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Introduction:	

Complex	networks	encode	the	interactions	between	the	different	components	of	a	

complex	 system,	 and	 helps	 to	 study	 their	 collective	 behaviour,	 such	 as	

synchronization	 [1].	 It	 has	 found	applications	 in	 various	 fields	 such	 as	 spread	of	

disease,	 protein	 structure,	 the	 internet,	 citation	 networks,	 etc	 [2].	 Functional	

network	analysis	has	been	very	successfully	applied	to	the	study	of	Earth’s	Climate	

system	[3‐6].	Climate	networks	have	been	used	to	gain	better	understanding	of	the	

mechanisms	 underlying	 various	 climate	 phenomena	 such	 as	 El	 Nino‐Southern	

Oscillation	[7‐9],	the	South	American	Monsoon	[10]	and	the	Indian	Monsoon	[11‐

12]	with	a	motivation	of	improving	their	predictability.		

Most	 of	 the	 applications	 of	 climate	 networks	 are	 towards	 understanding	 of	

phenomena	 which	 occur	 over	 seasonal	 or	 annual	 timescales.	 In	 our	 report,	 we	

discuss	our	efforts	to	apply	this	methodology	to	study	weather	variability	over	much	

shorter	 time	 scales.	 We	 use	 time‐evolving	 climate	 networks	 to	 understand	 the	

dynamical	and	topological	evolution	of	a	regional	climate	system	during	a	tropical	

cyclone	(TC).		

	 	
	

Tropical	 cyclones	 are	 highly	 localized,	 short‐lived,	 destructive	 extreme	 weather	

phenomena	that	pose	a	serious	threat	to	life	and	property	[13].	Some	of	the	previous	

works	 on	 spatio‐temporal	 patterns	 of	 extreme	 rainfall	 focuses	 on	 distinguishing	

Fig1: Satellite view of Super 

Typhoon Goni (Picture 

Courtesy: Google images) 
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between	 regions	which	 receive	 rainfall	 due	 to	 large‐scale	 atmospheric	processes	

such	as	the	Baiu	front	and	that	due	to	tropical	storm	systems	[14‐16].	Here,	we	focus	

on	the	development	of	 individual	TCs	and	identifying	their	tracks	using	network‐

based	indicators.		

We	show	through	our	analysis	that	by	using	a	sliding	window	approach	of	window	

length	 relevant	 to	 the	 time	 scale	 of	 TCs,	 we	 can	 capture	 the	 localized	 spatial	

reorganization	of	the	system	during	a	TC.	

	

Reanalysis	Data	

We	 use	 the	 ERA5	 reanalysis	Mean	 Sea	 Level	 Pressure	 (MSLP)	 dataset	 [17].	 The	

entire	availability	of	the	dataset	is	from	1950‐present.	We	use	a	3‐hourly	temporal	

resolution	which	ensures	a	high	sampling	rate.	This	is	essential	as	most	TCs	undergo	

a	 rapid	development	and	dissipation.	Also,	 the	use	of	 a	high	 temporal	 resolution	

ensures	more	time	points	for	our	short	time	windows	of	~10	days.	We	use	a	high	

spatial	resolution	of	0.75° 0.75°,	which	proves	to	be	sufficient	for	our	analysis.	We	

exclude	the	land	points	from	our	analysis	as	most	TCs	dissipate	shortly	after	landfall.	

This	 also	 reduces	 our	 computation	 costs	 by	 reducing	 the	 number	 of	 spatial	 grid	

points.	

	

Fig 2: Mean Sea Level Pressure 

anomaly pattern during Cyclone Gaja 

plotted using ERA5 reanalysis data. 
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We	compare	our	findings	for	selected	TCs	over	the	North	Indian	Ocean	(NIO)	and	

tropical	North	Atlantic	Ocean	(NAO)	(see	region	of	interest	in	Fig.	3)	with	the	Best	

Tracks	 data	 from	 the	 respective	 Regional	 Specialized	 Meteorological	 Centres	

responsible	for	TC	warnings	[18‐19].	

