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Abstract		

Rivers	are	regulated	worldwide	and	are	segmented	by	dams,	primarily	built	in	the	last	

century.	The	impact	of	dams	on	flow	immediately	downstream	has	been	studied	for	decades.	

However,	the	downstream	propagation	of	the	hydrologic	impacts	in	a	river	network	still	needs	to	

be	better	quantified,	particularly	in	humid	regions.	This	study	aims	to	test	a	method	of	investigating	

the	impacts	of	large	reservoirs	by	using	different	hydraulic	signatures,	determining	how	the	

signatures	propagate	downstream	of	the	dams,	and	exploring	the	potential	to	utilize	a	hydrologic	

model	to	determine	dam	impacts.	By	solely	analyzing	streamflow	observations	in	the	Delaware	

River	Basin,	hydrologic	signatures	can	detect	the	dams’	impacts	immediately	downstream	of	the	

New	York	City	reservoirs	and	are	able	to	show	the	length	scale	at	which	hydrologic	signatures	

return	to	unimpacted	values	within	the	Delaware	River	basin.	Results	show	that	the	streamflow	

downstream	was	influenced	by	the	large	reservoirs	but	with	a	propagation	distance	of	

approximately	35	kilometers,	after	which	the	signatures	are	likely	to	be	consistent	with	gauges	

upstream	of	the	reservoirs.	Unlike	the	western	U.S.,	the	streamflow	below	large	dams	shows	the	

potential	to	recover	via	streamflow	contributions	from	the	tributaries	in	a	humid	watershed,	

resulting	in	a	less	vulnerable	river	regime;	however,	the	flashier	streamflow	and	the	change	in	

timing	locally	downstream	of	the	dams	may	result	in	ecological	degradation.	This	method	

developed	for	the	Delaware	basin	to	compare	hydrologic	signatures	in	time	and	space	is	

transferable	to	other	river	basins.		

Another	potential	approach	is	to	use	a	hydrologic	model	to	simulate	unregulated	

streamflow	which	can	serve	as	a	proxy	for	naturalized	hydrologic	signatures.	The	Variable	

Infiltration	Capacity	(VIC)	model	was	selected	to	explore	the	possibility	of	expanding	the	

observation-based	method.	Due	to	the	poor	streamflow	performance	in	an	initial	simulation,	

especially	for	the	baseflow,	the	second	chapter	of	this	thesis	focuses	on	better	understanding	the	
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VIC	baseflow	generation	and	its	sensitivity	to	model	parameters.	To	do	this,	seven	calibration	

parameters	with	three	different	values	each	are	selected	for	a	sensitivity	analysis.	The	results	

suggest	that	the	infiltration	parameter	(infil),	the	exponent	in	the	equation	for	hydraulic	

conductivity	(exp),	and	the	parameter	that	specifies	the	maximum	baseflow	(dsmax)	play	important	

roles	in	determining	the	baseflow	simulation	and	also	influence	the	baseflow	sensitivity	of	other	

parameters.	This	emphasizes	the	importance	of	precipitation	partitioning	and	the	vertical	drainage	

process	in	baseflow	simulation,	in	addition	to	the	actual	baseflow	curve	for	the	bottom	soil	layer.	

Based	on	the	results	of	the	sensitivity	analysis,	VIC	is	expected	to	be	able	to	correctly	simulate	

baseflow	and	total	streamflow	after	calibration	but	this	modeling	exercise	revealed	significant	

challenges	and	limitations.	Typical	calibration	methods	that	rely	on	monthly	streamflow	need	to	be	

improved,	while	calibrating	to	daily	streamflow	is	important	because	of	the	need	to	capture	the	

hydrograph	characteristics,	like	the	correct	recession	curve.	Spatial	heterogeneity	needs	to	be	

considered,	and	the	calibration	parameters	may	not	be	transferable	between	gauges,	even	at	a	

relatively	small	distance.	If	VIC	can	represent	the	naturalized	streamflow	regime,	there	is	a	

potential	to	do	a	similar	tracing	downstream	as	in	Chapter	2.	Both	methods	could	then	be	applied	to	

other	basins.	
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Chapter	1:	Introduction	

1.1	Background	and	motivation	

Dams	play	a	significant	role	in	regulating	rivers	and	have	become	ubiquitous	in	many	parts	

of	the	world.	Over	50,000	large	dams	higher	than	15	meters	were	recorded	worldwide	by	2006	

(Berga	et	al.,	2006).	The	impoundment	of	surface	water	by	dams	benefits	water	supply,	

hydropower	production,	flood	control,	irrigation,	recreation,	and	other	activities.	Hydropower	

contributes	more	than	70%	of	renewable	electricity	generation	globally	(Tracking	SDG	7,	2021),	

and	55%	of	large	rivers	in	the	U.S.	have	over	a	25%	decrease	in	the	median	annual	floods	due	to	

dams	(FitzHugh	&	Vogel,	2011).	For	water	supply,	reservoirs	provide	30%	of	residential	water	use	

throughout	the	world	(Berga	et	al.,	2006).	For	example,	Hoover	Dam,	located	on	the	Colorado	River	

in	the	U.S.,	supplies	25	million	people	in	Nevada,	Arizona,	and	California	(Hoover	Dam,	2015).	The	

Delaware	River	basin	in	the	northeastern	US	supplies	water	for	approximately	8.3	million	people	in	

the	basin	and	5	million	people	outside	of	the	basin	(DRBC,	2022).		

However,	dams	also	have	negative	impacts.	They	segment	rivers	and	are	one	of	the	major	

anthropogenic	forces	on	the	global	water	system	as	identified	by	Vörösmarty	et	al.	(2004).	Dams	

can	cause	problems	downstream	such	as	with	channel	morphology	(Chong	et	al.,	2021;	Graf,	2006;	

Petts,	1979),	water	quantity	(Graf,	2006;	Magilligan	&	Nislow,	2005a;	Marcinkowski	&	Grygoruk,	

2017;	Singer,	2007),	water	quality	(Daniels	&	Danner,	2020;	Kükrer	&	Mutlu,	2019),	and	

biodiversity	(Diehl	et	al.,	2020;	Galat	&	Lipkin,	2000;	Vörösmarty	et	al.,	2004).	Ecological	integrity	

can	be	largely	degraded	by	the	flow	regime	change	(Bunn	&	Arthington,	2002;	Galat	&	Lipkin,	2000;	

Poff	et	al.,	1997a;	Poff	&	Zimmerman,	2010).	The	flow	regime	of	rivers	can	be	altered	by	increasing	

water	residence	time,	shifting	the	timing	of	flow,	and	changing	the	magnitude	and	frequency	of	the	

flows	(Poff	et	al.,	1997a).	The	downstream	flow	alteration	in	streamflow	and	sediment	harms	

aquatic	animals	and	changes	the	biochemical	cycles	(Poff	&	Hart,	2002).	In	addition,	stream	
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temperature	changes	by	reservoirs	may	also	lead	to	species	change	or	decline	and	the	fragmented	

rivers	challenge	biotic	migration	(Poff	&	Hart,	2002).		

Past	hydrologic	studies	focused	on	the	impact	of	impoundment	immediately	downstream	

(Batalla	et	al.,	2004;	Graf,	2006;	Magilligan	&	Nislow,	2005b;	Singer,	2007);	however,	the	

downstream	propagation	of	hydrologic	alteration	through	the	river	network	is	still	poorly	

understood.	For	example,	the	streamflow	may	continue	to	be	altered	significantly	downstream	of	

reservoirs	with	no	streamflow	recovery.	Alternatively,	unregulated	tributaries	may	restore	the	flow	

regime	and	mitigate	the	impact	on	habitats	(Sabo	et	al.,	2012).	There	is	a	range	of	possibilities	for	

downstream	impact	propagation	due	to	large	dams,	and	quantifying	the	propagation	can	contribute	

to	a	better	understanding	of	river	regime	change	in	the	basin.	Specifically,	unregulated	tributaries	

may	play	a	role	in	protecting	food-web	structure	alteration	by	large	dams,	and	the	protection	of	

tributaries	can	be	important	for	hydropower	management	(Sabo	et	al.,	2018).	Therefore,	flow	

alteration	propagation	analysis	may	not	only	support	dam	and	river	management,	and	the	

detection	of	the	vulnerable	area	downstream,	but	also	identify	tributaries'	roles	in	mediating	the	

negative	influence	(Ruhi	et	al.,	2022).	

There	have	been	numerous	studies	on	dams’	impact	both	immediately	downstream	and	

within	a	river	system	in	the	western	U.S.	(Galat	&	Lipkin,	2000;	Sabo	et	al.,	2018;	Singer,	2007;	

Stewart	et	al.,	2005;	Zhou	et	al.,	2018).	This	is	in	contrast	to	the	eastern	US,	where	there	are	very	

few	studies,	possibly	because	water	scarcity	is	less	of	an	issue.	Recently,	river	basins	in	the	western	

U.S.,	such	as	the	Colorado	River	Basin	and	Missouri	Rivers	Basin	(Harrell	et	al.,	2022;	Ruhi	et	al.,	

2022;	Skalak	et	al.,	2013),	have	detailed	studies	on	dam	impact	propagation	along	with	biodiversity,	

and	they	have	noted	that	the	near-historical	return	of	ecological	integrity	is	not	viable	in	drought	

regions	such	as	the	western	U.S.	(Dettinger	et	al.,	2015;	Ruhi	et	al.,	2022;	Zhou	et	al.,	2018).	In	turn,	

there	is	a	paucity	of	studies	on	flow	alteration	both	directly	below	dams	and	the	propagation	

downstream	in	humid	regions	like	the	eastern	US.	As	a	result,	Delaware	River	Basin	is	selected	to	be	
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my	study	basin,	where	the	propagation	of	downstream	impact	due	to	dams	remains	poorly	

quantified.	

This	thesis	uses	hydrological	signatures	for	assessing	hydrologic	alteration	downstream.	

Hydrologic	signatures	are	widely	used	in	evaluating	streamflow	response	in	time	and	spatial	

(Ferrazzi	&	Botter,	2019a;	Kibler	&	Alipour,	2017;	K.	Sawicz	et	al.,	2011)	and	can	be	used	to	detect	

the	modification	of	hydrologic	behavior	between	the	observed	and	naturalized	flows	(Addor	et	al.,	

2018;	Euser	et	al.,	2013;	H.	K.	McMillan,	2021;	K.	Sawicz	et	al.,	2011;	Yadav	et	al.,	2007).	Different	

hydrologic	signatures	can	focus	on	different	aspects	of	the	flow	regime,	including	flow	magnitude	

(Olden	&	Poff,	2003;	Stuefer	et	al.,	2011;	Yarnell	et	al.,	2020),	timing	(Addor	et	al.,	2018),	and	

variability	(Euser	et	al.,	2013;	Shamir,	Imam,	Gupta,	et	al.,	2005).	Based	on	these	studies,	they	

should	be	able	to	demonstrate	the	flow	alteration	due	to	the	dams,	since	the	change	in	hydrologic	

signatures	describes	the	impacts	on	a	regulated	river.	

Methods	for	quantifying	downstream	impacts	should	be	developed	that	can	be	applied	to	

the	available	data	and	that	are	transferable	to	another	location	so	that	further	comparison	between	

basins	might	be	able	to	be	performed.	The	historical	approach	relying	on	historical	streamflow	

observations	focuses	on	the	differences	before	and	after	the	construction	of	dams.	Many	studies	use	

this	approach,	such	as	the	degree	of	regulation	(DOR)	method	(Ferrazzi	&	Botter,	2019a;	Magilligan	

&	Nislow,	2005a;	Pegg	et	al.,	2003;	B.	D.	Richter	et	al.,	1996a;	Singer,	2007;	Skalak	et	al.,	2013).	

However,	the	historical,	observation-based	method	is	not	always	appropriate	to	use	due	to	limited	

streamflow	data	availability,	particularly	for	the	pre-dam	period.		

Another	possible	approach	would	compare	streamflow	observations	in	the	post-dam	period	

with	the	modeled	streamflow	which	considered	no	regulations	and	can	be	a	proxy	for	naturalized	

flow.	This	approach	does	not	require	long	data	records	prior	to	dam	construction	and	can	

distinguish	the	impact	from	the	dam	regulation	alone,	whereas	the	result	in	the	historical	approach	

could	include	climate	change	effects.	However,	using	a	model	requires	careful	calibration	to	
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simulate	the	natural	flow	regime;	otherwise,	the	framework	of	reference	from	a	model	would	not	

work.		

One	possible	model	for	this	approach	would	be	the	Variable	Infiltration	Capacity	(VIC)	

model,	a	macroscale	land	surface	hydrological	model	that	can	simulate	components	of	the	water	

and	energy	balance	(Liang	et	al.,	1994).	The	VIC	model	is	widely	used	across	a	range	of	

hydrometeorological	applications,	including	streamflow	simulation	(Bai	et	al.,	2016;	DeChant	&	

Moradkhani,	2014;	Kumari	et	al.,	2021;	Su	et	al.,	2005),	snow	modeling	(Andreadis	&	Lettenmaier,	

2006;	Pan	et	al.,	2003;	Sheffield	et	al.,	2003),	and	flood	monitoring	(Khan	et	al.,	2011;	Schumann	et	

al.,	2013;	Wu	et	al.,	2014).	Therefore,	the	VIC	model	has	the	potential	to	be	a	proxy	for	naturalized	

flow	in	the	post-dam	period	for	analyzing	dam	impact	propagation.		

