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Figure 1 Network architecture diagram
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Figure 2 MST network structure diagram
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Table 1 Experimental results on the Moving MNIST dataset
Iy ik MSE MAE SSIM  Z%E/M B R/GFlops  WIR/(Wi-sT) YIRS Ikt /b
ConvLSTM " 103.3  182.9  0.707 33.78 127.01 153 — —
PredRNN[ 56. 8 126.1  0.867 23.83 116. 00 124 — —
PredRNN++'° 46.5 106.8  0.898 38.58 171.73 95 — —
MIM' ! 44.2 101. 1 0.910 38.00 179. 18 84 — —
MAU " 27.6 80.3 0.937 4.50 17.82 168 — —
PhyDNet' "’ 24.4 70.3 0. 947 3.10 15.33 181 2 000 ~242
SimVP" 23.8 68.9 0. 948 57.90 19. 43 333 2 000 ~101
SimVP+gSTA!®  22.3 67.5 0.951 46. 81 16.52 245 600 ~38
TaylorNet!'! 22.2 65.2 0. 955 3.31 15.72 225 1 000 ~129
BN @RS 20.3 62.8 0. 955 46.93 16.53 252 600 ~40
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Figure 4 Moving MNIST dataset prediction results
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Table 2 Experimental results on the TaxiBJ dataset

TaylorNet

M HE R JTTIER N 2 o A STy 15 R W8 AT 4550 b~ Bsf
[B) 2 75 [ RRAIE 9 2 > BB T, BOAS T e A 00000 552
I PERE

HA ARG 1 28 8

B 5 TaxiBJ HBEEWMLE R
Figure 5 TaxiBJ dataset prediction results
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BOT R R R AR SCT5 vk SR T 2 98 2 T 2R A
LT AR LR TERE . b ) B e ik A6 35 X
I MAU A L, MSE AR T 119% , 3 B3 b
1 32.6 GFlops,, Ti[alfRSEHE i Z £ A A SimVP
+gSTA M Ib, 76 MAE LA T 0.9%, 14k, [A
SimVP # % A o, MSE Rl MAE 4 5 B AR T
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Table 3 Experimental results on the

WeatherBench dataset

VR7S MSE/1072 MAE  SSIM i % /GFlops
PhyDNet' "’ 36.2 15.5  0.982 5.6
ConvLSTM 33.5 15.3  0.983 20.7

PredRNN++'¢" 33,4 15.3  0.983 63.0
SimVp!' 32.8 15.4  0.983 3.6
MAU"" 32.6 15.2  0.983 0
SimVP+gSTA!"®!  32.4 15.0 0.984 2.6
PredRNN'! 31.9 15.3  0.983 42.4
TAU'™ 31.0 14.9  0.984 5
ATk 30.6 14.9  0.984 2.6

Bl 5 iR oA TaxiBJ B4 46 19 W00 25 31, T LLR
b B O BE B B0, E =4 B R PR R R 27
PR 2% BRI, S5 MAU B9 15000 2% S o T
K&, SimVP L ARAT T AN EE 1) TR, (E X e ] e £

5k MSE  MAE RMSE %% /GFlops
MM 1.784 0.871 1.336 109
ConvLSTM™  1.521 0.794 1.233 136
PredRNN++'%"  1.634 0.788 1.278 413
PredRNN"! 1.331 0.724 1.154 278
MAU ! 1.251 0.703 1.119 39.6
SimvPp'" 1.238 0.703 1.113 8.0
TAU™! 1.162 0.670 1.078 6.7
SimVP+gSTA™  1.105 0.656 1.051 7.0
ATk 1.108 0.650 1.055 7.0

Kl 6 Fr~ A WeatherBench %1 4% £ ¥ 45
AT LLVE Y BEE PO BE B 3G 0, 7E ¢= 12 I}, SimVP
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Figure 6 WeatherBench dataset prediction results
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Gt —HEATIR AL 10 A4S Z5 A sk T 1 > 2R R Wt 9 XoF
S5

MR 4 PR A 3007 W 7E S8 4B KITTL -
AT T8 0 TOIRE B[R] R L BL A SimVP AH L,
MSE Fl MAE 53 BIFEAR T 18.5% 12. 3%, 1 A 5 5c
HE ) AE PR R A AL ConvLSTM A Fb , A8 SC 7 ¥ AE MSE
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BN, A, R e S i 2k 2 B SimVP +
gSTA ML, AR MSE W& 30A ir B F+ B MAE %%
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th, Z2 3 22 P A8 b AR OO BE b 3 T e 2R
TR B A 1G4S STy Wkl o B R T R R B T
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Table 4 Experimental results on the KITTI dataset

