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Fig.1 The architecture of the TyphoonFNO model
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EILEI R M & KU ] FKe/(0) Jeshi/ () G R BREL WE/ (mes ")
194501 1945-04-19T12:00:00 160.3 9.5 PR E(TD) 6 12
194501 1945-04-19T18:00:00 159.9 9.6 A AL (TD) 7 15
194501 1945-04-20T00:00:00 159.7 9.6 A (TD) 7 17
194501 1945-04-20T 06:00:00 159.3 9.7 i WA (TS) 8 20
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Fig. 2 The training loss of the typhoon

track prediction model
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Tab.2 Experimental results of the tropical cyclone track predictions

- WS/ MAE / RMSE/ S KiRk%/ fi/MRE/ - WML/ MAE/ RMSE/ KR/ w/MRE/
o h km  km km km ‘ h km km km km
6 66.47 7576  247.78 2.27 6 91.7 103.48 326.89 0.56
12 80.38 93.58  350.52 1.84 12 111.92  126.95 335.86 1.3
LSTM MLP-Mixer
18 100.32 118.07  426.8 1.09 18 134.79 156.48 597.36 3.57
24 130.53 155.27  606.71 2.43 24 176.31 205.01 718.64 4.59
6 97.22 121.89  626.65 2.01 6 126.55 149.27 451.06 3.14
12 121.22 150.93  765.85 2.54 12 138.22 163.2 524.74 3.07
BiILSTM TCN
18 151.79 187.56  905.91 4.71 18 159.16  187.95 630.09 2.28
24 189.07 234.73 1087.1 8.66 24 190.32  225.52 802.16 6.41
6 99.78 106.33  226.05 3.29 6 51.15  58.8 206.72 0.19
12 118.01 125.01  304.94 14.33 12 69.85  79.88 274.8 0.19
Transformer FNO
18 142.52 155.15  416.28 3.38 18 94.59 108.06 378.85 3.37
24 153.64 174.69  520.07 10.09 24 128.58 147.8 558.76 4.1
£3 ARBERAZRER
Tab.3 Experimental results of the tropical cyclone intensity predictions
Y WK/ MAE/ RMSE/ fKiR%/ Y e/ MAE/  RMSE/ fiekiRz/
R fm
h (mes™?) (mes ) (mes ) h (mes ) (mes™ ) (mes )
6 2.56 3.55 18.96 6 3.20 4.31 18.26
12 4.17 5.63 28.43 12 4.89 6.47 27.36
FNO MLP-Mixer
18 5.40 7.22 30.96 18 5.96 7.92 30.3
24 6.40 8.60 35.83 24 6.75 8.94 32.31
6 2.61 3.89 25.54 6 3.19 4.43 20.69
12 4.24 6.14 35.17 12 4.49 6.22 28.22
LSTM TCN
18 5.40 7.74 37.82 18 5.5 7.56 33.86
24 6.33 8.97 38.91 24 6.34 8.65 36.71
6 3.24 4.4 23.55 6 2.9 3.96 20.05
12 4.68 6.30 29.44 12 4.27 5.94 28.24
BiLSTM Transformer
18 5.78 7.87 35.63 18 5.41 7.53 35.91
24 6.63 9.07 40.4 24 6.39 8.92 41.17
R4 EE-BMAHRETETFHEREETANZM 2.4.4 5 ARG Je bk AT 4
Tab.4 The influence of the speed consistent constraint FNO #4 % K A% L 4 S %iﬁ o e S A
penalty factor on the typhoon track prediction N
(FETOSEH . Bk AP AN LR S N w,
MAE/km . N
A o AL N # )2 SpectralConvld 4 Bf 8 & 4 ¥ N
) e & s (E] g 2y BE
; 5166 667 O (wl In L), % VB2 I 14 5 2% 45 O (wLIn L+
0.05 52.36 133.49 w’L). %E BT Transformer 19 O (wL?), 5%
0.10 51.15 128.58 SEBRHE PR B 5 LSTM HEA 7 F |, [7] i B4 KB 2