The	study	area	for	this	thesis,	the	Delaware	River	Basin,	is	located	in	the	eastern	U.S.,	and	

the	Delaware	River	is	the	longest	un-dammed	river	east	of	the	Mississippi.	The	Upper	Delaware	

Basin	is	home	to	the	eastern	brook	trout,	inland	wintering	habitat	for	the	bald	eagle,	and	includes	

large	protected	areas	with	biodiversity	conservation	strategies	(Allen	et	al.,	2011;	DRBC,	2022).	In	

addition,	surface	water	from	the	Delaware	River	is	a	critical	source	that	supplies	water	to	two	

major	U.S.	cities,	Philadelphia	and	New	York	City.	For	its	relatively	small	drainage	area	compared	to	

other	rivers	in	the	continental	US,	it	supplies	water	to	a	significant	population:	over	13.3	million	

people,	nearly	4%	of	the	U.S.	population.	In	addition,	the	Delaware	River	has	the	possibility	of	

recovery	from	the	dams’	impacts	because	of	its	humid	climate	and	the	upper	large	dams	have	a	

relatively	short	residence	time.	Most	of	the	studies	in	the	Delaware	River	Basin	have	focused	on	

water	quality,	floods,	and	problems	driven	by	the	estuary	tidal	area	(Botter	et	al.,	2007;	Cottrell	et	

al.,	2005;	Groot,	1966;	Leck,	2003;	Sheldon	&	Hites,	1978;	Smith	et	al.,	2010;	Weisberg	et	al.,	1996).	

Some	of	them	related	to	flow	magnitude	have	focused	on	a	portion	of	the	watershed,	particularly	

the	lower	basin	(Hammond	&	Fleming,	2021;	Shoemaker	et	al.,	2019;	Smith	et	al.,	2010).	However,	

no	study	has	focused	on	the	propagation	of	the	dam’s	impacts	downstream.		
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1.2	Research	questions	and	thesis	objectives	

Overall,	this	thesis	is	aiming	to	answer	the	question:	How	can	downstream	propagation	of	the	

dams’	impacts	be	quantified	using	observations	and/or	models?	To	address	this	overall	question,	

the	two	specific	research	questions	addressed	in	this	thesis	are:	

Q1. How	do	NYC	reservoirs	impact	hydrologic	signatures	immediately	downstream	of	the	

dams,	and	at	what	length	scale	do	hydrologic	signatures	return	to	their	state	consistent	

with	upstream	of	dams	in	the	Delaware	River	Basin?	

Q2. What	is	the	ability	of	the	VIC	model	to	simulate	the	hydrologic	signatures	needed	to	

provide	estimates	of	the	naturalized	hydrologic	regime?	If	it	is	poor,	is	it	possible	to	

improve	the	performance	through	parameter	calibration	and	identifying	important	

parameters	to	correctly	simulate	streamflow	and	baseflow	characteristics?		

This	thesis	originally	aimed	to	propose	a	model-based	method	of	dam	impact	propagation	

analysis	by	evaluating	the	difference	in	hydrologic	signatures	between	the	naturalized	and	

observed	streamflow	in	the	post-dam	period.	To	do	this,	the	VIC	model	would	be	used	to	estimate	

naturalized	streamflow,	but	initial	model	runs	showed	that	the	model	skill	was	insufficient	in	its	

current	set-up.	As	a	result,	only	historical	observations	for	the	Delaware	River	Basin	are	used	in	

Chapter	2,	which	studied	the	local	and	further	downstream	impact	and	narrow	down	to	the	length	

scale	of	propagation	to	provide	an	answer	to	Q2.	After	that,	Chapter	3	investigates	whether	using	

VIC	for	naturalized	estimates	would	be	possible	in	future	work	by	answering	Q3.	If	it	is,	then	it	

would	allow	further	confirmation	of	Chapter	2’s	results	with	a	model-based	approach.		

1.3	Author	Contributions	

Yiran	Liu:	Conceptualization,	Methodology,	Formal	analysis,	Investigation,	Visualization,	

Writing-	Original	draft.	Tara	J.	Troy:	Conceptualization,	Methodology,	Resources,	Writing-	Review	

&	Editing,	and	Supervision.	
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Chapter	2:	Hydrological	signature	alteration	in	the	Delaware	

River	Basin	

2.1	Introduction	

Dams	are	constructed	throughout	the	contiguous	United	States,	and	their	downstream	

impacts	have	been	ongoing	in	many	regions	due	to	decades	of	large	impoundments	(Graf,	1999).	

Reservoirs	can	increase	residence	time	and	alter	biophysical	processes	such	as	the	basin’s	water	

balance,	flow	regime,	reoxygenation,	and	sediment	transport	(Dingman,	2015).	The	impact	directly	

below	dams	has	been	studied	with	various	focuses.	For	example,	for	channel	morphology,	dams	can	

cause	riverbed	degradation,	such	as	coarser	material,	problems	with	sediment	transport,	and	

changes	in	riverbed	geometry	(Chong	et	al.,	2021;	Grant	et	al.,	2013;	Magilligan	&	Nislow,	2005b;	

Sabo	et	al.,	2012).	The	water	quantity	changes	by	dams	may	include	the	change	in	magnitude,	

frequency	and	time,	and	the	common	ability	to	reduce	peak	flow	and	increase	low	flow.	Water	

quality	impacts	from	dams	can	include	changes	in	dissolved	oxygen	levels,	turbidity,	pH,	electrical	

conductivity,	hardness,	and	water	temperature	(Benedini	&	Tsakiris,	2013;	Daniels	&	Danner,	2020;	

Kükrer	&	Mutlu,	2019).	The	flow	regime	is	the	foundation	of	ecological	features,	and	changes	in	

flow	regime	may	reduce	habitat	availability	and	quality.	For	instance,	species	and	community	

composition	change	after	the	dam	because	more	seeds	can	be	transported	via	streamflow	in	the	

growing	season	without	the	dam	(Merritt	&	Wohl,	2006).		Because	of	the	relationship	between	

streamflow	quantity	and	quality	with	biota,	managing	flows	to	sustain	ecosystems	is	critical.	This	

includes	managing	the	spatial	and	temporal	variability	in	streamflow,	including	flooding,	all	of	

which	can	be	essential	for	the	river	ecosystem	(Gillespie	et	al.,	2015).	The	streamflow	alteration	

caused	by	dams	can	be	considered	a	primary	impact,	as	other	variables	are	impacted	directly	or	

indirectly	by	hydrology,	such	as	channel	morphology	and	water	temperature.	This	primary	impact	

on	streamflow	will	be	the	focus	of	this	chapter.	
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Streamflow	impacts	immediately	downstream	of	the	dam	have	been	studied,	particularly	

annual	mean	and	maximum	flow	(Batalla	et	al.,	2004;	Graf,	2006;	Magilligan	&	Nislow,	2005b;	

Singer,	2007).	Given	the	impact	of	dams	on	streamflow,	the	impact	and	quantification	of	hydrologic	

change	have	been	the	focus	of	many	studies	in	recent	decades.	For	example,	the	concept	of	natural	

flow	regime	was	introduced	by	Poff	et	al.	(1997),	and	the	regime	was	summarized	in	terms	of	

magnitude,	frequency,	duration,	timing,	and	rate	of	change	to	describe	the	change	in	river	flow	and	

further	affect	the	biodiversity,	production,	and	sustainability	of	river	ecosystems.	A	similar	

framework	was	proposed	by	Richter	et	al.	(1997;	1996b)	with	the	concept	of	the	Index	of	

Hydrologic	Alteration,	which	provided	suggestions	for	river	ecosystem	management.	Hydrological	

alteration	studies	often	focus	on	one	or	more	components	of	these	signatures	at	local	gauges,	and	

extreme	flows	such	as	flood	magnitude	have	been	widely	studied	(Galat	&	Lipkin,	2000;	Graf,	2006;	

Kingsford,	2000;	Magilligan	&	Nislow,	2005b;	Mei	et	al.,	2017;	Pegg	et	al.,	2003;	Singer,	2007).	

Reductions	in	the	magnitude	and	duration	of	mean	and	peak	flow	are	common	impacts	of	the	

regulated	rivers	in	different	regions	(Batalla	et	al.,	2004;	Galat	&	Lipkin,	2000;	Graf,	2006;	

Magilligan	&	Nislow,	2005b;	Skalak	et	al.,	2013).	These	impacts	can	also	have	direct	effects	on	the	

ecosystem.	Due	to	the	reduction	of	flooding	by	dams,	over	50%	of	floodplain	wetlands	in	Australia	

have	been	altered	with	a	reduction	in	biodiversity	and	biota	becoming	different	to	the	habitat	

(Kingsford,	2000).	Low	flows	can	also	be	increased	by	reservoir	management	(Magilligan	et	al.,	

2003),	and	the	number	of	pulses	can	increase	(Archer	&	Newson,	2002;	Magilligan	&	Nislow,	

2005b).	Magilligan	&	Nislow	(2005)	also	indicated	that	the	river	regimes	change	throughout	the	

U.S.	from	the	suspension	of	flow	during	construction	and	the	filling	of	the	reservoir	for	both	large	

and	small	streams.	The	largest	hydrologic	alteration	is	in	the	low	and	peak	flows	over	periods	

(Magilligan	&	Nislow,	2005b).	In	addition,	flood	control	dams	can	decrease	flexibility	and	

heterogeneity,	while	water	supply	dams	can	increase	both	(Ferrazzi	&	Botter,	2019a).	Spatial	
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variability	in	the	dams'	impact	on	maximum	flows	may	be	more	related	to	changes	in	latitude	

rather	than	longitude	(Mei	et	al.,	2017).	

The	downstream	impacts	of	large	dams	are	not	limited	to	immediately	below	the	dams	and	

can	propagate	downstream,	affecting	entire	watersheds.	Recently,	hydrologic	alteration	in	the	

Colorado	Basin	has	been	studied	spatially	within	the	river	network	in	terms	of	biodiversity	(Ruhi	et	

al.,	2022).	The	dam	effects	downstream	are	likely	to	be	driven	by	network	characteristics,	such	as	

the	locations	of	regulation,	rather	than	individual	dam’s	properties	of	impoundment,	emphasizing	

the	spatial	link	for	flow	alteration	and	ecosystem	restoration	(Ruhi	et	al.,	2022).	In	addition,	

naturalized	flows	may	be	difficult	to	restore	downstream	of	large	dams	in	the	western	United	

States,	where	water	scarcity	is	an	issue	due	to	increasing	water	use	and	climate	change;	however,	

significant	ecological	features	can	be	protected	by	understanding	the	dam	propagation	in	a	spatial	

network	and	managing	flows	regarding	the	potential	impacts	(Dettinger	et	al.,	2015;	Ruhi	et	al.,	

2022).	However,	the	full	extent	of	hydrologic	alteration	caused	by	large	dams	and	their	

downstream	impacts	is	not	yet	fully	understood,	which	can	pose	challenges	to	effective	watershed	

management	and	conservation	efforts.	These	include	whether	dams	have	a	similar	downstream	

impact	in	humid	areas	as	they	do	in	arid	regions,	whether	reservoirs	induce	a	flashier	response	in	

streamflow,	and	how	far	the	impact	dissipates	or	continues.		

To	understand	the	downstream	response,	a	propagation	tracing	with	the	distance	from	the	

endpoint	of	outflow	is	developed	to	show	the	change	along	rivers.	The	evaluation	of	the	dams’	

impacts	on	streamflow	uses	hydrologic	signatures.	Hydrologic	signatures	are	quantitative	metrics	

that	can	describe	flow	response	statistically	or	dynamically	(Ferrazzi	&	Botter,	2019a).	They	have	

been	widely	applied	to	model	prediction	and	calibration,	hypotheses	testing	of	catchment	response,	

detection	of	hydrologic	change	and	spatial	flow	networks,	and	ecological	habitat	assessment.	

(Archer	&	Newson,	2002;	Clark	et	al.,	2011;	Leach	et	al.,	2015;	Olden	&	Poff,	2003;	K.	Sawicz	et	al.,	

2011;	Wagener	et	al.,	2007).	Hydrologic	signatures	are	not	only	useful	when	comparing	large	
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watersheds	(Wagener	et	al.,	2007),	but	can	also	help	to	extract	hydrologic	change	in	a	specific	area	

(Batalla	et	al.,	2004;	Ferrazzi	&	Botter,	2019b;	Livneh	et	al.,	2013).	McMillan	(2021)	states	that	

hydrologic	signatures	are	not	straightforward	to	select	with	the	related	processes,	since	one	flow	

response	signature	can	be	induced	by	multiple	processes.	Signatures	are	usually	used	in	a	small	

context	after	identifying	the	“potential	causative	processes”	to	mitigate	the	complexity	(Ali	et	al.,	

2013).	Not	all	indices	may	be	affected	by	impoundment	at	a	specific	gauge	or	across	the	region.		

This	chapter	investigates	the	propagation	of	dam	impacts	downstream	in	the	Delaware	

River	Basin	by	using	hydrologic	signatures,	extending	beyond	the	immediate	areas	below	the	dams.	

The	research	questions	below	will	be	addressed:		

Q1. How	can	downstream	propagation	of	the	dams’	impacts	be	quantified	using	

observations?	

Q2. How	do	NYC	reservoirs	impact	hydrologic	signatures	immediately	downstream	of	the	

dams,	and	at	what	length	scale	do	hydrologic	signatures	return	to	their	natural	state	in	

the	Delaware	River	Basin?	