Ti MSE ~ MAE  SSIM %4 /GFlops
PhyDNet' ™! 312.2 2754.8 0.862 40. 4
MAUPY 177.8 1800.4 0.918 172.0
SimVPp" 160.2 1690.8 0.934 60. 6
PredNet' "’ 159.8 1568.9 0.929 42.8
ConvLSTM'*  139.6 1583.3 0.935 595.0
TAU™ 131.1 1507.8 0.946 92.5
SimVP+gSTA™ 129.7 1507.7 0.945 96.3
ATk 130.6 1482.3 0.945 50.7

FI SimVP+gSTA #52 [a] # 5 #F /% 50000 14 g8 , I H %
FALT HoA I 2 T 2 o) OF vk RA AR AR A 3h 2
B F fe 77 .
3.3 HELYREXW

R O3 BT VAR I 25 3 T A J) TR P X s 8 it
T E A 52 R, A SCAE TaxiBJ B08E 45 L b7 1 9 fl
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TR Ix1 BRI T4 0 25 3 2 J1)2, “ No/Sat-
337 1 No/Sat-7x 7" 43 il J& ¥ =5 6] I & I 9 2 R
FETRFE A B 1 3x3 BT 7x7 B, “ No/Tat”
FoRBA BB B A T, “No/Mk” FRom AR T
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Table 5 Ablation experimental results

on the TaxiBJ dataset

FEE MSE/1072 MAE  ZH&E/M i E R/ GFlops
No/MST 34.53  15.50  7.91 2.

No/Sat-3x3  31.76  15.09  9.89
No/Sat-7x7  30.94  14.98 9.97
No/Tat 31.17  15.17 9.97
No/Mk 31.11  15.05 9.56

4

7

MST-4 31.31  15.19 .57
MST-6 30.75  15.08 .30
MST-10 30.58  14.81  12.76

AICHY: 30.60  14.91  10.03
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Table 6 Convolution extension experiment

comparison results

Waims Wi/

¥ MSE/1072 MAE  Z¥E/M

GFlops  (Mi-s™")
Dw 30. 60 14.91 10. 03 2.61 1 020
Dc 30.92 15.03 10. 07 2.62 949
Mm 31.30 14. 83 10. 72 2.79 1131
Mc 31.07 14. 89 11.01 2. 86 705
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Figure 7 Convergence performance experimental results

4 NMWHARSERE

Bt 5 TS HL LB AR BE 2 o) R 1 A W
AUAT T B2 AR 2 BAT Sz B9 1 ATt . 7E S
U A AN A ] T A T | 52
WA TN 3 T AL 388 5 3 A S A, £ 1 AR
Gen] LARE Gy o i B2 SS T8 A5 5 s B3 A AR AL
RGO, TR AR A F0 R F] A
T A AR o B TR T B AR Sk ) R
PR , BES 4 i R B F I G0 Kt BB S o A
RO AR AT BB A 14 A e 2 7 AR AR 220
F1% IO FH A5, A B2 7 s, A0 0 2 AR mT LA
T R R I TR AP i S A 0 A, B AR AT
LA P A3 0300 5 A ofe 1 v T AR A of o 1 A 22 4
Ph o B BN B2 AR A5 22 > ST | SR T AL
W oA B T3 R CR R e JF A W 142 i
Z W5, O AR R A 3 2 ] e

5 #Hit

AR SO T 145 I 2 T T 2R A= S P AT 8]
ARG FR I 25 A HE, LA SE 43 27 2] B3 91 v 3 ()
Y J5E RN [ 24 2R A R SO I =S AE R I R T T4
il AL T 1 887 22 ) K A ] 3 T ) R R 4 R A
T1E Moving MNIST | TaxiBJ ,WeatherBench \KITTI B
RS AR T X Bk IAh A T ik
FER FE 4375 IE TN 19 22 ROBEAR 2852 B AR FE X 000 ks
JE RS2, 764 Ja B AR A K BF 5 A e SE s 00
S PE WA B i8] i 15 B 22 B 0GR () I O 4 A Y 445
) A7 B S 250 U 9 P 5o v AR A A

S E 3k

[1] DAIK, LIXT, YEY M, et al. MSTCGAN ; multiscale
time conditional generative adversarial network for long-
term satellite image sequence prediction [ J]. IEEE
Transactions on Geoscience and Remote Sensing, 2022,
60 1-16.