 

Methodology	

A	network	is	a	system	consisting	of	nodes	and	links	(connection	between	nodes).	In	

climate	networks	nodes	are	the	spatial	grid	points	of	an	underlying	climate	dataset	

while	 links	 are	 added	 between	 each	 pair	 of	 nodes	 depending	 on	 the	 degree	 of	

statistical	 interdependence	 (e.g.	Correlation)	between	 the	 corresponding	pairs	of	

anomaly	time	series	taken	from	the	climate	data	set	(see	Fig.4).		

Network	Construction:	

We	construct	overlapping	short‐length	time	windows	of	10	days	using	the	3‐hrly	

MSLP	 anomaly,	 which	 give	 80	 time	 points	 for	 each	 grid	 point.	 Each	 successive	

window	has	9	days	of	overlap	with	the	previous	window	(see	Fig.	5).	For	the	NIO	

basin,	we	consider	sliding	windows	over	the	post‐monsoon	cyclone	season	of	the	

years	2009‐18,	i.e.,	the	Sept‐Oct‐Nov‐Dec	season,	which	has	a	higher	frequency	of	

TCs	as	compared	the	pre‐monsoon	season	[20].		In	case	of	the	north	Atlantic	Ocean,	

Fig 3: Region of interest for our analysis – North Indian Ocean TC basin (left) and tropical 

North Atlantic Ocean TC basin (right) 
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we	 consider	 the	 peak	 hurricane	 season,	 i.e.,	 Aug‐Sep	 season	 for	 our	 evolving	

network	approach.	

We	construct	our	time‐evolving	climate	network	for	each	window	by	calculating	the	

statistically	significant	Kendall’s	τ	coefficient	between	corresponding	time	series	of	

every	pair	of	nodes	at	zero	lag.	To	calculate	the	similarity	between	time	series,	we	

use	 Kendall’s	 τ	 coefficient	 instead	 of	 Pearson’s	 coefficient	 because	 the	 former	 is	

known	to	perform	better	for	short	time	series	[21].	We	then	choose	the	5%	strongest	

correlations	for	each	network	to	get	the	most	significant	links	of	the	network.	

	

	

	

	

	

	

Network	measures:		

We	use	the	following	three	network	measures	to	analyse	our	networks:	

 Degree:	It	is	the	number	of	connections	a	node	in	a	network	has	with	other	

nodes.	 

Fig. 4: Schematic representation 

of climate network construction 

Fig. 5: Evolving time windows used for network construction 
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 Mean	geographical	distance:	This	measure	gives	 further	 insight	 into	 the	

spatial	 scales	 involved	 in	 the	 system.	 It	 calculates	 the	 mean	 of	 the	

geographical	great‐circle	distances	a	node	i	is	connected	with	its	neighbours	

j.	We	use	the	Haversine	formula	to	calculate	the	geographical	distance	which	

assumes	the	Earth	to	be	a	sphere.			

 Clustering	 coefficient:	 The	 local	 clustering	 coefficient,	 ,	 measures	 the	

degree	to	which	nodes	in	a	network	tend	to	cluster.	The	measure	quantifies	

how	close	the	neighbours	j	and	h	of	a	node	i	are	close	to	be	a	complete	graph,	

i.e.,	fully	connected.		Such	a	measure	gives	the	information	about	the	group	

of	nodes	in	the	network	among	which	there	is	a	continuous	flow.		