By	analyzing	the	propagation	of	dam	impacts,	we	can	develop	a	better	understanding	of	the	

downstream	effects	of	large	dams	involving	flow	magnitude,	variability,	and	time.	This	study	takes	a	

historical,	observation-based	approach,	focusing	on	the	differences	before	and	after	the	

construction	of	dams,	and	compares	the	post-dam	change	along	the	Delaware	River	with	upstream	

gauges.	Flood	and	low-flow	modeling	are	also	gaining	importance,	but	hydrologic	analysis	of	

variability	and	downstream	change	is	relatively	limited.	Therefore,	this	chapter	focuses	on	the	local	

changes	that	propagate	or	dissipate	through	the	Delaware	River	due	to	the	New	York	City	

reservoirs.	This	study	may	provide	valuable	insights	for	dam	management	and	regulation	of	dams	

in	other	river	basins	and	for	the	management	of	water	quantity	in	the	Delaware	River,	but	the	

approach	is	also	likely	to	be	applicable	in	other	regions.	
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2.2	Study	region	and	data		

The	Delaware	River	Basin	is	a	densely	populated	region	in	the	northeastern	United	States	

(Figure	1),	draining	an	area	of	34,965	square	kilometers	area	through	the	states	of	New	York,	New	

Jersey,	Pennsylvania,	and	Delaware	and	discharging	into	the	Atlantic	Ocean.	The	Upper	Delaware	

River	Basin	is	primarily	covered	by	forest,	while	the	lower	regions	are	characterized	by	a	mix	of	

agriculture,	urban	areas,	forests,	and	wetlands	(DRBC,	2016).	The	northernmost	tributaries	of	the	

Delaware	River	begin	in	the	Catskill	Mountains	at	elevations	above	1200	m,	and	the	east	and	west	

branches	merge	at	Hancock,	NY,	with	an	elevation	drop	of	approximately	240	meters	down	to	the	

estuary	(State	of	the	Delaware	River	Basin,	2019).	Recent	research	on	the	Delaware	River	has	

focused	on	quality	monitoring	and	prediction	for	the	headwaters	and	estuary	(Hoang	et	al.,	2019;	

Meyer	et	al.,	2020).	

To	share	planning,	development,	and	regulation	in	the	Delaware	Basin,	the	Delaware	River	

Basin	Commission	(DRBC)	was	established	in	1964.	Power	generation,	public	water	supply,	and	

industry	dominate	the	water	use	in	the	region	with	95%	of	water	use	coming	from	surface	water	

rather	than	groundwater	(State	of	the	Delaware	River	Basin,	2019).	The	changes	in	consumptive	

water	use	in	the	Delaware	River	Basin	have	been	relatively	small	over	the	past	decades,	except	for	

out-of-basin	transfers	(Thompson	&	Pindar,	2021).	One	of	the	major	out-of-basin	transfers	is	the	

water	supply	to	New	York	City,	which	serves	13.3	million	people	and	was	authorized	by	a	U.S.	

Supreme	Court	decree	in	1954	(Thompson	&	Pindar,	2021;	U.S.	Supreme	Court,	1954).	Figure	1	

illustrates	the	location	of	the	Delaware	River	Basin,	the	streamflow	gauges	used	in	this	study,	and	

the	mean	annual	streamflow	at	each	gauge	normalized	by	basin	area	[mm/year].	The	highest	

streamflow	occurs	in	the	northernmost	tributaries	in	the	Catskill	Mountains,	with	relatively	little	

spatial	variability	in	streamflow	throughout	the	lower	basin.	This	study	focuses	on	the	Delaware	

River	basin	upstream	of	Trenton,	NJ,	excluding	the	Schuylkill	River,	a	major	tributary	that	joins	the	

lower	bay	area	at	Philadelphia,	as	this	section	of	Delaware	is	influenced	by	tides.		
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Figure 1: Location of the Delaware River basin in the US in orange (inset). The larger map to the right shows the 
Delaware River Basin. The main stem and tributaries are plotted in blue, and dots indicate the location of the USGS 
gauges used in this study. The dot size indicates the drainage area, and the color bar shows the mean annual 
streamflow [mm/day]. Red triangles indicate the location of the NYC reservoirs in the upper basin, and the smaller 
black triangles indicate other dams in this region. Background colored by Stamen Terrain. 

The	main	stem	of	the	Delaware	River,	which	officially	begins	at	Hancock,	NY	(Figure	1),	is	

one	of	the	major	rivers	in	the	eastern	U.S.	that	has	not	been	dammed.	While	there	are	no	reservoirs	

on	the	main	stem	of	the	Delaware	River,	there	are	several	dams	on	its	tributaries,	such	as	the	New	

York	City	(NYC)	reservoirs	in	the	upper	basin.	The	NYC	reservoirs	are	Cannonsville,	Pepacton,	and	

Neversink	and	they	play	a	critical	role	of	the	New	York	City	water	supply	system,	providing	around	

50%	of	New	York	City’s	drinking	water	(Adams	&	Aggarwala,	2021).	The	NYC	Department	of	

Environmental	Protection	monitors	reservoir	releases	and	storage	levels,	and	the	U.S.	Supreme	

Court	allows	a	maximum	withdrawal	of	up	to	800	million	gallons	per	day	from	NYC	reservoirs.	
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According	to	the	National	Inventory	of	Dams	(NID)	database	(USACE,	2020),	the	reservoirs	have	a	

maximum	storage	capacity	of	approximately	85%	of	the	annual	volumetric	streamflow	at	

Cannonsville,	165%	at	Pepacton,	and	100%	at	Neversink.	Table	1	summarizes	the	reservoir	and	

dam	characteristics.		

Table 1: Summary of New York City dam and reservoir characteristics 

Dam	Name	 Closest	Gauge	ID	 Completed	
Filling	Year	

Max	
Storage	
[km3]	

Normal	
Storage	
[km3]	

Dam	
height	
[m]	

Primary	
Purpose(s)	

Cannonsville	 Downstream	01425000	
Upstream	01423000	 1964	 0.536	 0.370	(69%)	 53.3	 Hydroelectric	

Water	Supply	

Pepacton/	
Downsville	

Downstream	01417000	
Upstream	01413500	 1955	 0.752	 0.518	(69%)	 62.2	 Water	Supply	

Neversink	 Downstream	01436000	
Upstream	01435000	 1954	 0.175	 0.134	(77%)	 57.9	 Water	Supply	

	

The	DRBC	has	developed	a	drought	management	program	to	address	salinity	control	and	

estuary	management,	which	includes	the	establishment	of	the	Trenton	Flow	Objective.	The	

objective	of	this	flow	management	system	is	to	ensure	that	the	releases	from	the	NYC	reservoirs	

maintain	a	minimum	streamflow	of	3000	cfs	in	Trenton,	NJ	as	determined	by	the	DRBC,	to	protect	

water	supply	downstream	of	Philadelphia	from	saltwater	intrusion.	The	management	principle	is	to	

store	water	during	high	flow	periods	and	release	it	during	low	flow	periods	to	meet	downstream	

demands.	The	Trenton	minimum	flow	objective	is	compatible	with	the	primarily	storage	to	the	NYC	

water	supply	system,	where	it	provides	a	reliable	and	consistent	water	supply	for	New	York	City	

while	minimizing	the	impacts	of	water	withdrawals	on	downstream	communities	and	ecosystems.	

It	should	be	noted	that	the	NYC	reservoirs	are	not	systematically	operated	for	flood	control.	

Historical	daily	streamflow	data	are	obtained	from	the	U.S.	Geological	Survey	(USGS)	

database	for	78	stations	in	the	Delaware	River	Basin.	Gauges	were	selected	to	have	sufficiently	long	

records,	with	the	shortest	being	29	years.	Of	these	gauges,	58	includes	records	prior	to	the	

construction	of	the	NYC	reservoirs,	and	10	have	records	ending	before	the	year	2000.	The	upstream	
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Neversink	(Gauge	01435000)	has	a	missing	period	from	June	1949	to	July	1951.	The	pre-dam	

period	of	record	for	the	reservoir	gauges	is	between	9	and	13	years,	and	the	period	of	construction	

and	dam	filling	is	excluded	from	the	analysis.	The	drainage	area	varies	from	2	km2	to	17,560	km2.	

Precipitation	data	were	collected	from	a	gridded	daily	meteorological	dataset	with	a	1/16°	spatial	

resolution	covering	the	period	from	1915	to	2011	(Livneh	et	al.,	2013).	

The	average	annual	streamflow,	as	a	depth	per	unit	area,	at	Trenton	is	612	mm	from	1913	

to	2020.	This	is	divided	into	approximately	64%	base	flow	and	36%	surface	runoff	according	to	a	

standard	hydrograph	separation	(Arnold	&	Allen,	1999;	Pradhanang	et	al.,	2013).	The	average	

annual	precipitation	in	the	Delaware	River	Basin	is	1164	mm.	Streamflow	is	typically	highest	in	

April	and	lowest	in	August,	while	precipitation	is	higher	in	summer	and	lower	in	winter	at	most	of	

the	gauges.	The	spatial	variation	in	mean	annual	streamflow,	converted	to	an	average	runoff	depth,	

is	shown	in	Figure	1.	The	highest	streamflow	is	observed	in	the	upper	Neversink	and	other	high-

elevation	areas	in	the	northern	parts	of	the	basin.		

2.3	Methods		

The	study	seeks	to	evaluate	the	effects	of	hydrologic	changes	on	the	Delaware	River	by	

analyzing	various	hydrologic	signatures	between	gauges.	The	selected	signatures	are	analyzed	for	a	

set	of	stream	gauges	located	along	the	Delaware	River	and	its	tributaries.	The	changes	in	hydrologic	

signatures	of	paired	stations	upstream	and	downstream	at	NYC	reservoirs	are	first	examined	in	a	

long-term	time	series.	The	upstream	gauge	is	considered	a	control	gauge	with	limited	human	

impact,	while	the	downstream	gauge	shows	the	direct	impact	of	the	dam.	The	analysis	is	then	

expanded	and	focused	to	trace	the	hydrologic	signatures	through	the	river	network	to	quantify	the	

downstream	propagation	along	the	Delaware	River.	The	distance	of	each	gauge	to	the	Trenton	

gauges	is	calculated	and	the	hydrologic	signatures	can	be	detected	by	comparing	the	gauges.	

Additionally,	the	relationship	between	streamflow	and	drainage	area	provides	a	separate	line	of	
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evidence	for	the	change	as	does	the	rate	of	change	between	pre-	and	post-dam	periods,	which	

would	reinforce	the	hydrologic	propagation	change.		

2.3.1	Selected	hydrologic	signatures		

As	a	useful	metric	to	detect	changes	in	downstream	hydrological	behavior,	hydrologic	

signatures	are	selected	based	on	previous	applications	of	the	hydrologic	change	detection	(Addor	et	

al.,	2018;	Euser	et	al.,	2013;	H.	K.	McMillan,	2021;	K.	Sawicz	et	al.,	2011;	Yadav	et	al.,	2007),	which	

have	been	shown	to	be	effective	in	describing	the	basin’s	hydrology.	The	selected	ones	would	

describe	specific	hydrological	processes	and	can	be	calculated	using	the	daily	streamflow	data.	Our	

selected	hydrologic	signatures	are	designed	to	capture	changes	in	the	flow	magnitude	(Olden	&	

Poff,	2003;	Stuefer	et	al.,	2011;	Yarnell	et	al.,	2020),	timing	(Addor	et	al.,	2018),	and	variability	

(Euser	et	al.,	2013;	Shamir,	Imam,	Gupta,	et	al.,	2005).	As	a	result,	annual	mean	flow,	annual	

maximum	flow,	annual	low	flow,	annual	runoff	ratio,	rising	limb	density,	baseflow	index,	flow	

duration	curve	slope,	annual	half	flow	date,	and	streamflow	elasticity	are	selected	as	hydrologic	

signatures,	all	of	which	were	computed	using	daily	discharge	and	precipitation	time	series.	Some	of	

the	signatures	are	used	only	in	either	the	local	or	basin-wide	comparison	depending	on	their	

properties.		

Basic Flow Statistics 

The	average,	high,	and	low	flows	describe	the	flow	regime,	which	is	the	bedrock	of	a	

riverine	ecosystem	(Poff	et	al.,	1997b).	To	summarize	the	basic	flow,	the	annual	mean,	maximum,	

and	7-day	low	streamflow	are	selected	as	hydrologic	signatures.	Streamflow	is	converted	to	a	depth	

of	flow	per	unit	area	for	comparison	across	different	drainage	areas.		
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Annual Runoff Ratio 

The	long-term	average	annual	runoff	ratio	indicates	the	fraction	of	the	precipitation	that	

results	in	streamflow,	𝑸
𝑷
		where	Q	is	mean	annual	streamflow	and	P	is	mean	annual	precipitation.	

Broadly,	streamflow	dominates	in	areas	with	higher	runoff	ratios,	while	evapotranspiration	

dominates	in	areas	with	lower	runoff	ratios.	Higher	runoff	ratios	are	typically	associated	with	

higher	impervious	surface	and	steep	slope	areas.	Runoff	generation	in	the	Delaware	River	is	

dominated	by	saturation	excess	(Pradhanang	et	al.,	2013).	

Rising Limb Density 

Rising	limb	density	(RLD)	is	a	measure	of	the	flashiness	of	a	basin,	also	known	as	how	

quickly	the	basin	responds	to	a	precipitation	input.	The	rate	of	change	in	streamflow	(#$
#%
)	can	

indicate	a	rapid	or	gradual	rate	of	the	rising	limb	(#$
#%
> 0)		or	recession	(#$

#%
< 0)	(Fleischmann	et	

al.,	2016).	RLD	is	calculated	by	quantifying	the	rate	of	change	in	streamflow	during	the	rising	limb	

of	a	hydrograph,	and	it	is	independent	of	the	flow	magnitude	(Mathai	&	Mujumdar,	2021;	K.	A.	

Sawicz	et	al.,	2014).	Specifically,	the	annual	RLD	can	be	expressed	as	the	number	of	peaks	over	the	

duration	of	risings	(Shamir,	Imam,	Morin,	et	al.,	2005),	

 𝑅𝐿𝐷 = !".		"%	&"&'(	)*+*,-	(*./+
!".		"%	0'1+	*,	)*+*,-	23)*"0

       													[Eq.	2-1]	
                

with	a	frequency	unit	[T-1].	Larger	values	indicate	a	flashier	response.	All	rising	limbs	are	included	

in	this	analysis,	regardless	of	magnitude.	This	method	is	not	intended	to	detect	the	source	of	the	

water,	such	as	surface	runoff	vs.	baseflow.	

