 ACB BRI 2% HLfdi F— 2 ACB
IPIZEFE PSNR F5 45 E T T 1. 21 dB, X iEH
eI 3 2 ACB 1Y 2% RE 0% B8 4 Mo 4l AR AH &P i 5 2
T[] PR S I B ) 1 O R, DT A e ik — 25
T, ZJE RS B 6 R O 2 RN A A % 5 —
A1 x 1 BRUZ I TR IE Rl A A Bl B I S
It FLR HoA A B 0] AR A X AH 28T M AN F%
T EA T DE RO A B SRR
F, = fion (15, 1LY (2)
T, froas (+) FRTE T T L HON 557 P 2% $12 O
FERMERIERAE . SRJG K T A A 2T 9 X 55 AR IR
F.., DRGSR FF4HE
& = [F_y, . F_ F, - F,] (3)
R T ARBOTEER— B R R, A CEIAT
— SR B 1 B A S M4 (ACAS) . 4
EMN—XFEG M | N PRI RHER R o M 3R

L,\jﬂ\'e RHxH'le'
1 N
R
NE RHXH’XL' / E‘IEESZ%E
y < Jx1
i S i 4 V.ER
1x1

— 7 Conv v y

W 1z /

ME R KE R
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» i softmax |/
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— /
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Fig.2  Attention constraint block (ACB)
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JRFRSRIT, N FR S % i, ACB A BLM T 73 1
L, ., FL,.,, . 8 EELT, 08 ACB #3581 E
FRXT R S 28, AT LAAS 3 AR —30rk:

M=L,, 6 QN

N=L,,®M (4)
K, @ RIRFFEN, Ly oy TR NM) —
M(N) WERSIE L, 5546, B F 0085 b AR A k6
SMPUER AR, BFE T Bk, Ak, AT
L, AP, A A OGRS v, IF H H
RS T — Bk IE AL 7EE] 2 v SR R
FIE A (WL, ) 25 R DXCIAF X6 7 (74 3 B G+
DA RO INBIAN TR . 33X 2 R S 22 b A B Y
183 S AHARMTR X DG RARD | BRI, A 3586 v, e
R GHEARN

1Y Ly, Gig,k) >7
el (5)

0 Hit

A, 7 HBUE(ASCEE N 0.2) .

FEGEIITE RS 1R (Wang 55,2018 ) il 3 X H 0
W A BE A OR PR A2 SRy X B DG R, ANV OF
TERWZHEE, M H GPU 5 R E, A%l %k,
A SOR AR 2 o5 T PR 25 G A ARl i 42
JAVERC I ZR 3R 4 TP Y SE6 25 SRR W A SCHR A
2R B B BB RS ORAR S A 25 . T H B i
RRFEAL T BAIYIGRIT (1 GPU NAF 5 T, I 2 5 Al
Y5315 ) 52 T}, de 5 A 2 A SCRT Bt i il
B2 TR 5 I 2% 1 2 R L AR G 9 D Pl
il b
1.2 BEELE 59X (DFB)

] A il S HORAETERI IR JZ , B 46 2 208
T, A AR 208 it 8 D I ) 45 SR 328 ¥ 98055 ( Kap-
peler %5 2016 ; Liao %5,2015) , 322 B Bl 45 5 s
MR & (TR E 4,2019) , A SCEE H —Fh 3l A &
Jr e BRI, G s 1 RER A SR . AR SCR
JH Song 55 A (2021 ) £ 1 # 9 Fil FEAE Al G B b iy
— T IRPHEH RSB R G 2> 3, I HS % Wang
ZFN(2018b) #& H #Y SFTGAN ( generative adversarial
networks based on spatial feature transformation ) [% %%
B E AR SRS ARG 70 SO 16 DI EAE Y 3 25
e PR A, A ShASR S PN 1 iR (5 X
Fis . e (3) TR D FFARE o AE S %
PR R A 225 WU R IE R SR F, o 25 R HRAE

