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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.

A(e)f3 2, (H 2 7 B o AT B 1) 0 2% e o ]
Pliz IR 2 AR 773, E1e) R T BIHG Bt
GUESSH {52 /1 % [FUE 5%, iRie ] Lliz Hl 3
T AU Bk A AT AN 51 3R 2 1) 5 i 1Y)
JUfr &y 1401,

B 1 R I S B -3 JH W9 2%, 3 A7 R AN
[ A2 Y, LA DA -0 408 325 U I 2% DSURI&-32 48 H 38
233 oA 5 1471 s ) o) 2% f HLAth T 20T A S5 30
BR[8), fE A4 Y (1 A2 X e AR A 7 RN HRE A R AR LU A,
P JRIRAT T 2 DEA N 26 S50 45 B, KIL(E G
— DR IE.

4.1.1 EJIAMLERIZIE

196 VA ) 5 2 T IS )R A I TR AR S, IX
A G5 1) V=1 PR 43 i 3 35 A () B30, 3k VA P 28 5 ) )
T B 22 IR R 51 1 AEAH 2 18] A IR LART R 42 1271,

BT W28 SRR HI FEA, HI TR 45 2 (1) H &5/ 42
THERERAT LLE S ok B2 g Rix s AR e A
FRA EEN )P 51 ok B4R 200, F AR T B {E e
EHL 5346, RN — cofEE 4 € B {He, W45 45
THEA AT DAEREAL LT A ES N R & | AR
fig V481 R T T VR B G T B A A X A AT B 1) B L
AR T, S A A5 VRV R 5| 7 A 2 8] 1) 356 U ) 4%
534 58 B B A

— N R 1) I R VA X 2 T [ REAEAE R
1 I 28 1) T b B AN /N S 5. 3 P BEATL L ART S B
W, 8 U 4% 14 BE 2 A p(k) P AR 5] 5 1Y) %5 B bR
Bp(x)$At, 3+ HAE—YELogisticH i R4, M HEHIE
BT p(k) =& 155 G R 29 AT 1) 91 {H2 06 T 5 vy 4 B
H L R G, TR FE I 5™ A2 1 S5 1 BoR
H1L T Ak, TOR FEAREE R 23 (8] 43 T8 45 46 2 S A
A BRI, 38 1 0L T 3 (R A BRI 4%
/N S IR T X 485 [ B B R SRR R R
()T 35 B A2 K B, T s I PO 265 1) S 3580 % 438 K B 2 R
BE fff g 1), B L ~ &7 P71 RN 28 K /NN G RANK,
AT bk 1 D 286 AN 1] e B AT /Nt S T 01, dn R T
J7 270 P e 7 i R RT3 ] ROBE W B R 1aF, 368 U oA 2%
(1) /It S B AT g 2 AR AE 9051,

W 2848 328 Z BT AT AR W 51 73 4E 50 53 4

010509-5



AR PEBL W ) RO

2020 = H 505 1

— A AhTERE U, JF HAEMT AR 2 T TR YEEim 2 [+
PR TR R AR, BNE R LY 2 B A
SRR S PR, BRI S, 28 ERTR
AR YELY, H) U

T log(7(¢))
Dy = lim sup log3/4)

AR SE SCH_E RN A 3 24 5 T 22 8 3 TR R IR
ST T RIS A, 4EEUE S bR AR A AR
GG W% SR R BUAIRE AT UE SORSRIRYERL,
NS5 73 YEER b 7 1

. log(T (&)
D! =liminf
7T gl

2

4.1.2 HEEBYAMLE APk

BfHe. HEHMSH KRR, BEZLEN
(] P 1) R0 B %, A0 T RER T3S U W 28 1R e, 3K
SERHE T A 25 SCHR(S, 52]:

o BIAEIEHL B2 K e /N e AN G 3, 7T
R FHSRABL SRR A KD, 5035 v F) R AR, L BRI
VA A5 00 5% 3 2 5 R AE XU B AR bR N A A R A X
35 00520 5 b — b 22 06 7 2 3 B Y e 15 75 19X 2% 1)
YEHETEE Ap < 0.05 2027 SXAESCRRIS21 1 VEATE
. O 19X 4 T2 30 AP N TS5 6 S s 7 L ) —
AN IR U8, Bl AT iR A 2% TSR
25 R T 2 A AR I8 B 7 925, RD AR BT A R LA &5
% [54]'

o B HER AN (3 e o JLF A AR Lk
3 b DU 22 ) EE AL D A ) 1, X0 T Aa
PRI 2 AT AT . (X — e P AR R, BATE =
SN B IE B AL PR, S B R AR P AR A R 5
Wi, 75 U 75 5 45 BN B 45 2R 95561,

o MR GETH B BMEME: Wil P, BIfE
WEHURE T M EEE R L, JF H2m 1 M 2 454
it B IEUE, Oy 1 S A S MR A 2, 38 R]
DA B B MR A 1k L s 1),

o TR F T2 R RS R A2 3% T B b, AR 4
bR UEZ o, 1 He ~ So R LA Rk /N e 75 14 5%
M 57, g 7 of [ 4% 3¢ 1 B RO R, 7T 2525 SCHR(58).
TR AE SEBR B0 70 ik, e s S R AR s AN E
PE ) — AN T, 30 B A TN R 22 AR A
&, OIS I R 7 5 B AT G T D).