Baseflow Index 

The	baseflow	index	(BFI)	is	a	useful	metric	for	estimating	the	baseflow	proportion,	and	also	

helpful	in	assessing	subsurface	storage	residence	time	(Bulygina	et	al.,	2009).	BFI	is	the	proportion	
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of	long-term	baseflow	to	total	streamflow,	where	a	higher	BFI	indicates	a	longer	residence	time	

(Bastola	et	al.,	2018;	H.	McMillan,	2020;	K.	Sawicz	et	al.,	2011).	To	calculate	BFI	in	this	study,	the	

recursive	digital	filter	method	proposed	by	Eckhardt	(Eckhardt	2005,	2008),	which	has	been	found	

as	the	best	performance	through	different	filter	method	(Xie	et	al.,	2020),	was	used	and	expressed	

as,	

	𝐵& =
(()*+,!"#)×/×*$%&0(()/)×*+,!"#×$$

()/×*+,!"#
		 	 	 	 	 													[Eq.	2-2]		

where	𝐵& 	baseflow,	the	subscript	i	is	the	time	step;	𝑄& 	is	the	total	streamflow	at	time	step	𝑖;	𝑎	is	the	

filter	parameter;	𝐵𝐹𝐼1/2	is	the	maximum	baseflow	index.	The	filter	parameter,	𝑎,	relates	to	the	

recession	constant	and	can	be	selected	by	linear	recession	analysis	(Eckhardt,	2008).	Different	filter	

parameter	values	influence	the	smoothness	of	the	filtered	baseflow	time	series.	An	𝑎	of	0.96	is	

selected	by	observation	of	the	recession	period	in	the	upper	Delaware	River	Basin.	𝐵𝐹𝐼1/2	is	

assumed	to	be	a	reflection	of	geology	in	the	basin.	It	is	calculated	based	on	the	backwards	filter	

method	(Collischonn	&	Fan,	2013),	and	0.6	has	been	selected	in	this	study.		

Flow Duration Curve Slope 

The	flow	duration	curve	is	a	cumulative	frequency	curve	that	represents	the	percentile	for	

the	specified	discharge	value	that	was	equaled	or	exceeded	during	a	time.	The	flow	duration	curve	

slope	is	the	index	of	the	streamflow	probability	distribution	of	a	flow	in	a	specific	range	(Yilmaz	et	

al.,	2008).	The	slope	of	the	middle	part	of	the	FDC	curve	is	selected	associate	with	daily	runoff	

variance.	A	steeper	slope	may	indicate	surface	runoff	with	flashier	hydrographs	in	response	to	

rainfall.	Due	to	the	shortage	of	surface	and	subsurface	storage,	a	higher	slope	may	also	indicate	a	

watershed’s	reduced	ability	to	sustain	low	flows	during	dry	period	(Leach	et	al.,	2015).	The	average	

flow	duration	curve	slope	equation	for	the	middle	portion	can	be	written	as,		

𝐹𝐷𝐶	𝑆𝑙𝑜𝑝𝑒 = 345	($''))345	($(()		
7.99)7.::

		 	 	 	 	 	 													[Eq.	2-3]	
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where	FDC	slope	is	the	flow	duration	curve	slope	for	average	conditions,	𝑄::	is	the	streamflow	at	

the	33rd	percentile	and	𝑄99	is	the	streamflow	at	the	66th	percentile.	High-FDC	and	low-FDC	slopes	

are	represented	from	𝑄;7	to	𝑄<=	and	𝑄7.=	to	𝑄>7,	respectively.	

Mean Half Flow Date 

The	mean	half	flow	date	is	the	day	of	the	year	during	which	half	of	the	accumulated	annual	

discharge	occurs	(Addor	et	al.,	2018).	The	timing	of	flows	and	the	annual	maximum	and	minimum	

flows	are	altered	by	dams,	sometimes	by	as	much	as	six	months	(Fleischmann	et	al.,	2016).	The	date	

of	the	half	flow	may	also	indicate	the	time	concentration	of	snowmelt.		

Streamflow Elasticity  

Streamflow	elasticity	is	defined	as	the	percent	change	in	streamflow	resulting	from	a	1%	

change	in	precipitation.	It	is	usually	used	to	test	the	sensitivity	of	streamflow	with	respect	to	

precipitation	over	a	long	term.	Sankarasubramanian	et	al.	(2001)	modified	the	elasticity	concept	of	

Schaake	(Schaake,	1990)	into	a	median	format	as,	

	𝜀?,$ = 𝑀𝑒𝑑𝑖𝑎𝑛	(A$
A?
	?
$
)	 	 	 	 	 	 	 	 													[Eq.	2-4]		

where		𝜀?,$	is	the	streamflow	elasticity	to	precipitation;	
A$
A?
	is	the	ratio	between	the	annual	

difference	of	streamflow	and	precipitation	compared	to	last	year.	?
$
	is	the	ratio	between	annual	

mean	precipitation	and	streamflow	this	year.	The	median	is	a	nonparametric	estimator	that	has	a	

low	bias	and	is	more	robust	in	identifying	streamflow	sensitivity	with	climate	

(Sankarasubramanian	et	al.,	2001).	They	found	that	the	streamflow	elasticity	to	precipitation	

through	the	United	States	often	ranges	from	1.0	to	2.5.	

2.4	Results	

The	impacts	of	the	NYC	reservoirs	are	quantified	using	the	selected	hydrologic	signatures.	

The	results	are	divided	into	two	sections:	the	first	evaluates	the	immediate	downstream	changes	in	
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signatures	at	the	NYC	reservoirs,	and	the	second	section	tracks	signatures	along	the	Delaware	River	

through	the	NYC	reservoirs	to	the	downstream	gauges.	All	available	time	periods	are	used	in	the	

first	section,	and	the	post-dam	period	is	used	for	propagation	tracking.		

2.4.1	Local	impact	of	the	dam	

The	time	series	comparison	between	the	paired	gauges	immediately	upstream	and	

downstream	of	the	NYC	reservoirs	shows	the	direct	impact	of	the	three	dams	(Figure	2),	reflecting	

the	reservoir	operations.	For	this	analysis,	three	signatures	are	not	included.	The	baseflow	index	is	

omitted,	as	it	lacks	physical	meaning	immediately	downstream	of	the	dam	where	most	of	the	

streamflow	is	released	from	the	reservoir.	The	annual	runoff	ratio	is	omitted	because	the	

denominator,	annual	precipitation,	is	essentially	the	same	for	the	paired	gauges,	thereby	repeating	

the	differences	shown	in	annual	mean	streamflow.	The	streamflow	elasticity	is	a	long-term	average	

signature	and	is	not	shown	in	Figure	2.		

The	paired	gauges	are	strongly	correlated	in	the	pre-dam	period,	with	a	correlation	

coefficient	of	over	0.95	for	Cannonsville	and	Pepacton,	both	of	which	have	more	than	10	years	of	

pre-dam	observations.	Mean	annual	streamflow	in	the	pre-	and	post-dam	periods	at	the	upstream	

gauges	are	similar,	with	a	small	increase	(<5%)	in	the	latter	period	at	Cannonsville	and	Pepacton	

due	to	climate.	After	the	construction	of	NYC	dams,	annual	flows	at	the	downstream	gauges	at	

Cannonsville,	Pepacton,	and	Neversink	were	25.9%,	66.5%,	and	71.6%	(168	mm/year,	453	

mm/year,	735	mm/year)	lower	than	at	the	upstream	gauges,	respectively.	The	correlation	between	

the	paired	gauges	decreased	with	correlation	coefficients	of	0.80,	0.70,	and	0.48	for	Cannonsville,	

Pepacton,	and	Neversink,	respectively.	During	both	the	pre-	and	post-dam	periods,	the	coefficient	of	

variation	for	downstream	gauges	is	significantly	higher	than	for	upstream	gauges.	Cannonsville	has	

a	relatively	small	coefficient	of	variation	for	downstream	mean	annual	flow	(0.4)	whereas	

Neversink	has	a	much	larger	value,	implying	a	larger	variability	compared	to	the	mean	(0.84).	The	

strong	positive	relationship	in	the	pre-dam	period	between	upstream	and	downstream	gauges	
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indicates	that	the	NYC	reservoirs	play	a	significant	role	in	the	downstream	hydrologic	regime	

change.		

	

	
Figure 2: Time series of upstream (blue line) and downstream (orange) hydrologic signatures, where the orange 
shading indicates the pre-dam period for each reservoir (columns). The top row plots the annual mean streamflow 
[mm/year]; the second is the annual maximum daily streamflow [mm/day]; the third is the annual 7-day minimum 
streamflow [mm/day]; the fourth is the annual rising limb density, an indicator for flashiness; the fifth row is the 
slope of the flow duration curve (FDC); and the bottom row plots the mean half flow date as the number of days 
from October 1st, the start of the water year. 

The	annual	maximum	daily	flow	(AMF)	and	7-day	minimum	flow	showed	similar	results	to	

the	annual	mean	flows	between	pre-	and	post-dam	periods.	The	AMF	declined	after	the	NYC	

reservoirs	were	completed	due	to	their	storage	capacity	during	high	flow	events.	However,	there	is	

not	always	sufficient	reservoir	capacity	during	flood	events	to	mitigate	flooding	downstream.	Peak	
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discharge	in	the	three	NYC	reservoirs	occurred	on	June	28,	2006,	while	storms	and	flooding	

occurred	in	central	New	York	and	northeastern	Pennsylvania.	During	this	time,	Cannonsville	and	

Pepacton	reservoirs	exceeded	their	capacity	and	were	spilling,	with	similar	peak	flows	across	

paired	gauges	(DRBC,	2006).	Therefore,	the	downstream	peak	flows	during	this	flood	were	not	

attenuated	by	the	reservoirs	and	resulted	in	an	equivalent	flow	rate	as	at	the	upstream	gauges.		

The	7-day	minimum	flow	decreased	significantly	at	Pepacton	after	the	reservoirs	were	

filled.	Neversink	has	the	highest	minimum	flow	per	unit	area	and	also	the	largest	reduction	in	the	

post-dam	period,	where	the	flow	in	the	downstream	gauge	is	49%	lower	than	upstream.	

Cannonsville	and	Pepacton	decreased	by	20%	and	44%,	respectively.	Inadequate	environmental	

flow	protection	led	to	the	establishment	of	the	Flexible	Flow	Management	Program	(FFMP)	in	2007	

and	subsequent	revisions.	As	a	result,	Delaware's	release	policies	after	the	FFMP	implementation	

increased	the	low	flow	below	the	reservoirs.	Cannonsville’s	7-day	minimum	flow	increased	from	an	

average	of	0.071	mm/day	to	0.264	mm/day	before	and	after	2007;	Pepacton	increased	from	0.068	

mm/day	to	0.181	mm/day;	Neversink	increased	from	0.153	mm/day	to	0.506	mm/day.	As	a	result	

of	this	policy,	the	downstream	7-day	minimum	exceeded	the	upstream	values	in	some	years,	

allowing	the	dams	to	reduce	the	impact	of	drought	downstream.	For	example,	the	downstream,	7-

day	minimum	flows	at	Cannonsville	after	2007	are	44%	higher	than	the	upstream	gauge.	After	

2007,	the	correlation	coefficients	decreased	and	Pepacton	has	a	negative	correlation,	which	

highlights	the	change	due	to	human	management.	Because	of	the	regulation,	the	immediate	

downstream	of	NYC	reservoirs	have	the	lowest	7-day	minimum	flow	in	October	and	November	

throughout	the	year.	

In	the	post-dam	period,	the	rising	limb	density	(RLD)	has	larger	interannual	variability	

downstream	of	all	the	dams,	and	there	is	essentially	no	correlation	between	the	paired	gauges	as	

compared	to	the	pre-dam	period	when	there	was	a	positive	correlation.	Both	Neversink	and	

Pepacton	have	a	slight	increase	in	the	mean	RLD	post-dam,	but	Cannonsville	has	an	11%	decrease	
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downstream	compared	to	pre-dam.	The	RLD	was	anomalously	low	in	2006	for	all	three	reservoirs,	

likely	due	to	the	June	2006	floods	that	resulted	in	full	reservoirs	with	a	slow	steady	release	

thereafter.	Like	the	RLD,	the	slope	of	flow	duration	curve	(FDC)	provides	a	measure	of	flashier	

hydrograph	responses.	The	paired	gauges’	FDC	slope	is	positively	correlated	pre-dam	but	have	little	

correlation	post-dam;	this	is	consistent	with	the	RLD.	Post-dam,	the	FDC	slope	became	steeper	

downstream	of	Cannonsville,	indicating	a	more	variable	flow	regime.	The	same	is	seen	downstream	

of	Pepacton	and	Neversink	but	only	for	a	period	of	time	after	the	reservoir	was	filled	and	then	it	

returned	to	mild	values.	The	variance	at	Pepacton	is	the	largest,	with	a	coefficient	of	variance	of	

0.86,	due	to	the	unusually	high	post-dam	slope.	In	addition,	the	low-FDC	slope	at	Cannonsville	

remains	consistent	and	mild,	and	this	flow	regime	may	be	related	to	the	environmental	flow	

regulation,	while	Pepacton	has	the	steepest	slope	and	higher	interannual	variability.	The	high-FDC	

slope	at	Pepacton	and	Neversink	indicates	an	intermittent	flow	due	to	reservoir	filling.	

Lastly,	the	mean	half	flow	date	at	the	downstream	gauge	indicates	the	reservoir	regulation	

and	release	time	within	a	year.	The	overall	mean	half	flow	date	at	the	downstream	gauges	is	

delayed	with	much	higher	interannual	variability,	especially	at	Pepacton.	The	daily	cumulative	

streamflow,	of	which	the	half	flow	date	is	one	statistic,	shows	a	relatively	uniform	temporal	

distribution	in	the	downstream	gauges.	In	contrast,	the	upstream	gauges	show	seasonality,	with	a	

pattern	of	high	cumulative	flow	in	the	spring	and	lower	in	the	summer.	To	quantify	this,	the	

seasonal	cycle	of	the	streamflow	statistics	for	the	paired	gauges	is	plotted	in	Figure	3.	
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Figure 3: Median, interquartile range (IQR), and coefficient of variation (CV) of streamflow by day of year a date of 
a year for NYC reservoirs. 