V\(L3k> =

AR ¥ )2 (spatial feature transform, SFT) ( Wang 4§,
2018b;Song 45,2021 ) £5#4 UL K] 1, SFT {5 5328 ¥y
Sor(F, [ ) = yOF, + B (6)
K, y F1B TR NESHM B S, O %
IMERPAN I TR, fop (=) FR 25 (6] FFAE 55 e 45
YEoy 1B EMEFUZGR], fEshAmE i, I
f LR MT-55 08 55 B9 I 25 4 ik () 25 1 i 2 2% it 69 Ry
fiF o S , W 0 J2 YRR LS Ay v v ] T
I = fon (I ) (7)
A, fom () FRBNERE SR,

2

b

WiIZEFMERSM

2.1 ZWIRE
AR Vimeo-90K ( Xue 45 ,2019) 15 4y il 45
£E  Vid4 ( Liu #1 Sun,2014) Il REDS4 ( realistic and
diverse scenes dataset) ( Wang 55,2022 ) 1 Ry 3 4
Yk A1 3l A SC M %, MR REN L =
[ 72 4 e (Lai 4,2019), 3oh & 0
1E -3, W25 LLT A S E A BBT N 64 x 64
2R RGB #h T, /Miti B 16, AU He 55
A(2015) T LRI In e N 48 280, IR B, =
0.9 ,8, = 0.999 f) Adam 1k #% ( Kingma #l Ba,
2017) FEATEERT . WIAAF ) BB 4E -4, Ours_
S F Ours 7351 /s X S HE 1 253 J2 ACB
MM, A SCHAE ] PyTorch 1.0,4 K NVIDIA
Tesla T4 GPU _EiE4T,
2.2 ERSH
R K 45 5 Bicubic, RCAN ( residual channel
attention networks) ( Zhang %% ,2018 ) 1 DBPN ( deep
back-projection networks) (Haris 55 ,2018) sk %
(=5 %5 ,2021) ,VESPCN (real-time video super-res-

olution with spatio-temporal networks and motion com-
pensation ) ( Caballero 55,2017 ) \B_123 + T ( Liu %,
2017 ) . SPMC ( subpixel motion compensation net-
works) ( Tao 55,2017 ) . TOFlow ( task-oriented flow
networks) ( Xue %§,2019) . FRVSR ( frame-recurrent
video super-resolution ) ( Sajjadi 55,2018 ) . DUF ( Jo
4F,2018) TRBERFAEVC AL (FEAR BE AN 4210 ,2021) |
RBPN( Haris %,2019) .EDVR ( Wang 5% ,2022) 17
HeA
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F 1 B TARFEIIETE 4 £ Vidd BiEE &
L, ALFE PSNR L5 AR RIM: (structural similar-
ity, SSIM) ( Wang % ,2004) Z5 5, Vid4 E=—4 )&
il LRGS0  4 DN UF 51 Calendar |
City Foliage 1 Walk , 3 SR 7 31 v A0 5 45 FR 9 iz
S HE S PERWP A, R L LR, AR
SCRIZ5 ) PSNR b EDVR_M J5 #5785 0. 33 dB LA |,
A5ETE 1.2% , Ha] LU 5& RBPN M %%, & 2
REDS4 %0454 LA r ik i e 45 5. REDS4 &
£ NTIRE19 BRERFE I & A 087 10 w8 oa f 4 06 4,

x1 AEAEELIE VM BIEELHES

4 AP, 435 000 011,015,020, 3% L& 447
A SRR miEsl, mE2 ATLED, &AL
7?725’3%1%@%5"] PSNR H. It EDVR_M & i 0. 49

B, 227} 1. 6% ,PSNR HI SSIM #4 5 RBPN {24,
EE%E’JE%@ Hh S AR S W 28 SR /N T
RBPN, iR Ar A o Mk B 4= 3C 77 16 0T DL o 4%
FAIE B (5 BRI IR 2 WU 18] B TOAR FRAE , AT R
1 b fiff R iz B )

Bl 3 (a) s 1 Vidd B4R th PN 500wl AL
FZE R . B X3 AT DU Y, A SC W) 4% 2t o o

bk %% ( PSNR/SSIM)

Table 1 Quantitative comparison of different methods in the 4 times Vid4 validation set ( PSNR/SSIM)

