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Field Author Research Title Country

Nonlinear Forecasting for a Time Series of Carbon Monoxide in Areas with High

Ruslan et al. (2020) Population Density in Sabah Malaysia
K B2 SR Shen et al. (2021) Is Weather Chaotic?: Coexistence of Chaos and Order within a Generalized China
' Lorenz Model
Schemm et al. (2023) Learning from Weather and Climate Science to Prepare for a Future Pandemic United State
Debnath (2022) The Effect of Chaos Theory in the Field of Business: A Review Bangladesh
I B ANE .. ; . .
ZUTH AT Chaos Measure Dynamics in a Multifactor Model for Financial
Markus Vogl (2024) .. Germany
Market Predictions
P W 2L A2 Shirazi and Subramaniam Attractor Ranked Re}dlal Ba31§ Function Network: A Nonparametric Forecasting United State
(2020) Approach for Chaotic Dynamic Systems
THESER RS Gupta (2022) Application of Chaos Theory for Arrhythmia Detection in Pathological Databases India
Mashuri et al. (2023) The Apphcatlon of Chaos Theory on Covid-19 Daily Time Series Dataset in Malaysia
PEs 5 A P Malaysia . | .
Rehman et al. (2022) A.Novel. Chaos-based Privacy-preserving Deep Learning Model for Cancer UK.
Diagnosis
AR ik o Lai J W, Cheong K H A Parrondo Paradoxical Interplay of Reciprocity and Reputation in Social Singapore

(2024) Dynamics
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[3] Sasdelli M, Ajanthan T, Chin T J, et al. A chaos theory approach to understand neural network
optimization[C]//2021 Digital Image Computing: Techniques and Applications (DICTA). IEEE, 2021: 1-10.

Motivation:
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[4] Danovski K, Soriano M C, Lacasa L. Dynamical stability and chaos in artificial neural network trajectories along

training[J]. Frontiers in Complex Systems, 2024, 2: 1367957.
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v Angle of arrival

v Band occupancy rate

v" Radio wave propagation

v’ Baseband signals

v" Signal deviation time series data
v" Chaos in power line communications

v" Monthly precipitation
v" Residual time series
v Vibration signal
v Monthly flow
v Temperature

v Intake fl * 31j3$ﬂ§%%?ﬁﬁﬁw
v' Gas emission rate

¥’ Gas concentration N \
v’ Coal gas network traffic flow ¢ 7KI/2%2 L
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v" Security vulnerabilities of cryptosystem
v" Corrosion, Fault section
v" Online vehicle velocity
v" COVID-19 mutation rate
v Mobile location

v" River level

v" Tornadoes, Air quality

¥' Load, Voltage, Power
v’ Disturbances P
v' Sparse grid points

v' Power

v Speed v’ Electricity price . e 7 A B e
v Load ¥ Noise frequency —j[:& E 1A EBIE%% EEE%#
v Direction v' State of charge

Y v Wave characteristics ¥" Voltage sensor validation
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[8] Suth D, Luther S, Lilienkamp T. Chaos control in cardiac dynamics: terminating chaotic states with local minima

pacing[J]. Frontiers in Network Physiology, 2024, 4: 1401661.

Motivation:
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[9] Yau H T, Kuo P H, Luan P C, et al. Proximal policy optimization-based controller for chaotic systems[J].
International Journal of Robust and Nonlinear Control, 2024, 34(1): 586-601.
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[10] Wang M, Li J. Interpretable predictions of chaotic dynamical systems using dynamical system deep learning[J].

Scientific Reports, 2024, 14(1): 3143.
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(B) Target reconstruction

Timie-lagged

M H BRAS R I B 1) A B AR 5 1

(A) Data input

Original attractor A

AET 2 k)220 mH (CVSR) ik, M
X N P EPEAR e LI $53 il H AR AR s AL pg AR ok
P kg Ar AR A ROHIR R DSDLARHY i) ¢ 4t
SEHEBRITUAER, MMBEETE 29,

=== Aqepadiauy Ppopy -----

MZ IR P8 FR A B AR R I 5 [ 1, H 3RS
RGUAS R Z B S .

12 DSDLHEZE A 25 #4)



18I

BroEsse:
YA R R RGE, 4
RADRMIG LR, BRI IY-

ALY,

<
7

=)
=
REMBIBIC LRGN 2G5 kT
SHAIBIZAGIM-GR S LT,
=]
&l
[ 1000 2000 3000 4000 5000
Time Points
45| Lorenz system (C) (D)
I Hyperchaotic Lorenz system :
- =0 Conceplual coupled Lorenz system = %
BN Mackey-Glass system < JARLRA

-
oy

-
o

Mean EPT (Lyapunov time)
x3(t) Xz(t)
w(t) y(t)

T

%4(t)
nit)
\

1000 2000 agac 4000 5000 a ]:ED

IDE SVE AR VAR Llasso SVR LSTM ResNet NG-RC DSDL Time Points **Time Points”

Numerical solution —— Training data — Effective prediction —  |nvalid prediction === EPT

=
o
[

13 DSDL-5 H AR )% L €14 DSDLYE3N B 7S £ S5 1 T 45 S5



s

> TR I E] 5 T
1 BRI BN7¥A: RNN, LSTM, [EIFIRZM % (Echo State Networks, ESNs)
2. WIMIKE vk PP E B A M4 (Physics-Informed Neural Networks, PINNs) |, #3{g B LE 1
(Physics-Informed Neural Operators, PINOs) ;

Small Data Some data Big data

Lots of physics ~ Some physics No physics
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[11] Wang Q, Jiang L, Yan L, et al. Chaotic time series prediction based on physics-informed neural operator[J].

Chaos, Solitons & Fractals, 2024, 186: 115326.
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[11] Wang Q, Jiang L, Yan L, et al. Chaotic time series prediction based on physics-informed neural operator[J].

Chaos, Solitons & Fractals, 2024, 186: 115326.
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[12] Ren W, Jin N, OuYang L. Phase Space Graph Convolutional Network for Chaotic Time Series Learning[J].

IEEE Transactions on Industrial Informatics, 2024.
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