The	upstream	gauges	show	a	consistent	seasonal	cycle,	with	streamflow	peaking	in	April.	

While	downstream	of	Cannonsville	shows	a	similar	seasonal	cycle	to	upstream,	Pepacton	and	

Neversink’s	streamflow	releases	show	little	seasonality.	Pepacton’s	downstream	gauge	has	a	

significantly	smaller,	delayed	peak	flow;	Neversink’s	releases	are	bimodal,	with	low,	constant	

streamflow	releases	in	winter	and	higher	releases	in	summer.	The	interquartile	range	(IQR)	follows	

the	seasonality	of	the	median	flow,	with	the	upstream	high	flow	period	having	a	larger	IQR.	This	is	

also	true	for	the	IQR	of	the	Cannonsville	downstream	gauge.	Summer	has	a	higher	coefficient	of	

variation	at	the	upstream	gauges,	while	there	is	no	clear	seasonal	pattern	at	the	downstream	

gauges.	The	high	coefficient	of	variation	compared	to	the	IQR	is	due	to	the	lower	mean	flow	in	
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summer	(with	values	less	than	1).	It	is	also	worth	noting	that	the	mean	flow	has	a	higher	values	

during	peak	flow	season	than	the	median,	resulting	in	a	lower	coefficient	of	variation	in	spring.	

2.4.2	Downstream	propagation	of	hydrologic	alteration	 	

After	quantifying	the	local	hydrologic	alteration	immediately	downstream	of	the	dam,	the	

propagation	downstream	of	the	reservoir	impacts	can	be	evaluated	through	the	gauges	along	

Delaware	River	and	its	tributaries.	The	three	headwater	tributaries	of	the	NYC	reservoirs	join	

downstream	(Figure	3a),	and	all	distances	are	calculated	moving	upstream	from	the	gauge	at	

Trenton.	The	Cannonsville	reservoir	lies	on	the	west	branch	of	the	Upper	Delaware,	while	Pepacton	

reservoir	lies	on	the	east	branch.	The	west	and	east	branches	join	at	Hancock,	but	the	nearest	gauge	

is	at	Callicoon,	where	the	nearest	gauge	is	252	km	upstream	from	Trenton.	Later,	the	Neversink	

River	joins	the	Delaware	river	at	Point	Jervis,	where	the	nearest	gauge	is	160	km	upstream	from	

Trenton.	The	Lehigh	River	joins	the	Delaware	River	86	km	upstream	of	Trenton,	contributing	an	

average	of	25%	of	the	streamflow	at	Trenton.		
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2.4.2.1 Propagation downstream of annual flow statistics 

	
Figure 4a): Tracing streams of available gauges passed Cannonsville (blue), Pepacton (orange), and Neversink 
(Green). The Lackawaxen River (brown) and Lehigh River (pink) tributaries are also shown in the figure. A dark 
gray dot indicates the location of USGS gauges not on the mainstem evaluated and light gray indicates the location 
of tracing gauges used. The light blue shapes show the location of NYC reservoirs. Figure 4b) The trace along the 
river of the average annual mean flow, average annual maximum flow, and average 7-day minimum flow from the 
estuary station (0 km) to the upstream headwater station. The colors correspond to Figure 4a; the NYC reservoir 
locations are represented by an asterisk. 

Figure	4	plots	the	annual	flow	statistics	as	a	function	of	distance	upstream	of	Trenton,	NJ	for	

the	post-dam	period.	Mean	annual	flow	in	the	post-dam	period	declined	immediately	downstream	

of	the	NYC	reservoirs	as	shown	in	Figure	2,	but	Figure	4	shows	that	flow	increases	to	similar	levels	

upstream	within	35	km	(Figure	4b).	This	quick	recovery	could	be	due	to	inflowing	tributaries	or	

lateral	flow	from	surface	runoff	and	groundwater.	Of	the	three	dammed	headwaters,	the	average	

flow	in	the	upper	Neversink	River	drops	the	most	significantly	after	passing	through	the	reservoir,	

and	it	returns	to	the	natural	values	after	a	tributary,	the	Sheldrake	River,	joins	the	lower	Neversink	
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River.	In	addition,	the	Neversink	River	contributes	5%	of	the	total	volumetric	flow	to	the	Delaware	

River	to	the	streamflow	at	Montague.	As	for	the	other	dams,	the	east	branch,	which	passes	through	

the	Pepacton	reservoir,	has	a	larger	decrease	than	the	west	branch	(Cannonsville),	and	the	east	

branch	also	contributes	more	discharge	to	the	Delaware	River.		

The	contribution	of	the	Neversink	River	is	less	in	the	post-dam	period,	with	less	than	5%.	In	

the	upper	Delaware	region,	the	contribution	of	the	west	branch	to	the	streamflow	at	Callicoon, 

increases	from	63%	in	the	pre-dam	period	to	83%	in	the	post-dam	period,	which	would	also	

indicate	a	smaller	influence	of	outflow	through	the	Cannonsville	outflow	compared	to	Pepacton.	In	

addition,	the	west	branch	contributes	66%	in	April	(the	wettest	month),	and	97%	in	August	(the	

driest	month)	to	the	Delaware	River,	reflecting	the	retention	of	environmental	flows	at	

Cannonsville	but	not	at	Pepacton.	Along	the	Delaware	River,	the	volumetric	flow	at	Montague,	the	

first	gauge	downstream	of	all	three	NYC	reservoirs,	has	an	11%	decrease	in	the	post-dam	period.	

Further	downstream,	volumetric	flow	at	Belvidere	remains	almost	the	same	in	the	pre-	and	post-

dam	periods,	and	volumetric	flow	at	Trenton	has	a	slight	increase	due	to	the	increase	in	flow	in	the	

Lehigh	River.	To	summarize,	Neversink	has	less	impact	on	the	lower	Delaware	River,	and	the	

Pepacton	is	of	more	importance,	especially	in	the	dry	season.	The	drainage	area	increases	

downstream	and	could	be	a	reason	for	the	rapid	dissipation.	The	increase	of	mean	streamflow	per	

unit	area	in	Figure	4b	illustrates	that	the	water	replenishment	comes	primarily	from	tributary	

confluences	instead	of	lateral	flow,	as	river	outflow	is	close	to	the	sum	of	the	inflow	in	main	stem	

gauges.	

The	downstream	propagation	of	the	annual	maximum	flow	impacts	is	similar	to	the	annual	

mean	flow	but	with	slightly	reduced	peak	flows	downstream	of	the	dams.	Although	the	primary	

purpose	of	the	NYC	reservoirs	is	not	flood	control,	the	annual	peak	flow	is	attenuated	due	to	the	

impoundment.	The	highest	peak	flow	in	the	upper	Neversink	reflects	snowmelt	on	the	high	slopes	

of	Catskill	Mountain,	and	the	NYC	reservoirs	have	the	ability	to	lower	the	peak	flow.	
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The	7-day	minimum	flow	also	follows	a	similar	pattern,	with	a	drop	immediately	after	the	

reservoirs	and	a	quick	return	to	the	natural	levels.	The	minimum	flow	increases	along	the	main	

stem	to	around	0.4	mm/day	at	Trenton.	The	localized	decrease	in	the	7-day	minimum	below	the	

dams	increases	to	the	next	gauges	downstream	and	back	to	the	upstream	levels	24	km	downstream	

and	continues	to	increase	to	Belvidere.	Along	the	Neversink	River,	the	7-day	minimum	flow	has	a	

large	increase	downstream	of	the	dam	due	to	the	Sheldrake	River.	

To	investigate	whether	there	is	a	similar	or	unique	behavior	of	different	reservoirs	along	

tributaries,	trajectories	along	the	Lehigh	River	and	Lackawaxen	River	are	plotted	using	the	same	

process	as	Figure	4.	Both	rivers	contain	reservoirs	that	are	used	for	water	supply	and	flood	control.	

From	the	results,	the	Lehigh	River	basin,	especially	the	Pohopoco	Creek	tributary,	shows	a	similar	

pattern	to	the	main	Delaware	River,	but	tracking	along	the	Lackawaxen	River	did	not	show	any	

visible	impact	of	the	upstream	dam	in	either	spatial	or	temporal.	Therefore,	different	dams	may	

have	great	variability	in	the	response	along	the	reach.		
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2.4.2.2 Relationship with drainage area  

	
Figure 5: Scaling relationship between discharge and drainage area. The colored lines and dots are the tracing 
gauges passing NYC reservoirs. The gray dots are all available gauges in Delaware River Basin. The vertical dotted 
color lines indicate the location of the downstream gauge below the NYC reservoirs. 

To	further	investigate	the	relationship	between	streamflow	and	drainage	area,	the	power	

law	relationship	between	annual	streamflow	statistics	and	drainage	area	is	plotted	in	Figure	5.	

Mean	annual	discharge	for	the	78	gauges	in	the	Delaware	basin	shows	a	strong	relationship	with	

drainage	area	in	logarithmic	space,	with	an	R2	of	0.981.	The	annual	maximum	flow	and	the	7-day	

minimum	flow	have	R2	of	0.932	and	0.910,	respectively.	The	three	branches	are	indicated	by	the	

colored	lines,	showing	the	reduction	in	mean	annual	flow	downstream	of	the	dam,	particularly	for	

Neversink	and	Pepacton.	Streamflow	in	the	upper	Neversink	is	higher	than	in	other	gauges	of	

similar	drainage	size.	It	is	likely	due	to	the	Neversink	drains	the	highest	peaks	of	the	Catskill	

Mountains.	The	minimum	flow	here	has	a	smaller	exponent	in	the	scaling	relationship,	where	the	
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minimum	flow	of	the	Neversink	River	is	higher	than	expected	compared	to	the	same	drainage	area	

in	the	Delaware	River	Basin.	On	the	other	hand,	Pepacton	has	a	similar	result	to	Cannonsville,	but	a	

larger	impact	on	annual	mean	flow.	Compared	to	the	pre-dam	period,	the	exponent	is	slightly	lower,	

and	the	coefficient	is	increased	in	the	post-dam	period,	which	also	reveals	a	slightly	smaller	

discharge	in	a	large	drainage	area	and	a	larger	one	in	a	small	drainage	area.	The	coefficient	of	

determination	becomes	slightly	lower	in	the	post-dam	period,	which	would	also	indicate	the	

variations,	and	the	relationship	between	discharge	and	drainage	area	becomes	more	complex.	

Seasonality	also	alters	the	coefficient	of	drainage	area,	but	the	exponent	is	approximately	constant,	

with	more	water	tending	to	drain	in	April	and	May.	

Other	signatures	have	ambiguous	relationships	with	drainage	area	(see	Appendix	A).	The	

flow	duration	curve	slope,	mean	half	flow	date,	and	streamflow	elasticity	do	not	show	a	relationship	

with	drainage	area.	The	BFI	and	RLD	are	likely	to	show	a	negative	relationship,	especially	along	the	

reservoir	trace.	This	may	be	due	to	the	gradual	increase	in	streamflow	and	a	slower	response	time	

in	larger	downstream	drainage	areas.	However,	this	relationship	did	not	show	a	strong	relationship	

between	all	gauges,	and	hydrologic	signatures	may	be	highly	dependent	on	other	factors	such	as	

climate,	topography,	and	land	cover	change.		

2.4.2.3 Propagation of individual flood events  

To	further	analyze	the	impact	on	the	annual	maximum	flow,	three	large	flood	events	are	

selected:	September	2004,	April	2005,	and	June	2006	(Figure	6).	With	the	exception	of	the	

Neversink	in	2004	and	2006,	the	dams	did	little	to	attenuate	the	peak	flows	during	these	events,	as	

shown	by	both	through	the	plot	of	the	left	column’s	plotting	as	a	function	of	distance	and	the	

linearity	of	the	scaling	relationship	with	no	decreases	at	the	dams,	as	was	seen	in	for	the	mean	

annual	maximum	flows	in	Figures	4	and	5.	This	highlights	the	limitations	of	the	dams’	ability	to	

reduce	downstream	flows.	First,	the	reduction	is	quickly	attenuated	as	other	tributaries	join	the	
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river.	Second,	the	reservoirs	have	a	limited	flood	control	capacity,	so	when	there	is	insufficient	

storage,	outflows	match	inflows.		

	
Figure 6: Tracing peak flows downstream for three flood events in the upper Delaware. 

During	the	2004	floods,	the	Pepacton	area,	particularly	at	Beaver	Kill	which	is	a	subbasin	

near	the	Pepacton	reservoir,	had	the	largest	streamflow	anomaly.	Dams	did	not	play	a	role,	as	the	

increase	in	streamflow	began	downstream	of	the	dam,	and	a	large	decrease	occurred	when	the	

river	joined	the	west	branch	of	upper	Delaware.	Similarly,	the	Neversink	area	was	most	affected	by	

the	2005	event,	and	both	the	west	and	east	brunches	were	the	focus	of	the	2006	event.	The	high	

flow	decreased	where	the	Neversink	joins	the	Delaware	River.	During	flood	periods,	the	storage	

capacity	of	the	NYC	reservoir	system	is	full	and	flows	over	the	spillways	according	to	the	record	of	

Water	Resources	Data	New	York	Water	Year	2005.	From	the	right-hand	subplot,	the	discharge	of	
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the	flood	region	lay	in	the	upper	range	among	the	same	drainage	area.	The	extreme	flood	event	can	

wash	out	the	dam	and	affect	the	relationship	between	discharge	and	drainage	area.	There	is	no	

significant	outlier	in	the	flood	region	compared	to	Figure	5,	where	the	reservoirs	are	reduced	by	the	

annual	maximum	flow.		

