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Figure 1 (Color online) Networks constructed from the x-coordinate of the Lorenz system. (a) Cycle network; (b) correlation network; (c) k-nearest
neighbor network; (d) adaptive nearest neighbor network; (e) e-recurrence network; (f) visibility graph; (g) coarse-graining based transition network;
(h) ordinal partition transition network. Disconnected vertices have been removed from the representations. Modified from ref. [8].
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Figure2 (Color online) Basic concepts of recurrence networks. (a) The
distance between two time (filled) points is less than the threshold &; (b)
a network path /;;. Reproduced from ref. [28] with permission by World
Scientific Publishing Co.
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Figure 3 Schematic illustration of the algorithm for constructing (a)
natural visibility graphs and (b) horizontal VG. Reproduced from ref.
[68].
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Figure 4 (Color online) The construction method of one-dimensional

sequence ordering conversion graph. (a) Illustration of permutations
from an example time series. Assume 7 = 9 and m = 6. One
embedded state vector Xjo4 = {X104, X113, X122, X131, X140, X149} is high-
lighted, and its corresponding pattern is defined by the rank ordering
mo4 = {5,1,2,4,6,3}. (b) Resulting OPTN. Reproduced from ref. [8].
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Table 2 Order patterns in three-dimensional time series (x;, y;, Z;)

IT 7T 7T, TT3 Ty TTs TTs 7 g
Ax + + + + - - - -
Ay + + - - + + - -
Az + - + - + - + -
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Figure 5 Cross and joint OPTNs, which are from two coupled
Rossler systems in the non-synchronized regime. (a) Normal
cross OPTN; (b) alternative version; (c) joint OPTN. Adapted
from ref. [100].
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In the last decade, there has been a growing body of literatures addressing the utilization of complex network methods
for the characterization of dynamical systems based on time series, which has allowed addressing fundamental questions
regarding the structural organization of nonlinear dynamics as well as the successful treatment of a variety of applications
from a broad range of disciplines. In this report, we provide an in-depth review of three existing approaches of recurrence
networks, visibility graphs and transition networks, covering their methodological foundations, interpretation and the recent
developments. The overall aim of this report is to provide the Chinese readers with the future directions of time series
network approaches and how the complex network approaches can be applied to their own field of real-world time series
analysis.
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