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Multi-scale feature modeling for image time-series prediction network
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Abstract; To improve the accuracy of image time-series prediction, a time-series prediction network of MA-LSTM
is proposed based on LSTM and attention mechanism. This model is consist of multi-scale attention module
(MAB), multi-scale attention layer ( MALayer) and super-resolution reconstruction module (SRRM), it could
improve the express spatiotemporal features and long-range dependencies. Firstly, MAB module is designed, and
detail modeling is improved through the spatiotemporal feature enhancement layer ( GSTA), then the channel
feature enhancement layer ( GCA) , overcoming SwinLLSTM's insufficient capture of fine-grained features, is used to
enhance the cross-dimensional information interactions of the feature map. Secondly, a simplified LSTM structure is
employed, and MALayer is constructed in combination with MAB to improve modeling of time series information.
Finally, the SRRM module is designed during feature map reconstruction to improve the prediction output.
Experimental results show that MA-LSTM achieves a structural similarity index( SSIM) of 0.960 2 and 0.924 3 on
two datasets in different fields; MovingMNIST and KTH. Compared with SwinL.STM, PhyDNET, PredRNN, and
ConvLSTM networks, the highest accuracy improvement of 0. 337 and 0. 212, respectively. This model
demonstrates the higher efficiency and applicability in time series prediction tasks and the well potential for cross-
domain promotion, and the ablation experiments also show the effectiveness of the proposed module.

Keywords: image time series data; prediction network; LSTM; shifted window attention; multi-attention fusion
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Fig. 1 Overall structure of MA-LSTM network

MA-LSTM 5 56236 A 43 Ry BASTE & 1 #b
T, 208 PatchFlated 2 )5, % ARRIERAE)Z
—AMFFIERFEJZ 24> MALayer F1— > F R AL
Yeg i, Ho MALayer 1 53 $2 002 ROBEFRIE, T 2R

BRI S 2 FE /51 7
MALager 76/ RFEBEIUHAE . B CH R
USRI R HE A A U 5 0 B
& THU MALayer Fl—A~ FoRAEBIHR | 5 RRIE R AE



5513

BRI T U BEEH , Gt RIEAE BUZ G, FEAE
Pl HE AR 53 AR T A R | JE— 2D B s AR A5 BT
MR JERAE ] B A5 2 T

FHEAE 2 FIARRIERAE 243 513532 2K A w7k
A0 N2 G R EOIR A AR B H, AN RS AR B
C, 75 B A R AE 25 0 J2 FRRAE SR B 2 b g B4
MALayer, MA-LSTM [ 2% SRR AR

F(O) :fFlﬂllell<xt) p RNxPZ

m i-1
Fm o r[lfnm ( HfMALm(Fm ) )
n= k=0

2m) - il
FO =TT (T farse (F))
n= k=0

'i:u-l :.](SRRM(F(zm)> (1)

L F O MA-LSTM W45 e i J234 HE I RRIE 1A
N A patch [ 50, P N 4AEA patch JBIF 5 B 4E
Sotaien WA EFARAE £y, 5 S, 20900 B RAES
EREE Sy MALayer N MALayer PR B iy SRR P
£ (o

I 50 A 55 %o A5 AR 174 4 AR AR RS fi8 ) 4 1
SR, MA-LSTM &4k T 48 LSTM [ 45k LIPS L 5] A
Y Transformer Z5#4) BP0 1] 4544 fai 4k T 504 i 3
BH 3, REAE B = AR A PR A AR OC %

4 JRy (5 S I EEARSERE J0 XsF T IR S0 0 4% Py oA
TOUI [RIRE EE B X E F CNIN B T S0 e 26 4 Je)
BERE J1 B89 M I B, MA-LSTM 51 A T
SwinTransformer FFS 7 7 1 7 2 1ML, EWE 4
JRHEATREAE AR | O 4 b A P P R RIS T
fi# B SwinTransformer 7F 4067 B 405 e LA 2,
MALayer 4 J8 9 2 RO E B B FE £ T
SwinTransformer HYFEAY [, 5] A T B 25 SRR E 1 58 )2
(global spatial-temporal attention , GSTA ) 5 il i $FfiE
HA455 JZ (global channel attention, GCA) , P Fh /L il
& TlEEE N SR 56, AR T
SwinTransformer /N4 5 4/ 42 fi8 77 8# 2 f49 [7) R, [m] B
ISR TRFIE S A B 2S B T, BRIt T X Ak
AR BEARRE T , B2 iR B Fr) B AP RE