0.20 52.91 132.07 4 5 R AE A R
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Fig.3 Examples of typhoon track prediction: historical and future paths(true vs predicted)
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An Improved Fourier Neural Operator for Joint Prediction
of Typhoon Track and Intensity

LUO Wenhai', WANG Lei*, YANG Yi’, LIU Haifeng"
(1. School of Mathematics (Zhuhai) , Sun Yat-sen University, Zhuhai 519082, China;
2. Unit 63861 of the Chinese People’s Liberation Army, Baicheng 137001, China;
3. College of Economic and Social Development, Nankai University, Tianjin 300071, China)

Abstract: Typhoons are among the most severe natural disasters impacting the southeastern coastal regions of
China, and accurately predicting their tracks and intensities is crucial for effective disaster prevention and mitiga-
tion. Traditional numerical forecasting methods, while comprehensive in their physical mechanisms, face chal-
lenges such as high computational costs, sensitivity to initial meteorological conditions, and limitations in cap-
turing the rapid evolution of typhoons. In recent years, data-driven deep learning methods have introduces a
novel paradigm for typhoon prediction. This study presents an end-to-end model based on the Fourier Neural
Operator(FNO ) for the joint prediction of typhoon tracks and intensities upon landfall in southeastern China. By
leveraging the unique capability of FNO to model global dependencies in continuous function spaces, this
method effectively captures the non-local spatiotemporal dynamics of meteorological fields, addressing the inher-
ent limitations of traditional convolutional and recurrent neural networks in long-range dependency modeling.
The experiments utilized the 1949-2024 best-track dataset of tropical cyclones from the China Meteorological
Administration (CMA) , focusing on typhoon samples that entered the region between 105°E-130°E and 15°N-
35°N. Additionally, multi-source reanalysis meteorological fields were integrated as environmental covariates.
The results show that the proposed FNO model achieves an average 24-hour track prediction error of 128. 6km
and an intensity prediction root mean square error(RMSE)of 6. 4 m/s, significantly outperforming state-of-the-
art deep learning models such as LSTM and Transformer.

Key words: typhoon prediction; time series; Fourier neural operator
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Dynamic Modeling of Spinal Central Pattern Generators
and Quadruped Gait Regulation

HAN Fang', ZHU Qinghua’, WANG Qingyun'*®, WEI Xindan*
(1. School of Mathematics and Statistics, Ningxia University, Yinchuan 750021, China;
2. School of Data Science, Zhejiang University of Finance and Economic, Hangzhou 310018, China;
3. Department of Dynamics and Control, Bethang University, Beijing 100191, China;
4. College of Information and Intelligent Sciences, Donghua University, Shanghai 201620, China)

Abstract: Central Pattern Generators (CPGs) in the spinal cord serve as the neural control centers for rhythmic
limb movements in mammals and are crucial for understanding the mechanisms of motor control. However, the
organizational structure of spinal cord neural circuits and the specific mechanisms by which they regulate rhyth-
mic limb movements remain poorly understood. This paper systematically reviews biological experimental find-
ings and advances in computational modeling related to spinal CPGs in quadruped animals. By integrating physi-
ological experimental data, it constructs spinal CPG model featuring an asymmetric cervical-lumbar spine lay-
out. This model simulates and implements biologically accurate quadruped gait patterns under the combined reg-
ulation of spinal drive, specific ion current, and sensory feedback. The results provide new insights into the
mechanisms of central rhythmic motion control in the spinal cord and offer guidance for further biological experi-
ments related to quadrupedal motion. Additionally, these findings hold significant value for developing gait con-
trol strategies for bionic quadrupedal and bipedal robots. Finally, this paper identifies current challenges faced by
this research field and discusses future research directions.

Key words: neuromotor control; spinal CPGs; quadrupedal gaits; computational modeling; neurodynamics
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