4.1.3 ZEEHB)EAMLE

1E 22725 i VA I 4% £ ¥ S D T, A7 AE JLAN AR A
19 T AF. SCIRI42) M — A M4 % 725 B 1 )17 9 )Y
(x; = (P My e RM), 4R R LA
BIPE# 2 RE 4 B P R T, M T 25
VBRI 2. 2R & B0 R R G, T DL B
(1P o, TR R0 00 1 A5 B e /M 42,

52 386 U 1R VORI I i ) R 1410 X 4 i
VST ¢ R TR e 7 . 0 T DA B R
2 36 VA 190 46 1900, 58 A B R 22X, AT Xg, 28 3 1
o4 2 2% 18 (0. B)FE T2 AR 22 1R 41 358, BICRY (e,p) =
O(ep — IIXI"! — x|y 101 chy st 9 7 43745 380 g 28 X
3ot A 3 e 2 T L CRU) () BV AL L 5 45328 U DY
26 101 JEIXRERIMELR T, 26 S5 M Gh i BRI RE LA
T8 B0 R IA TSR, 6 R G5 U I 4% 7 175 5
T AR P, 3 I K 7 R 2 308 3 0 R
*ﬁ [61—63]'

Bk B 30 U IR 4% Ak AL 2 A U R 4 1 TR A,
BIVIC & A% #5256 BRIRIY T & 2 JRj(e1, ... em) =
[0 R (ga), FHIR (£4) = O(e—IX " XD Ha 2
3 DR BE, @ e [1,M]. Bk& W 4% 306, )R
7 B A MA I T6] 157 510 [R5 20 336 U 80 46 2 79 450
Jaf 1601

42 TWHE

], AT AR T R % o U ) 2 18]
fRAH B AT Lok AR, N H Y LR 5 AL A N 12 3 R
Ril IR A (] A 10491 H MLacasa®s
N B — AR SN S (8] 5 51 70 T 46, 7T AR
BIT5 A5 21 IR AR Z 2] 10667 0 HAE sk
VP IE RE I TR) P 21 A O T B AR R — TR
P B A R AR, 4 B A I I T R 2 il Y
i) 7.

4.2.1 HMEFX
A AR ] B2 — 2B 18] PP 51 o Y g = x(@)),

I 18] e e 22 18] () B AT LA 8] jiee (5 < 0 <
1) A2 T B TR AL S5 A, I 0 A 7 9 2% v f A

010509-6



2020 = H 505 1

AR R W R ROC
&, AP

X; — Xk Xi = Xj

_— > —. 3

I — t; lj -1 ( )

BRI 46 30 ELR 55 1E TIN5 B E3()H BLK
R T 59 B 1 T AL R i vk, AR e
SC, AR ] s R A A, B T R B B
(0, AFAEINSL 5, AR I 18] 52 51 ¥ B 0 A7 AE U 57
RN

0 S 8] f M R 5 5 iR R KT TR
ZEAFDRE, B KT AT AL B2

Xx < min {xi, xj}, 4)

Ho, o <t <ty BHURTT D, KT AT A0 I 5 1
A b B 2% ) BE A, W 0022 e
BI3(b) . 7K-F ] 4L B o (R B — T R IR
PRF AR, DRI LI 25 IR R 5 FE 22 AR, I I 5 o
BRI ZE T AR AN A B

e T — fR R AR K S AT AR B, G AR 2 4
JIOOT e HLE R DR H VR A 2

4.2.2 AIMEEKRMR

M5 5 1 T R, TR I ) BE 23 A1 p (k)i
WA AR AL, 290455 REY, £ TE
BEALE R P, pUo MR A, Blpk) ~ k7 B2, Hy

150

100+

SSN

s0b /f

150
2100 —= =
2 kg ———
%) L
50+ — — | I— i i
ol iuiing| aaliiiiii st JUNUNUNY Ei IININNI i
1840 1850 1860 1870

Calendar year

B3 AL @M AT (0) IR 77 i, 51 8 SCRR[68]
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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