BEAh  MA-LSTM FEAFHEA: U 5 #Ab it 17—
4%%@?%@@1‘%@%( super resolution reconstruction
module , SRRM ) F] -3 3 5 1 1] 9 ¢ i 338, SRRM
AT 2 R RFE G TG 25 SR AL RHIE AR B 1
PSRN oty ) RHR A SE O F5 RS 0 B R
1.1 ZREFENE(MALayer)

MALayer 9 =224 W58 53 2 i AL 1) LSTM 4544
5 MAB BB, 3% 0 il 67 D A 1) 94 A I A2 4
PRGN 1 42 Ry FRAE 42 L, e 2T i i 580 1) I 25 28
HHL# , MALayer F P2 2548 Q1K 2 B

TRH, A5 22 ROBERAE AU P AT TR] F 57) 0] 199 2% - 121 -
Ct-l C,

D : FRAEEAE N

& « FHEEAH T

" Tanh : 5”52321&?%%

H o : sigmoid ¥V

B2 MALayer M4 251 E
Fig.2  Structure of MALayer

A ConvLSTM Y338 20 KOk 9] il AL 1T 92 4544,
ConvLSTM Y CEETTFE M »

I =0(W,*x,+W,+*H,_ +b,)

F =c(W_ xx,+W, *xH,_, +bf)
O0,=0(W_*x,+W, *H, | +b,)
C,=F,-C,_,+I -tanh(W_*x,+W, *H, _, +b,)

H =0, - tanh(C,) (2)
Ao A sigmoid G PREL, “tanh” SRy AE 26 MR BTG
PRI, AT Vit F, st Vi i, 0, vk i
IV H, M ERCIRES , €, MRS, « -7 MERAE
B AR, = " BRI, BT 1A T
A e AR AGE W S5RE b 52 X0, A
[Fi] () ASCE R i 5 R 1 D4 A [ 3 (B 254
A By H 5 4 Af ]

MALayer 381 78 & ) B 2 40 $2 90 1H 5 2 s 4F
ik, DNTIVH 25 B A B AT 33t T S s T T Y
AT IR F, 40 RS B ECIR A
AR A AR R A5 2 58T, 7 MALayer 7, MAB 5
P ELE F, M0 s AT

F =0(fum(x,,H,_,))
C, = (tanh(fy,(x,,H,_,)) +C,_,)‘F,
H, =F, -tanh(C,) (3)
P fn W RS R IR,
1.2 ZREFENEHR(MAB)

SwinLSTM 3 o 44 B8 7 i 10 14 3 1 25k 51 A
LSTM SEIR 1 X 4R A 1 42 oy A H 8 1 2 T AL
Xt AR A R D K B S T (R AR TE AN
AB o MAB BFXF iR ) 1 ek 51T PR
23 (A5 A5 W B T ML, BV 25 AR i 3 i S22 R
TEFFESE )2 MAB (A2 UL LI 3

MAB 7E SR 257 b 5 30U 450, 76 15 )=
MAB #2532 47 i (8] 2 x, WRRE B G, 5005 B )
W H,_ 3B IC R AN, @ B8 F R L]
WIHAT 2 R R E R I B 5 x, OB R 42
o 5 2 JRREIE B B A R B A AR T AL
Tl AT B A0 0 I 2 R A, BE S 5 e, Ak
BRI, f ) 280 MLP 24 i, 25 3 JRRRER S
H,_ S AGHEATB TR ARG , 38 2 42 J) 38 38 FEAE 1
B IMLI AT 5 A P R A AR R, 285 MLP DU
Ik i



<122 -

%558 4%

3 MAB M &1 E
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Hofth % AR A L, MA-LSTM fi4 SSIM {8 f% R 3R T
& B2k 0.2, PSNR {E TR BE R 2. 89,

F1 MA-LSTM 53 b B EAR B EEE SR
Tab.1 MA-LSTM and comparative models’ performance metrics on different datasets
- MovingMNIST ¥4 KTH $ice 4
MSE {H SSIM fH PSNR fH MSE {8 SSIM fE PSNR {H
MA-LSTM 18.4 0.960 2 35.16 21.50 0.9243 34.73
ConvLSTM 103.3 0.6230 23.58 38.13 0.712 0 21.59
SwinLSTM 19.3 0.950 0 34.34 24.60 0.903 0 34.34
PredRNN 56.8 0.867 0 27.55 37.90 0.8520 26.52
PhyDNet 24.4 0.942 0 32.13 45.00 0.8290 29.04
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Fig. 6 Radar chart of the performance of MA-LSTM and the comparison model on two datasets
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Prediction results of all models on the KTH dataset
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Fig. 12 Model output difference comparison chart
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Tab.2  Comparison between the model and the mainstream algorithms
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Fig. 14  Ablation experimental training results about MAB
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