Boundary	correction:		

While	constructing	a	network	over	a	few	nodes	which	might	be	a	part	of	a	larger	

network,	there	arises	spatial	anisotropy	in	the	network.	This	may	lead	to	spurious	

conclusions.	 In	 our	 case,	 correction	of	 bias	due	 to	 spatial	 embedding	 is	 essential	

because	we	construct	our	network	over	rather	small	spatial	regions	instead	of	the	

whole	globe.	Artificial	introduction	of	such	boundaries	abruptly	cuts	the	links	of	the	

nodes	 of	 the	 network	 in	 consideration	 with	 that	 of	 the	 outside	 region.	 This	

influences	different	network	measures	in	different	ways	[22].	Fig.	6	shows	the	error	

induced	in	degree	and	clustering	coefficient	due	to	boundaries.		

Fig 6: Boundary effect on degree (left) and local clustering coefficient (right). 
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To	correct	for	this	bias,	we	adopt	the	correction	procedure	in	[23].	We	first	get	the	

average	of	the	distribution	of	the	network	measure	calculated	for	several	spatially	

embedded	 random	networks	which	has	 the	 same	 link	probability	distribution	as	

that	of	our	original	network.	This	gives	the	expected	value	of	the	network	measure	

for	a	network	with	the	given	spatial	embedding,	which	is	the	boundary	error.	Finally	

we	obtain	the	corrected	network	measure	by	reducing	the	original	(uncorrected)	

value	by	that	expected	by	chance.	It	should	be	noted	that	the	negative	values	in	the	

corrected	measure	arise	due	to	removal	of	boundary	effects	by	subtraction.	

Results:	

On	 analysing	 our	 evolving	 networks	 for	 a	 particular	 TC	 season,	we	 find	 specific	

cyclone	signatures	in	the	spatial	patterns	of	the	network	measures.	In	the	absence	

of	 a	 TC,	 there	 are	 no	 definite	 spatial	 patterns	 in	 the	 network,	 except	 an	 almost	

uniform	distribution	of	degree	and	very	low	values	of	local	clustering	(Fig.	7).		

When	there	is	a	TC	present	in	the	system,	during	the	time	span	covered	by	the	

network,	we	find	that	the	network	topology	undergoes	a	specific	rearrangement,	

which	is	evident	from	the	presence	of	definite	localized	structures	in	the	spatial	

patterns	of	the	network	measures.	Fig.	8	shows	the	spatial	patterns	of	degree,	

mean	geographical	distance	and	local	clustering	coefficient	of	a	network	

constructed	over	the	time	period	Nov	3‐12,	2015,	when	Extremely	Severe	Cyclonic	

Fig. 7: Typical spatial patterns of network measures (corrected) – (from left) degree, 

mean geographical distance, and local clustering coefficient – in the absence of a TC. 
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Storm	(ESCS)	Megh	(Nov	5‐10,	2015)	and	Deep	Depression	BOB	03	(Nov	8‐10,	

2015)	are	present	in	the	Arabian	Sea	and	the	Bay	of	Bengal	respectively.		

We	see	that	for	both	the	tropical	storm	systems	in	their	respective	sub	basins,	there	

occurs	low	degree	and	mean	geographical	distance	along	the	TC	track.	On	the	other	

hand,	higher	 local	 clustering	 is	 seen	along	 the	cyclone	 track.	 Such	a	 formation	of	

localized	pattern	in	the	system	is	indicative	of	the	fact	that	the	cyclone	nodes	form	a	

tightly	knit	group,	with	connections	only	within	the	group.	Thus,	the	value	of	degree	

and	mean	geographical	distance	lowers	along	the	track	compared	to	its	surrounding	

regions.	 The	 higher	 degree	 and	 mean	 geographical	 distance	 in	 the	 surrounding	

regions	of	the	TC	track	can	be	attributed	to	presence	of	 long	links	which	connect	

regions	on	either	side	of	 the	track	due	to	similarity	 in	 their	dynamical	behaviour	

(See	Fig.	9).		

The	 high	 local	 clustering	 value	 along	 the	 TC	 track	 indicates	 the	 formation	 of	

communities	or	closely	knit	groups	within	the	network	which	functions	differently	

than	the	rest	of	the	network.	High	clustering	along	the	track	thus	indicates	a	well‐

connected	region	in	which	there	exists	a	spatial	continuity.	