[2] TANC,LISY, GAOZY, et al. OpenSTL: a compre-
hensive benchmark of spatio-temporal predictive learning
[EB/OL]. (2023-06-20) [2023-07-20]. https: //
arxiv. org/abs/2306. 11249.

[3] SRIVASTAVA N, MANSIMOV E, SALAKHUTDINOV
R. Unsupervised learning of video representations using
LSTMs[ EB/OL]. (2016-01-04)[2023-07-20]. ht-
tps: //arxiv. org/abs/1502. 04681.

[4] SHIX J, CHEN Z R, WANG H, et al. Convolutional

LSTM network: a machine learning approach for precipi-



513

A LR R T TR I A R ) AR AR T ) A A 77

[5]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

tation nowcasting[ EB/OL]. (2015-09-19) [ 2023-07-
207]. https: //arxiv. org/abs/1506. 04214.

WANG Y B, LONG M S, WANG J M, et al. PredRNN:
recurrent neural networks for predictive learning using
spatiotemporal LSTMs[ C ] J/NIPS’17 . Proceedings of the
31st International Conference on Neural Information Pro-
cessing Systems. Cham: Springer, 2017 879-888.
WANG Y B, GAO Z F, LONG M S, et al. PredRNN++;
towards a resolution of the deep-in-time dilemma in spati-
otemporal predictive learning[ EB/OL]. (2018-11-19)
[2023-07-20]. https://arxiv. org/abs/1804. 06300.
LIUZ W, YEH R A, TANG X O, et al. Video frame
synthesis using deep voxel flow[ C]//2017 IEEE Interna-
tional Conference on Computer Vision (ICCV). Piscataway :
IEEE, 2017, 4473-4481.

AIGNER S, KORNER M. FutureGAN: anticipating the
future frames of video sequences using spatio-temporal 3d
convolutions in progressively growing GANs [ EB/OL ].
(2018-11-26) [ 2023 -07-207. hitps: // arxiv. org/
abs/1810. 01325.

YE X, BILODEAU G A. VPTR: efficient transformers
for video prediction[ C]//2022 26th International Confe-
rence on Pattern Recognition ( ICPR ).
IEEE, 2022 3492-3499.

GAOZ Y, TAN C, WU L R, et al. SimVP: simpler yet
better video prediction|[ C ] //2022 IEEE/CVF Conference

Piscataway :

on Computer Vision and Pattern Recognition ( CVPR).
Piscataway: IEEE, 2022, 3160-3170.

GUO M H, LU C Z, HOU Q B, et al. SegNeXt: rethin-
king convolutional attention design for semantic segmenta-
tion[ EB/OL]. (2022-09-18)[2023-07-20]. https:
//arxiv. org/abs/2209. 08575.

HU J, SHEN L, SUN G. Squeeze-and-excitation net-
works[ C]//2018 TEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Piscataway: IEEE, 2018.
7132-7141.

WANG Y B, ZHANG J J, ZHU H Y, et al. Memory in
memory : a predictive neural network for learning higher-
order non-stationarity from spatiotemporal dynamics[ C]//
2019 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition ( CVPR). Piscataway: IEEE, 2020.
9146-9154.

LOTTER W, KREIMAN G, COX D. Deep predictive
coding networks for video prediction and unsupervised
learning[ EB/OL]. (2017-05-01)[2023-07-20]. ht-
tps . //arxiv. org/abs/1605. 08104.

GUEN V L, THOME N. Disentangling physical dynamics

from unknown factors for unsupervised video prediction

[16]

[19]

[20]

[21]

[22]

[23]

[25]

[C]//2020 TEEE/CVF Conference on Computer Vision
and Pattern Recognition ( CVPR). Piscataway: IEEE,
2020 11471-11481.

PAN T, JIANG Z Q, HAN J N, et al. Taylor saves for
later: disentanglement for video prediction using Taylor
representation [ J ]. Neurocomputing, 2022, 472. 166
-174.

SUN F, BAI C, SONG Y, et al. MMINR: multi-frame-
to-multi-frame inference with noise resistance for precipi-
tation nowcasting with radar[ C]//2022 26th International
Conference on Pattern Recognition (ICPR). Piscataway:
IEEE, 2022. 97-103.

NING S L, LANM C, LI Y R, et al. MIMO is all you
need: a strong multi-in-multi-out baseline for video pre-
diction[ EB/OL]. (2023-05-30) [2023-07-20]. ht-
tps . //arxiv. org/abs/2212. 04655.