2.4.2.4 Propagation of flow variability signatures 

The	other	selected	signatures	reflect	the	temporal	variability	of	the	streamflow	response	in	

the	Delaware;	their	downstream	propagation	is	plotted	in	Figure	7.	The	runoff	ratio	shows	the	

proportion	of	precipitation	that	becomes	streamflow.	Because	precipitation	does	not	have	much	

spatial	variation,	it	mimics	what	was	seen	in	the	mean	annual	flow	plot	(Figure	4).	All	three	dams	

have	significantly	lower	runoff	ratios	immediately	downstream.	This	includes	the	Neversink,	which	

has	notably	high	runoff	ratios	in	its	headwaters,	possibly	reflecting	the	different	hydrological	

conditions	in	the	mountain	peaks,	including	snowpacks.	The	baseflow	index	(BFI)	decreases	as	one	

moves	downstream.	At	all	three	dams,	there	is	a	significant	drop	in	the	baseflow	index,	which	

reflects	the	dam	operations	and	the	baseflow	filter	rather	than	the	actual	contribution	of	baseflow	

at	the	downstream	gauges.	What	is	notable	is	how	quickly	it	recovers	to	its	natural	values.		

Rising	limb	density	decreases	as	the	drainage	area	increases	downstream.	The	effect	of	

reservoirs	on	RLD	varies,	with	a	large	increase	at	Neversink,	and	a	small	decrease	at	Cannonsville	

and	Pepacton.	The	increase	in	RLD	at	Neversink	dissipates	at	the	next	stream	gauge	located	25	km	

downstream.	Similar	to	RLD,	the	FDC	slope	provides	a	measure	of	variability.	The	FDC	slope	

generally	becomes	milder	downstream.	The	abrupt	slope	around	Cannonsville	reservoir	followed	

the	local	result	in	the	previous	reach,	while	Pepacton	showed	no	anomaly	at	the	reservoir.	FDC	at	

Neversink	has	a	slightly	steeper	slope,	but	then	the	slope	becomes	small	after	a	few	kilometers.	In	

addition,	the	variation	of	the	low-FDC	slope	at	Pepacton	is	larger	than	at	Cannonsville,	and	the	high-
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FDC	slope	at	Pepacton	is	higher	than	the	other	two.	Fluctuations	in	flow	became	more	frequent	but	

dissipated	quickly	in	nearby	downstream	gauges.		

The	tracing	pattern	for	the	mean	half	flow	date	is	consistent:	all	reservoirs	postpone	the	

timing,	and	the	date	returns	to	the	natural	values	within	50	km.	Neversink	has	the	largest	impact	on	

the	half	flow	date,	although	the	interannual	variation	of	Pepacton	is	the	largest.	The	flow	in	the	first	

half	of	the	water	year	is	usually	high	compared	to	the	second	half,	and	storage	can	be	increased	in	

this	period	and	then	released	in	the	dry	requiring	period.	Streamflow	elasticity	varies	widely	along	

the	Delaware	River,	increasing	at	Neversink,	decreasing	at	Cannonsville,	and	remaining	relatively	

unchanged	at	Pepacton.	After	merging	the	east	and	west	branches,	the	streamflow	elasticity	

becomes	lower	at	Callicoon	(250	km	from	Trenton),	with	a	1.3%	change	in	streamflow	caused	by	a	

1%	change	in	precipitation.	However,	the	streamflow	becomes	less	sensitive	to	precipitation	after	

Callicoon.	Streamflow	elasticity	changes	largely	in	the	lower	Neversink	River.		
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Figure 7: Similar to Figure 4b with signatures of runoff ratio, rising limb density, baseflow index, FDC slope, mean 
half flow date, and streamflow elasticity. 

In	summary,	the	flow	magnitude	pattern	includes	annual	mean,	annual	maximum,	7-day	

minimum	flow,	runoff	ratio,	and	baseflow	index	indicating	that:	NYC	reservoirs	decrease	the	flow	

magnitude;	Pepacton	can	have	the	largest	decrease	downstream;	and	the	rapid	return	in	magnitude	

is	mainly	due	to	the	tributaries’	contributions.	The	mean	half	date	shows	that	NYC	reservoirs	can	

largely	change	the	time	by	the	management	of	flow	release.	The	flow	variability	involves	RLD,	FDC	

slope,	and	streamflow	elasticity	response	differences	along	different	reservoirs.	Cannonsville	could	

have	a	gradual	release	with	smaller	variations	compared	to	Pepacton.		
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2.4.2.5 Pre- and post-dam period comparison downstream  

The	previous	analysis	relied	on	the	post-dam	period	with	the	assumption	that	the	

headwaters	were	the	“natural”	state	to	which	the	streamflow	signatures	returned,	which	may	or	

may	not	be	true.	Another	way	to	analyze	the	data	is	to	look	at	the	difference	between	the	post-	and	

pre-dam	periods.	Any	difference	in	the	headwaters	above	the	dam	would	be	due	to	climate.	

Differences	downstream	would	be	primarily	due	to	the	dams,	and	these	differences	can	be	

compared	against	the	headwaters	to	understand	climate.	Figure	8	plots	the	relative	difference	in	

signatures	as,	

	B)*+,)B)-.
B)-.

		 	 	 	 	 	 				 	 																															[Eq.	2-5]	

where	X	is	a	signature,	such	as	the	RLD.	It	is	worth	noting	that	the	pre-dam	record	lengths	are	

shorter	than	the	post-dam	records,	particularly	upstream	of	the	dams.	Dam	construction	and	

reservoir	filling	were	ongoing	for	12	years	for	three	NYC	reservoirs	between	the	two	periods.	Three	

gauges	are	missing	for	the	Neversink	River	compared	with	Figures	4	and	7,	two	from	upstream	of	

the	dam	and	one	from	downstream	due	to	the	lack	of	observations	in	the	pre-dam	period.	The	same	

is	true	for	Cannonsville.	The	gauge	before	Hancock,	which	is	the	last	gauge	of	the	west	branch	

before	joining	to	the	upper	Delaware,	is	also	missing	in	the	pre-dam	period.	However,	the	gauges	on	

the	main	stem	of	the	Delaware	River	all	have	observations	since	1942.	Therefore,	although	some	

gauges	are	missing	in	Figure	8,	the	difference	between	the	pre-	and	post-dam	periods	can	still	be	

observed	in	the	trace.	Changes	in	upstream	gauges	are	solely	due	to	climate	forcing,	but	the	result	is	

not	robust	due	to	the	shortage	of	data	availability.	
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Figure 8: Relative difference between pre- and post-dam periods, calculated as the difference between post- and 
pre-dam normalized by the pre-dam values. The gray dotted line indicates zero change. 

The	change	in	almost	all	hydrologic	signatures	due	to	dams	is	consistent	in	Figures	4	and	7.	

The	half	flow	date	is	the	only	signature	with	a	significant	difference	in	dam	impact	from	the	

previous	figures,	with	an	earlier	date	at	Cannonsville	in	the	post-dam	instead	of	the	delayed	one.	

Some	signatures	have	a	similar	pattern	across	dams	but	with	varying	degrees,	such	as	RLD	at	

downstream	Pepacton	and	FDC	slope	at	downstream	Neversink.	Flow	variability	has	decreased	at	

Cannonsville,	releasing	the	most	consistent	flow	through	the	NYC	reservoir	system.	This	is	
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evidenced	by	the	lower	rising	limb	density	at	Cannonsville,	as	shown	in	Figure	8,	while	there	is	a	

vague	decrease	in	Figure	7.	Smooth	release	may	be	applied	at	Cannonsville.		

The	FDC	slope	in	the	downstream	Neversink	River	shows	a	large	decrease,	and	the	FDC	

slope	at	Trenton	decreased	by	20%	in	the	post-dam	period.	The	mean	half	flow	date	increased	as	

expected,	but	there	is	a	large	decrease	in	the	Neversink	above	the	dam,	which	could	be	caused	by	

climate	change,	including	changes	in	snowpack.	The	flow	time	is	highly	dependent	on	the	flow	

release	management	of	flow	releases	to	downstream	flow	targets,	especially	in	the	dry	period.		

2.4.2.6 Spatial patterns of seasonality 

Signatures	of	streamflow	mean,	maximum	flow,	7-day	minimum	flow,	rising	limb	density	

and	baseflow	index	on	the	seasonal	time	scale	can	show	the	variability	of	intra-annual	flows.	Figure	

9	shows	the	same	tracing	gauges	as	Figures	4	and	7	on	a	map	of	the	Delaware	River	Basin.	In	

general,	the	upper	Neversink	watershed	has	larger	flow	and	variability	in	all	seasons	in	the	

Delaware	River	Basin.	The	seasonal	flow	tracing	along	the	Delaware	River	downstream	has	a	

similar	change	along	the	river	length	(see	Appendix	A),	but	the	magnitude	shifts	up	and	down	with	

the	season.	The	Neversink	reservoir’s	RLD	is	smaller	in	spring	and	higher	in	summer.	In	addition,	

RLD	in	winter	has	a	large	increase	at	NYC	reservoirs	compared	to	the	other	seasons.	For	BFI,	a	

higher	index	occurs	in	summer	and	spring,	while	fall	has	the	lowest	BFI	among	the	seasons.	BFI	

downstream	of	NYC	reservoirs	is	low.	The	biggest	range	of	BFI	occurs	in	summer.		
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Figure 9: Seasonal variation of the signatures in the post-dam period. Rows are selected signatures, and columns 
are Spring (March, April, May), Summer (June, July, Aug), Fall (Sep, Oct, Nov), and Winter (Dec, Jan, Feb). 
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2.5	Discussion	and	conclusions	

The	flow	regime	immediately	downstream	of	the	NYC	reservoirs	has	been	largely	changed	

in	both	magnitude	and	variability;	however,	these	impacts	dissipate	quickly	downstream	in	most	

cases.	Most	of	the	hydrologic	signatures	have	a	large	local	decrease	and	then	recover	within	35	km,	

showing	good	resilience.	The	recovery	is	mainly	due	to	the	streamflow	contribution	of	tributaries,	

and	baseflow	can	comprise	a	significant	portion	of	the	tributaries’	streamflow	especially	in	dry	

periods.	Considering	not	only	the	streamflow	but	also	the	baseflow	contribution	can	provide	an	

understanding	of	how	the	downstream	streamflow	should	be	maintained	during	dry	periods.	

The	increasing	drainage	area	can	be	an	essential	element	in	interpreting	the	fading	of	

downstream	effects	of	reservoirs	(Batalla	et	al.,	2004).	The	downstream	reaches	with	larger	

drainage	areas	are	less	sensitive	to	runoff	and	all	reservoirs	shift	the	timing.	These	results	also	

reflect	the	ability	of	hydrologic	signatures	to	identify	which	and	where	the	hydrologic	alteration	is	

sustained	by	dams	in	wet	areas.	From	the	scaling	relationship	between	discharge	and	drainage	

area,	the	dams’	impact	immediately	downstream	can	be	identified	as	an	outlier	in	the	basin,	but	this	

impact	is	not	present	in	extreme	flood	events.	The	consistent	scaling	relationship,	except	for	the	

gauges	immediately	downstream	of	the	dams,	implies	that	the	NYC	dams	only	impact	the	local	

streamflow	downstream	in	the	long-term	average.		

Among	the	NYC	reservoirs,	Cannonsville	has	a	smaller	impact	locally.	The	larger	capacity	

reservoirs	may	reduce	the	connection	between	climate	and	streamflow	(Vicente-Serrano	et	al.,	

2017),	where	the	dams’	regulation	and	tributary	contribution	play	more	important	roles	in	

determining	downstream	streamflow.	The	flow	regime	in	the	upper	Neversink	River	may	be	

different	from	the	main	stem	due	to	changes	in	the	hydroclimatology,	with	a	higher	drop	in	the	

mean	flow	per	area,	as	well	as	a	high	runoff	ratio	and	flashiness.	Interaction	with	groundwater	may	

be	a	key	factor	in	this	area.	Snowmelt	was	not	a	focus	of	this	study,	but	it	can	be	observed	in	the	

seasonality,	where	peak	flow	is	often	reached	in	the	spring.	Winter-spring	streamflow	increased	at	
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over	50%	of	the	gauges	from	1948	to	1988.	The	snowmelt	becomes	earlier	in	North	America,	which	

increases	annual	streamflow	in	spring	(Stewart	et	al.,	2005).	The	spatial	pattern	is	relatively	

constant	across	seasons.	Some	observations	can	be	seen,	such	as	the	low	flow	is	more	critical	in	the	

upper	western	basin	and	streamflow	elasticity	is	low	in	the	upper	eastern	basin.		

The	result	is	similar	to	the	Sacramento	River	Basin,	where	the	dam-influenced	hydrograph	

characteristics	rapidly	vanish	with	distance	downstream	and	tributaries'	confluence	(Singer,	2007;	

Singer	&	Dunne,	2004).	A	similar	recovery	trajectory	can	be	found	in	most	of	the	signatures,	where	

the	Delaware	River	downstream	is	minimally	altered	by	the	NYC	reservoirs	in	both	magnitude	and	

variability.	If	this	method	was	implemented	in	other	river	basin,	the	tracing	variation	in	streamflow	

signatures	may	demonstrate	different	results	by	different	dams	with	different	dam	purposes,	and	

various	heterogeneity	with	respect	to	regional	climate.	The	flood	control	dams	retain	climate	

signatures	in	flow	regimes,	but	decrease	the	downstream	hydrographs	of	regional	heterogeneity	

(Ferrazzi	et	al.,	2021).	In	contrast,	water	supply	reservoirs	increase	the	independence	of	climate	

signatures	and	even	break	the	connection	between	climate	and	flow	regime	with	a	higher	spatial	

diversity	in	hydrology	(Ferrazzi	et	al.,	2021).	The	difference	between	NYC	reservoirs	and	the	

Prompton	Dam	along	the	Lackawaxen	River	may	reflect	the	difference	in	releases	by	purpose.	