Fig.  8:  Spatial  patterns  of  network  measures  (corrected)  –  (from  left)  degree,  mean 

geographical distance, and local clustering coefficient during the period Nov 3‐12, 2015 – in 

the presence of Extremely Severe Cyclonic Storm Megh (Nov 5‐10, 2015) in the Arabian Sea 

and Deep Depression BOB 03 (Nov 8‐10, 2015) over the Bay of Bengal. The cyclone tracks are 

shown in black. 
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We	 confirm	 that	 our	 findings	 are	 independent	 of	 the	 difference	 in	 dynamics	 of	

cyclone	 genesis	 that	 arise	 due	 to	 differing	 basin	 properties	 such	 as	 Sea	 Surface	

Temperature,	TC	translational	speed,	TC	life	span,	cyclone	activity,	etc.,	by	applying	

our	methodology	to	analyse	Hurricane	Irma	(Aug	30‐Sep	13,	2017)	in	the	NAO	basin.	

From	Fig.	10,	we	find	that	similar	observations	are	made	in	this	case	as	well.	

 

	

Fig. 9: Link density pattern of cyclone (left) and non‐cyclone (right) nodes denoted by the 

rectangular boxes, which give rise to the formation of the specific topological pattern during 

a TC.    

Fig.  10:  Spatial  patterns  of  network  measures  (corrected)  –  (from  left)  degree,  mean 

geographical distance, and local clustering coefficient during the period Aug 1‐10, 2017 – in 

the presence of Hurricane Irma (Aug 30‐Sep 13, 2017). The cyclone tracks are shown in black. 
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Conclusions:	

In	 this	 work,	 we	 have	 shown	 that	 time‐evolving	 networks	 can	 be	 successfully	

applied	to	study	the	topological	evolution	of	a	regional	weather	system	over	short	

time	scales.	In	this	respect,	we	showed	that	using	a	sliding	window	approach	over	

relevant	time	scales,	we	can	study	weather	variability,	in	particular	tropical	cyclone	

development.	Network	measures	such	as	degree,	mean	geographical	distance	and	

local	clustering	coefficient	are	good	indicators	of	the	presence	of	TCs	in	the	network	

and	 show	 striking	 connection	 to	 TC	 tracks.	 Along	 the	 TC	 track,	 we	 found	 lower	

degree	and	mean	geographical	distance.	However,	there	is	spatial	continuity	along	

the	 track	 as	 indicated	 by	 the	 high	 clustering	 values	 of	 nodes	 which	 contain	 the	

cyclone.	

This	 methodology	 has	 strong	 potential	 to	 detect	 TC	 tracks	 from	 various	 MSLP	

products.	

Future	direction	and	work	in	progress:	

We	are	working	on	the	construction	of	networks	using	various	other	climatological	

variables	such	as	precipitation,	sea	surface	temperature	and	u‐	and	v‐	components	

of	the	wind	at	different	pressure	levels	to	gain	more	insight	into	extreme	events.	An	

understanding	of	the	functional	network	representation	of	different	climatological	

variables	 is	 an	 essential	 step	 towards	 achieving	 our	 final	 goal	 of	 application	 of	

multilayer	networks	to	predict	sub‐seasonal	regime	changes.		

Outputs:	

The	above	report	is	a	summarised	version	of	our	work	[24],	S.	Gupta,	N.	Boers,	F.	

Pappenberger	 and	 J.	 Kurths,	 Complex	 Network	 approach	 for	 detecting	 Tropical	
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Cyclones,	 under	 consideration	 in	 Climate	 Dynamics,	 submission	 ID:	 CLDY‐D‐21‐

00154.	Some	of	the	initial	results	were	also	presented	as	posters	at	EGU	2020	[25]	

and	AGU	Fall	Meeting	2020	[26].	 
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