PSNR/(dB)/SSIM
(A7 FHME
Calendar City Foliage Walk
Bicubic 20.39/0.572 0 25.16/0.602 8 23.47/0.566 6 26.10/0.797 4 23.78/0.634 7
DBPN 22.27/0.717 8 25.84/0.683 5 24.70/0.661 5 28.65/0.870 6 25.37/0.733 4
RCAN 22.33/0.725 4 26.10/0.696 0 24.74/0. 664 7 28.65/0.871 9 25.46/0.739 5
VESPCN - - - - 25.35/0.755 7
B_123 + T 21.66/0.704 0 26.45/0.720 0 24.95/0.698 0 28.26/0.859 0 25.34/0.745 0
SPMC 22.16/0.746 5 27.00/0.7573 25.43/0.720 8 28.91/0.876 1 25.88/0.775 2
TOFlow 22.47/0.731 8 26.78/0.740 3 25.27/0.709 2 29.05/0.879 0 25.89/0.765 1
TDAN 22.98/0.756 0 26.99/0.757 0 25.51/0.717 0 29.50/0. 890 0 26.24/0.780 0
Jiiak 2 - - - - 26.32/0.785 0
FRVSR - - - - 26.69/0.822 0
EDVR_M 23.36/0.790 9 27.57/0.794 0 25.99/0.747 3 30.23/0.902 4 26.79/0. 808 7
Ours_S 23.79/0. 800 9 27.61/0.797 0 26.07/0.751 6 30.52/0.907 8 27.00/0.814 3
RBPN 23.93/0.803 0 27.64/0.802 0 26.27/0.757 0 30.65/0.911 0 27.12/0.818 0
Ours 23.92/0.806 7 27.69/0.801 3 26.15/0.755 6 30.70/0.910 5 27.12/0.818 5

TE RO R R LS5 R T RIK A IR R -

INZTTERIAS GRS

x2 A EFHIETE4 5 REDS4 MK £ R ITFE LR (PSNR/SSIM )
Table 2 Evaluation results of different methods in 4 times REDS4 test set ( PSNR/SSIM )

PSNR/ (dB)/SSIM

LB

Bicubic RCAN SPMC

DUF

EDVR_M  REFFEITHD RBPN N

000 20.55/0.531 2 21.89/0.543 6 22.16/0.586 4 22.58/0.597 1 28.12/0.819 5 27.85/0. 811 2 28.86/0.819 5 28.86/0.819 6

011 21.68/0.653 5 22.67/0.660 2 23.11/0.667 9 23.32/0.680 7 30.45/0.861 9 31.49/0.875 6 31.08/0.859 2 31.09/0.859 3

015 24.17/0.545 7 24.83/0.590 1 25.05/0.613 4 25.71/0.776 4 33.81/0.919 9 33.47/0.912 5 34.18/0.919 9 34.19/0.920 0

020 21.21/0.668 7 21.94/0.671 5 22.13/0.675 3 22.91/0.687 2 29.56/0.865 6 29.80/0.878 1 29.78/0.864 2 29.78/0.864 2

SEH4ME 21.90/0.599 7 22.83/0.616 3 23.11/0.635 7 23.63/0. 685 4 30.49/0. 867 2 30.55/0.869 3 30.97/0.865 7 30.98/0.865 8

TE I PO BT RS R, TR TR 5 R s
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KA R SERILETT . 7E Calendar ST A4 iz ) vp |
PRI BT T AT 31, 7 City PSR MR B b
ASCJ7 5 RBPN SRERT AR 1) KRS A1 7
Fi, K 3(b) /R T REDS4 il b iyl dfk4h
W, AT U AR ST 125 e 08 250 17 A 1 DX 3 1S 2 7 S

City EDVR_M

30 3l

EDVR_M

SyRZHT , RBPN SR L BB 55 T B Hb B 4 1 3k 4k
1T RAAE G D0 245 25 KA B AR S I 286 177 75 B R B
H2 3 AIHL A UM SHR U =2 —, U
53T T AT UE B AR SCHE SR B A% 76 KR8 15 i 1
T OL R R ST T

0 P 3

SPMC

Bicubic

0 A 30 3

DUF_l6L RBPN

Bicubic

DUF_l6L RBPN Ours

(a) 7E 4 i Vid4 ZAliE e TSR

Kl"r l
011 GT

Bicubic

SPMC  DUF  RBPN Outs

(b) 7£ 4 15 REDS4 il b1 45 %
K3 wrifkss

Fig.3 Visual of result ( (a) super-resolution reconstruction results on the 4 times Vid4 dataset;