Uncertainties	in	the	streamflow	and	precipitation	measurements	may	have	more	impact	on	“high-

frequency	response”	values,	but	less	impact	on	spatial	or	temporal	averages	(Westerberg	&	

McMillan,	2015).	

Some	major	ecosystem	changes	have	been	reported,	such	as	thermal	fish	kills,	a	shift	from	a	

coldwater	community	to	a	warmwater,	loss	of	native	and	long-living	brook	trout	loss	due	to	heavy	

angling,	stocking	of	domesticated	brook	trout	and	exotic	species	(Ravindranath	et	al.,	2016).	Depth	

and	distance	from	the	dam	can	strongly	influence	the	response	of	the	fish	community	(Prchalová	et	

al.,	2009).	Although	the	decrease	in	mean	streamflow	impacts	the	extent	of	the	ecosystem	and	

reduces	the	diversity	of	aquatic	life,	there	is	no	evidence	of	incursive	species	growing	downstream	
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of	water	supply	reservoirs	(Ferrazzi	&	Botter,	2019a).	The	mean	half	flow	date	at	large	reservoirs	

could	affect	fish	or	animals	that	require	water	in	a	particular	season.	Additionally,	stream	

temperature	can	be	direct	evidence	of	aquatic	change.	The	temperature	at	the	upstream	gauge	is	

higher	than	downstream	at	NYC	reservoirs,	especially	in	summer,	while	the	downstream	

temperature	can	be	slightly	warmer	in	winter	(October	to	February).	The	large	flow	reductions	and	

fluctuations	in	NYC	reservoirs	can	lead	to	thermal	changes	in	the	stream	temperature	(Daniels	&	

Danner,	2020),	result	in	a	biodiversity	loss.		

This	study	is	based	on	observed	data,	and	the	method	is	straightforward	with	few	

assumptions.	The	likely	limitation	for	the	extension	to	other	basins	or	a	larger	scale	is	the	

availability	of	headwater	gauges,	pre-dam	streamflow	data,	and	the	distance	between	gauges.	In	our	

study,	the	length	of	data	available	in	the	pre-dam	period	is	a	shortcoming,	where	each	year	in	the	

pre-dam	period	has	a	greater	weight	on	the	statistics	than	any	given	year	in	the	post-dam	period.	

Climate	signatures	are	not	specifically	included	in	the	tracing	other	than	precipitation,	but	they	can	

play	a	significant	role	in	seasonality.	Modeled	streamflow	can	help	to	address	these	concerns.	In	

addition,	the	uncertainty	of	the	hydrologic	signatures	can	be	important	to	consider,	and	the	

subjective	selection	in	this	qualitative	method	may	lead	to	different	results,	such	as	BFI	in	different	

methods.	To	apply	the	method	to	another	basin,	dense	gauges	are	required,	and	they	must	start	

early	enough	to	detect	the	pre-dam	streamflow.	Climate	change	may	not	be	ignored	if	the	dam	is	

constructed	after	the	late	90s.	

For	future	studies,	using	a	hydrologic	model,	such	as	the	Variable	Infiltration	Capacity	(VIC)	

model,	can	be	used	to	simulate	the	naturalized	streamflow	and	further	be	used	to	compare	with	the	

observed	tracing.	This	can	address	the	problem	of	the	short	pre-dam	period	data.	The	VIC	model	

will	be	discussed	in	the	next	Chapter.	The	impact	of	reservoirs	is	required	in	combination	with	a	

river	fragmentation	and	connectivity	metric	(Jumani	et	al.,	2020).	The	impact	of	climate	change	on	a	

regulated	river	in	local	and	long-term	variation	might	also	be	critical	to	study,	and	a	more	



	 40	

comprehensive	view	can	be	combined	with	climate	change	on	these	hydrological	signatures	

through	the	VIC	model,	which	will	be	able	to	simulate	any	climate	impacts.	In	addition,	a	detailed	

influence	on	biodiversity	can	help	to	better	monitor	and	plan	for	ecosystem	affluence.	The	

Ecological	Limits	of	Hydrologic	Alteration	(ELOHA)	framework	(Arthington, 2016)	can	be	a	useful	

tool	for	integrating	the	hydrologic	response	into	an	ecological	metric,	and	there	is	an	ongoing	

project	related	to	the	Delaware	River	Basin.	 	
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Chapter	3:	Evaluation	of	the	VIC	model’s	ability	to	simulate	

baseflow		

3.1	Introduction	

In	the	first	chapter,	two	possible	methods	for	analyzing	hydrological	alteration	in	a	

regulated	river	basin	are	proposed:	using	historical	observations	and	a	model-based	approach.	

Chapter	2	used	the	historical	approach	in	the	Delaware	River	Basin,	demonstrating	how	far	

downstream	dam	impacts	propagated	through	the	river	network.	Whether	it	is	feasible	to	

implement	the	model-based	approach	remains	in	question.	Such	a	model	needs	to	have	the	ability	

to	correctly	simulate	the	hydrologic	signatures.	However,	hydrologic	models	are	typically	evaluated	

based	on	mean	streamflow	rather	than	specific	hydrologic	signatures.	A	preliminary	evaluation	is	

required	to	ensure	the	model’s	ability	to	simulate	certain	hydrologic	processes	and	signatures,	such	

as	baseflow	and	the	baseflow	index,	to	determine	the	feasibility	of	this	approach.	This	chapter	

presents	an	exploratory	analysis	to	determine	whether	using	the	Variable	Infiltration	Capacity	

(VIC)	model	for	naturalized	estimates	of	hydrologic	signatures	would	be	possible	in	future	work.		

Hydrologic	models,	such	as	the	Variable	Infiltration	Capacity	(VIC)	model	(Anghileri	et	al.,	

2016;	Harrell	et	al.,	2022)	and	Soil	and	Water	Assessment	Tool	(SWAT)	(Jha	et	al.,	2004;	Oo	et	al.,	

2020;	Rahman	et	al.,	2013),	have	been	successfully	used	for	simulating	streamflow	response.	

Although	model	uncertainty	cannot	be	avoided,	the	results	are	valuable	for	isolating	human	

interventions	and	being	able	to	estimate	naturalized	streamflow	(Botter	et	al.,	2010).	The	VIC	

model	is	a	large-scale,	physics-based	model	that	has	been	widely	used	through	a	range	of	hydro-

meteorological	conditions,	including	streamflow	simulation	(Bai	et	al.,	2016;	DeChant	&	

Moradkhani,	2014;	Kumari	et	al.,	2021;	Su	et	al.,	2005),	snow	modeling	(Andreadis	&	Lettenmaier,	

2006;	Pan	et	al.,	2003;	Sheffield	et	al.,	2003),	and	flood	monitoring	(Khan	et	al.,	2011;	Schumann	et	

al.,	2013;	Wu	et	al.,	2014).	VIC	has	been	shown	to	perform	well	in	many	river	systems	throughout	
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the	world	(Maurer	et	al.,	2002;	Nijssen	et	al.,	1997),	such	that	it	is	likely	to	simulate	the	processes	

needed	for	naturalized	estimates	of	streamflow.	It	has	specifically	been	shown	to	be	able	to	

simulate	mean	naturalized	streamflow	in	the	Delaware	River	Basin	(Liang	et	al.,	1994;	Troy	et	al.,	

2008).		

Like	many	hydrologic	models,	VIC	requires	calibration,	and	most	studies	have	focused	on	

monthly	discharge	(Elsner	et	al.,	2014;	Maurer	et	al.,	2002;	Troy	et	al.,	2008;	Zhao	et	al.,	2019).	

Calibrating	is	the	process	of	adjusting	the	parameters	for	output	results	to	match	observations,	and	

validating	means	verifying	that	the	calibrated	result	is	satisfactory	to	use,	usually	by	testing	in	other	

time	periods	and	locations.	Although	calibrating	and	validating	against	observed	streamflow	has	

been	widely	done	at	the	monthly	scale,	there	is	a	gap	in	both	with	respect	to	hydrologic	signatures	

from	the	VIC	model.	The	concept	of	“signature-domain”	calibration	has	been	presented	to	

accommodate	different	hydrologic	features	(Fenicia	et	al.,	2018).	In	this	approach,	there	is	a	

streamflow	calibration	function	that	includes	annual	streamflow,	baseflow	index,	high	flow,	and	low	

flow,	which	was	recently	generated	for	the	VIC	model	(Yang	et	al.,	2019)	and	involves	three	

possible	sensitive	soil	parameters	(Demaria	et	al.,	2007).	Despite	the	lack	of	flashiness,	which	may	

affect	the	possibility	of	an	information	loss	(Fenicia	et	al.,	2018),	and	the	small	amount	of	

calibration	parameters,	this	calibration	method	has	largely	improved	streamflow	prediction	in	the	

eastern	United	States.	However,	there	is	also	no	substantial	proof	that	the	streamflow	predicted	by	

the	VIC	model	can	be	used	to	calculate	correct	hydrologic	signatures,	particularly	the	proportion	of	

streamflow	that	comes	from	baseflow.	Since	the	VIC	model	more	typically	matches	mean	

streamflow	(Troy	et	al.,	2008),	this	may	mean	the	model	simulates	monthly	streamflow	well	but	for	

the	wrong	reasons,	such	as	the	relative	contributions	of	baseflow	and	runoff	to	streamflow.	

Therefore,	there	is	a	gap	in	understanding	the	model's	ability	to	accurately	represent	baseflow,	

which	is	a	key	component	in	the	characterization	of	hydrologic	signatures.	Further	research	is	

necessary	to	close	this	gap	and	improve	the	accuracy	of	the	VIC	model	in	simulating	baseflow	to	



	 43	

reach	the	original	goal	of	evaluating	the	hydrological	alteration	in	a	regulated	river.	The	separation	

of	baseflow	from	streamflow	and	VIC’s	ability	to	simulate	the	baseflow	will	be	the	focus	of	this	

Chapter	to	gain	a	better	understanding	of	slow	flow	response	in	the	VIC	model.		

Sensitivity	analyses	have	been	applied	to	hydrologic	models	to	identify	and	prioritize	the	

parameters	most	influential	to	the	system,	and	to	understand	interactions	between	parameters	

(Razavi	&	Gupta,	2015;	Ruano	et	al.,	2012).	The	soil	parameters	affect	the	water	and	energy	budgets	

more	than	the	vegetation	properties	in	the	land-surface	model	parameterizations	(Liang	&	Guo,	

2003).	Sensitivity	analysis	of	the	VIC	model’s	soil	parameters	has	been	performed	for	streamflow.	A	

sensitivity	analysis	of	soil	parameters	by	Demaria	et	al.	using	the	Monte	Carlo	method	identified	

that	the	dominant	parameters	for	simulating	streamflow	are	infil,	exp,	and	depth2	(Demaria	et	al.,	

2007).	Melsen	et	al.	(2016)	used	Distributed	Evaluation	of	Local	Sensitivity	Analysis	and	found	that	

infil,	ds,	exp,	and	dsmax	are	the	most	sensitive	parameters	of	four	catchments	in	Switzerland.	

Although	there	are	an	increasing	number	of	studies	on	VIC’s	calibration,	the	parameter	

estimation	and	sensitivity	analysis	for	the	VIC	model	is	thus	far	insufficient	for	simulating	most	

hydrologic	signatures	capable	of	detecting	human	alteration	along	river	networks,	and	no	studies	

have	focused	on	baseflow.	There	are	still	gaps	in	understanding	the	role	of	VIC	parameters	in	

baseflow	and	streamflow	simulation	and	how	they	may	interact	with	each	other.	Accordingly,	a	

sensitivity	test	of	soil	parameters	with	a	focus	on	baseflow	simulation	is	performed	in	this	chapter	

to	investigate	whether	it	is	possible	to	correctly	simulate	baseflow	characteristics.	This	chapter	

answers	research	question	3:		

What	is	the	ability	of	the	VIC	model	to	simulate	the	hydrologic	signatures	to	provide	estimates	

of	the	naturalized	hydrologic	regime?	If	it	is	poor,	is	it	possible	to	improve	the	performance	

through	parameter	calibration	and	identifying	important	parameters	to	correctly	simulate	

streamflow	and	baseflow	characteristics?	
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First,	the	initial	model	set-up	with	a	previous	soil	parameter	calibration	is	assessed.	Then,	a	

subset	of	sensitivity	runs	is	performed	where	soil	parameter	values	are	varied	to	detect	their	

impact	on	the	baseflow	generation.	Runoff	is	also	included	in	the	analysis	to	supplement	the	

baseflow	results.	The	preliminary	sensitivity	analysis	would	help	understand	the	subsurface	

response	to	the	soil	parameters	and	identify	the	most	and	least	influential	calibration	parameters	

for	baseflow.		

3.2	Model-based	method	

The	model-based	method	proposes	to	use	the	difference	between	the	model,	as	a	proxy	for	

naturalized	flow	without	dams,	and	the	observations	in	the	post-dam	period	to	quantify	the	dams’	

downstream	impact	in	a	river	network.	The	difference	between	the	modeled	and	the	observed	

hydrologic	signatures	would	be	used	as	a	metric	to	detect	the	downstream	impacts	in	the	same	way	

as	the	historical	observations	in	Chapter	2.		