TAN C, GAOZ Y, LIS Y, et al. SimVP: towards sim-
ple yet powerful spatiotemporal predictive learning [ EB/
OL]. (2023-04-26)[2023-07-20]. https: //arxiv.
org/abs/2211. 125009.

SMITH L N, TOPIN N. Super-convergence: very fast
training of neural networks using large learning rates[ EB/
OL]. (2017-08-23)[2023-07-20]. https; //arxiv.
org/abs/1708. 07120v1.

CHANG Z, ZHANG X F, WANG S S, et al. MAU: a
motion-aware unit for video prediction and beyond[ C ] //
35th Conference on Neural Information Processing Sys-
tems. Sydney: NeurIPS | 2021. 1-13.

ZHANG J B, ZHENG Y, QI D K. Deep spatio-temporal
residual networks for citywide crowd flows prediction[ C}//
Proceedings of the 31st AAAI Conference on Artificial In-
telligence. New York: ACM, 2017, 1655-1661.

TAN C, GAOZ Y, WU L R, et al. Temporal attention
unit; towards efficient spatiotemporal predictive learning
[C]//2023 IEEE/CVF Conference on Computer Vision
and Pattern Recognition ( CVPR).
2023, 18770-18782.

RASP S, DUEBEN P D, SCHER S, et al.

Piscataway: IEEE,

Weather-
Bench: a benchmark data set for data-driven weather fore-
casting[ J]. Journal of Advances in Modeling Earth Sys-
tems, 2020, 12(11). 1-17.
DING X H, ZHANG X Y, MA N N, et al. RepVGG:
making VGG-style ConvNets great again [ C ] // 2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Piscataway: IEEE, 2021, 13728
-13737.

(THH 121 50)



514 PRAR K, 45 - B b U 2k A S A6 TE Fi 0 kv T 8 1R S A 121

Evaluation of Power Supply Reliability of Centralized Feeder

Automation Distribution Network

CHEN Genyong', GAO Xiangyu', TAN Chao’, FAN Xuguang®

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Xinxiang Power Supply
Company of State Grid Henan Electric Power Company, Xinxiang 453000, China; 3. Baofeng Power Supply Company of State Grid
Henan Electric Power Company, Pingdingshan 467400, China)

Abstract. There were still some research gaps in reliability evaluation of distribution network considering central-
ized feeder automation, and most studies only focused on the impact of power failure. Considering the pre-arranged
maintenance and capacity constraints, the influence of load transfer, and combined with the type and operation log-
ic of feeder automation, according to the related technical indexes of feeder automation, the load nodes appearing in
the process of power restoration were classified in detail. And the calculation formulas of expected power restoration
time and power supply reliability indexes of different types of loads were derived. Combined with an example, the
average outage duration SAIDI of feeder system was reduced by 0. 95—1. 08 h/(user-a) with different terminal con-
figurations in the example, which showed that optimized the terminal configuration could effectively improve the
power supply reliability of distribution network, which proved the accuracy and practicability of the evaluation meth-
od in this study. The influences of different terminal configurations on reliability were compared.

Keywords: centralized feeder automation; distribution network; power supply reliability; pre-arranged mainte-

nance; load transfer
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Video Frame Prediction Model Based on Gated Spatio-Temporal Attention

LI Weijun" ?, ZHANG Xinyong', GAO Yuxiao', GU Jianlai', LIU Jintong'

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. The Key Laboratory of Images
and Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China)

Abstract: A video frame prediction model based on gated spatio-temporal attention was proposed to address the is-
sues of low accuracy, slow training, complex structure, and error accumulation in recurrent video frame prediction
architectures. Firstly, high-level semantic information of the video frame sequence was extracted by a spatial en-
coder while preserving background features. Secondly, a gated spatio-temporal attention mechanism was estab-
lished, utilizing multi-scale deep bar convolutions and channel attention to learn both intra-frame and inter-frame
spatio-temporal features. A gate fusion mechanism was employed to balance the feature learning capability of spatio-
temporal attention. Finally, a spatial decoder reconstructed the high-level features into predicted realistic images
and complements background semantics to enhance the details. Experimental results on the Moving MNIST, Taxi-
BJ, WeatherBench, and KITTI datasets showed that compared to the multi-input multi-output model SimVP | the
mean squared error ( MSE) was reduced by 14.7%, 6.7%, 10.5%, and 18.5%, respectively. In ablation and
expansion experiments, the proposed model achieved good overall performance, demonstrating advantages such as
high prediction accuracy, low computational complexity, and efficient inference.

Keywords: video frame prediction; convolutional neural network; attention mechanism; gated convolution;

codec network
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