(b) super-resolution reconstruction results on the 4 times REDS4 dataset)

2.3 REXMHILR

%3 R T A %5 DBPN RCAN EDVR _
M .DUF  RBPN [ Z %%} b 4% %, DBPN F1 RCAN
J& HRTPIFP I AF 9 SISR 73k (BB AT TR A R s
RIRSE, 28051k 1 000 £77, 3% 3 £H RBPN =
B TE VSR ik R R E 0, 6% 2 TTY
{HRT , 78 PSNR fEAH S 15O F , BiAY Ours 1S
B RBPN 70 T 3T 50% , 762 50k A1 24 1915 i

.y

T, Ours /9 PSNR {H £ 37 & T DUF, i A5 54

Ours_S B 5 B Sk = T EDVR_M, {H & PSNR
PR T 0.21 dB(WLFR 1), X UEAR ST 47 S5
/NG LT BUS TS PERE  SE L T R E A

®3 FREFENEESHLILE
Table 3 Comparison of model parameters of
different methods

DBPN RCAN EDVR_M DUF RBPN Ours_S Ours

ZHE/M 10 16 4.2 5.9 12.5 4.9 5.8
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S a7
2.4 HRERSCIE

AR SO ) RO SRR B A il A A
TPU0UE, WAl R 4 e Vidd B4 Lois .,
96K ACB BB BRIT 5 6 Ay 187 R0 46 FRARAE , IR Z h
Baseline, 3% 4 3% B ¥F Baseline %15 % 1k i PSNR
{H,7E Baseline H il A —JZ ACB, # %] ACB-1 fY
PSNR 6542553 23. 92 dB, #5254 1. 81 dB, T4
ACB 225X 3 JZHA Baseline H', #%) ACB-3 ) PSNR
F5FRiAF) 25.13 dB, [ ACB-1 4275 7 1. 21 dB, iXfi#
BT 3 2B AT SRR AR b Hu e 4k K2
3l RIRENE b ACB-1 B - b 4l A 328 B3 % B G 2R
T30, T B ) 2 il A B 0 AT R, FE ACB-3
BRI THHEA 16 23R4 Y, A1 DF 1Y PSNR
fEbRikE] 26. 28 dB, 450 1. 35 dB, X UE A ZERHIE
fl A I R BB B g A0 G R S 2 W RRAE, 1T DA
ST A Y A AR

x4 HBZE

Table 4 Ablation experiments

Baseline ~ ACB-1  ACB-3 DF PSNR/dB
vV - - - 22.11
vV vV - - 23.92
vV - VvV - 25.13
vV - vV V 26. 48
TEVIRRFEH, = RN AR,

3 5% it

ASCHR T — Rl 90T R T O 55 2% Y
MU 7 B R0, 7 R el A A R 2 S 1 ()
SCRE e A% H A M 2 47 o FE A, AP R L S R
W T AR LB AR SCRY R R B S5 U
1) 3t e — A~ I 2 A 4 AR A 2 A 4 BB AL it
FERMZZUAEE 2) R AR AT A& F T,
BTN BT R 0 S Bl 0 2% BE RS S T AR
P K-l BT 5 AT Hp e AL A R, 52 RS HE XS
F o BERFAERGE SR, Beit— A9k 3 2 ik
T 2R B IO 28 AR R e S £ R LA A SRS ) v
Pt R S A AR T A AT A2 8 3 BH b 52 BHURS v X
7o 3) 16 JZ LA 1Y B 25 i SR 4R 8 25
Rl 3 32 FE 3 Rl AR ARSI D S RFIE AN iR LR

WIAEA R B A 22 AR . R LR AEE A s 23
BRI, SEHRIT AR ST 1A S I 1
Ptk bR 1 ek MU MRk | BERS R THILAINT
AR M B RRAE D HORID T 280,

SR, o T EUA B AL 73 5k N B S A FR
ARSI & 14 2 DA B A AR P L 3R 4
G EE AR A B 5 P AT AE 2 PO H 2 1
DU, FEURNA A M7 SR 45, i i 3oF 3 46 R ST 1
BT AT B RE VR L, PRI AS SO i — 2B 5T
FLSsr WAy | B0 LS D P A RSA] W P 25 Jn 14
[ BB T 58 AR SR B R RE
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