Figure	10	demonstrates	the	model-based	approach	by	tracking	the	annual	mean	flow	from	

upstream	of	the	Pepacton	Dam	down	to	Trenton,	NJ.	Theoretically,	the	observed	and	modeled	

results	would	be	expected	to	be	the	same	if	there	were	no	dams	throughout	the	entire	trace.	For	the	

post-dam	period,	a	decrease	in	the	observed	streamflow	at	the	reservoirs	is	expected	due	to	the	

impoundment	and	out-of-basin	transfer	to	NYC,	and	relatively	constant	streamflow	is	expected	

from	the	modeled	streamflow	normalized	by	area.	The	example	of	the	Pepacton	reservoirs	and	the	

downstream	river	network	(Figure	10)	shows	the	expected	result	for	VIC	with	relatively	constant	

mean	streamflow	normalized	by	area.	At	the	reservoir,	the	observed	flow	significantly	decreases,	as	

expected	given	the	water	supply	diversions.	This	difference	between	observed	and	modeled	

streamflow,	along	with	the	distance	downstream,	can	be	quantified	as	the	alteration	due	to	

regulation,	with	the	dam’s	effects	dissipating	within	100km	downstream.	Ideally,	this	approach	

could	be	applied	with	all	the	hydrologic	signatures	used	in	the	previous	chapter,	thereby	providing	

a	robust	result	of	the	impact	propagation	on	the	streamflow	magnitude	and	variability.	In	other	
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words,	the	modeled	streamflow	must	be	shown	to	be	a	reliable	proxy	for	the	calculation	of	

naturalized	hydrologic	signatures,	especially	those	related	to	baseflow.	

	
Figure 10: Tracing the average annual mean flow for available gauges along the Pepacton reservoir’s branch from 
observation (blue) and the VIC model (orange). The x dot shows the gauge immediately downstream of the 
reservoir. 

3.3	VIC	Model	

The	Variable	Infiltration	Capacity	(VIC)	model	is	a	land	surface	hydrological	model	that	

simulates	the	components	of	the	water	and	energy	budgets	(Liang	et	al.,	1994,	1996).	The	processes	

are	calculated	for	spatially	distributed	grid	cells	(>>1km),	and	the	grid	cells	are	independent	of	each	

other,	neglecting	horizontal	flow	between	grid	cells	except	in	the	river	channel.	The	land-

atmosphere	fluxes	and	the	water	and	energy	balances	can	be	run	at	daily	or	sub-daily	time	steps.	

Figure	11	illustrates	the	basic	concept	of	the	soil	layers	in	the	VIC	model	and	the	two	principal	

relationships	for	infiltration	and	baseflow	that	will	be	explored	in	this	chapter.	
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Figure 11a): Schematic of VIC model recreated from Liang et al. (1994, 1996). 𝑊4,𝑊5,𝑊6 are the time-varying soil 
moisture storage in each layer; E is evaporation; ET is evapotranspiration; P is precipitation; Runoff is the surface 
runoff; I is the infiltration; R is the drainage recharge between the two lower vertical layers. Model parameters are 
in the dotted boxes and summarized in Table 1. Figure 11b): Infiltration curve as a function of storage in soil layer 
1. Figure 11c): Baseflow curve in soil layer 3. 𝑊6_.'8 is the maximum soil moisture in layer 3; ws is the fraction of 
soil moisture at the beginning of the non-linear curve; ds is the fraction of dsmax where non-linear baseflow begins; 
dsmax is the maximum rate of baseflow. 

The	subsurface	is	represented	by	three	vertical	layers	as	shown	in	Figure	11a,	where	the	

upper	layer	affects	the	dynamic	response	between	soil	moisture	and	infiltration.	The	thickness	of	

soil	layer	1	is	usually	10	cm	(Liang	et	al.,	1996).	The	variable	infiltration	curve	partitioning	process	

is	plotted	in	Figure	11b,	incorporating	both	saturation	and	infiltration	excess	runoff	generation	

mechanisms.	The	direct	runoff	is	calculated	for	the	upper	layer,	and	it	allows	for	subgrid	soil	

heterogeneity.	The	infiltration	capacity	can	be	expressed	as,	

𝑖 = 𝑖. (1 − (1 − 𝐴)
!

"#$"%.         																												[Eq.	3-1]	

where	𝑖	is	the	infiltration	capacity;	𝑖1	is	the	maximum	infiltration	capacity;	A	is	the	fractional	area	

of	the	saturated	grid	cell;	and	infil	is	the	infiltration	shape	parameter.	
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Soil	layers	2	and	3	are	used	to	capture	the	slower	change	in	soil	moisture	that	is	

characteristic	of	subsurface	dynamics.	Baseflow	(slow	flow	runoff)	can	only	be	generated	in	soil	

layer	3.	Figure	11c	illustrates	the	baseflow	generation	curve	in	the	bottom	layer.	The	form	of	this	

equation	assumes	the	baseflow	response	is	linear	when	soil	moisture	is	below	a	threshold	and	is	

nonlinear	above	this	threshold.	ds	must	be	smaller	or	equal	to	ws,	and	when	ds	equals	ws,	the	whole	

process	becomes	linear.	The	equation	describing	the	baseflow	curve	can	be	expressed	as,	

𝐵 = #

(01)(01345)
(6!)(7"_$%&)

𝑊8, 0 ≤ 𝑊8 ≤ (𝑤1)(𝑊8_345)
(01)(01345)
(6!)(7"_$%&)

𝑊8 + (𝑑𝑠𝑚𝑎𝑥 −
(01)(01345)

61 )	( 7":(6!)(7"_$%&)
7"_$%&:(6!)(7"_$%&)

), (𝑤1)(𝑊8_345) ≤ 𝑊8 ≤	𝑊8_345
							[Eq.	3-2]	

where	B	is	the	baseflow	(subsurface	runoff);	𝑊:_1/2	is	the	maximum	soil	moisture	in	layer	3;	ws	is	

the	fraction	of	soil	moisture	where	the	non-linear	part	starts;	ds	is	the	fraction	of	dsmax	where	non-

linear	baseflow	begins;	dsmax	is	the	maximum	velocity	of	baseflow;	𝑊!	is	the	time-varying	soil	

moisture	in	the	bottom	layer.	

The	drainage	process	between	each	layer	is	designed	through	gravity	drainage	by	the	

Brooks-Corey	relationship.	The	vertical	drainage	between	three	soil	layers	is	expressed	as	

𝑄*,			*:4 = 𝐾+*(
;"<="

;"_'()<="
)382, 𝑖 = {1, 2}       													[Eq.	3-3]	

where	𝑄&,			&0(	is	the	drainage	from	the	upper	layer	(i)to	lower	layer	(i+1);	𝐾D& 	is	the	saturated	

hydraulic	conductivity	in	layer	i;	𝑊& 	is	the	soil	moisture	content	of	layer	i	;	𝑊&_1/2	is	the	maximum	

soil	moisture	content	of	layer	i	;	𝜃& 	is	the	residual	moisture	content	of	layer	i	;	exp	is	the	exponent	

which	equals	to	(>
E
+ 3),	where	p	is	the	pore	size	distribution	index.	

Water	can	also	be	extracted	upwards	through	evapotranspiration	in	all	three	layers.	

Evapotranspiration	is	calculated	by	the	Penman-Monteith	equation,	where	ET	is	a	function	of	net	

radiation,	vapour	pressure	deficit,	soil	moisture,	and	aerodynamic	resistance.	The	total	ET	consists	

of	the	canopy	evaporation,	transpiration	from	vegetation,	and	evaporation	from	the	bare	soil,	with	

each	flux	weighted	by	the	land	cover	fractions	within	the	grid	cell.	The	detailed	VIC	model	structure	

and	equations	can	be	found	in	the	literature	(Liang	et	al.,	1994,	1996).	
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3.4	Methods	and	data	

3.4.1	Sensitivity	analysis		

The	sensitivity	analysis	of	baseflow	and	runoff	simulations	to	soil	parameters	from	the	VIC	

model	will	not	only	help	to	identify	the	parameters	influencing	the	baseflow,	but	also	to	detect	the	

interactions	between	each	parameter.	Seven	parameters	are	selected	to	investigate	in	this	analysis,	

summarized	in	Table	2.	These	parameters	are	called	calibration	parameters	because	they	are	used	

for	calibration	and	cannot	be	physically	measured	or	have	ambiguous	values	at	the	model’s	spatial	

scale.	Three	different	values	are	run	for	each	parameter,	resulting	in	a	total	of	2187	unique	

parameter	sets	for	each	grid	cell.	The	selected	values	are	based	on	the	feasible	range	of	the	

parameters	(Troy,	personal	communication).		

Table 2: Parameters varied in the sensitivity analysis 

Parameter	 Meaning	 Unit		 Selected	Values	

infil		 Infiltration	curve	parameter	 -	 0.01,	0.3,	0.7	

ds	 Fraction	of	dsmax	where	non-linear	baseflow	
begins	 -	 0.1,	0.4,	0.7	

dsmax	 Maximum	baseflow	that	can	occur	from	soil	
layer	3.	 mm/day	 5,	10,	30	

ws	 Fraction	of	maximum	soil	moisture	where	non-
linear	baseflow	occurs	 -	 See	context	

𝑤𝑠DFG	𝑖𝑛	0.1,	0.4,	0.7	

depth2	 Thickness	of	the	second	soil	moisture	layer	 m	 1,	2.5,	4	

depth3	 Thickness	of	the	third	soil	moisture	layer	 m	 1,	2.5,	4	

exp	 Exponent	for	unsaturated	hydraulic	
conductivity	(Brooks–Corey	relationship)	 -	 5,	15,	30	

	

The	infil	is	the	infiltration	curve	shape	parameter,	where	a	higher	infil	value	would	lead	to	

larger	infiltration	for	a	given	precipitation	value	and	soil	moisture	state.	The	infil	parameter	is	non-

observable	and	determines	the	exponent	in	the	infiltration	curve	(Eq.3-1).	The	dsmax	parameter	

will	change	the	maximum	baseflow	contribution,	and	higher	dsmax	will	represent	a	higher	peak	of	
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baseflow.	ds	is	the	fraction	of	dsmax	above	which	baseflow	becomes	nonlinear,	and	it	has	a	

relationship	with	ws,	where	if	ds	is	close	to	ws,	the	hydrograph	recession	curve	becomes	steeper.		

According	to	the	baseflow	curve,	ds	cannot	exceed	ws.	For	computational	ease,	a	different	

variable,	𝑤𝑠DFG ,	was	varied	in	the	sensitivity	runs	that	is	a	fraction	of	ds.	The	equation	to	calculate	

ws	from	the	𝑤𝑠DFG	parameter	is,		

𝑤𝑠 = 𝑑𝑠 + (1 − 𝑑𝑠) × 𝑤𝑠+>/                     [Eq.	3-4]	

where	ws	is	the	value	of	the	fraction	of	maximum	soil	moisture	where	non-linear	baseflow	occurs	

and	𝑤𝑠DFG	is	the	variable	in	the	VIC	run	and	values	of	0.1,	0.4,	0.7	were	run.		

The	depth2	and	depth3	are	the	thickness	of	the	lower	soil	layers,	where	the	depth2	will	

impact	the	vertical	drainage	process	and	evapotranspiration,	and	depth3	will	directly	change	

baseflow	generation	due	to	the	soil	moisture	capacity.	A	higher	depth3	will	enlarge	𝑊:_1/2 ,	and	

result	in	a	smaller	peak	in	baseflow	simulation.	The	exp	is	the	exponent	of	the	drainage	equation,	

and	a	larger	exp	will	represent	slower	drainage,	which	ends	up	with	a	lower	baseflow.	The	exp	

parameter	is	the	exponent	in	the	vertical	drainage	equation	(Eq.3-3).	

Each	simulation	is	run	in	full	energy	balance	mode	at	1/8°	spatial	resolution	from	Jan	1979	

to	Dec	1989	at	an	hourly	time	step.	The	first	four	years	are	used	for	spin-up,	and	1983	to	1989	are	

used	for	sensitivity	analysis.	The	three	study	sites	are	located	at	upper	Cannonsville	(Gauge	

01435000),	upper	Pepacton	(Gauge	01413500),	and	upper	Lehigh	River	(Gauge	01449360),	all	of	

which	are	above	the	reservoirs	and	therefore	have	minimal	human	influence.	The	streamflow	

observation	data	are	from	the	U.S.	Geological	Survey	(USGS),	and	they	are	used	for	model	validation	

and	baseflow	estimation	using	the	method	described	below.	The	meteorological	and	radiative	

forcing	data	are	from	the	North	American	Land	Data	Assimilation	System	project	(NLDAS),	version	

2	(Xia	et	al.,	2012).	Forcings	include	air	temperature,	precipitation,	downward	shortwave,	and	

longwave	radiation,	wind	speed,	surface	pressure,	and	specific	humidity	(Cosgrove	et	al.,	2003).	

The	vegetation	library	is	from	SECHIBA,	a	parameter	set	of	hydrologic	exchange	between	soil-
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vegetable,	and	atmosphere	(Ducoudré	et	al.,	1993).	This	study	uses	the	version	of	VIC	4.1.2;	more	

information	can	be	found	in	the	UW	GitHub	repository	(https://github.com/UW-Hydro/VIC).	

3.4.2	Baseflow	separation	and	comparison	

The	Eckhardt	filtered	method	(Eckhardt,	2005,	2008)	is	used	to	separate	baseflow	from	the	

observed	streamflow,	and	it	was	found	as	the	best	performing	among	different	filter	methods	in	the	

continental	U.S.	(Xie	et	al.,	2020).	The	Eckhardt	filter,	which	was	also	used	for	the	baseflow	index	in	

Chapter	2,	is	expressed	as,		

𝐵* =
(4<@AB'())×'×/"*!:(4<')×@AB'()×E"

4<'×@AB'()
            													[Eq.	3-5]	

where	𝐵& 	is	baseflow	at	time	step	𝑖;	𝑏&)(	is	baseflow	at	time	step	i-1;	𝑞& 	is	streamflow	at	time	step	𝑖;	

𝑎:	filter	parameter;	𝐵𝐹𝐼1/2	is	the	maximum	baseflow	index	(ratio	of	baseflow	to	the	total	

streamflow).	The	filter	parameter	is	set	at	0.96	and	𝐵𝐹𝐼1/2	is	0.6,	replicating	the	previous	setup	in	

Chapter	2.	The	recession	constant	and	backward	filter	method	(Collischonn	&	Fan,	2013)	were	used	

to	determine	the	value.	Figure	12	shows	the	filtered	baseflow	at	the	upper	Cannonsville	gauge	from	

May	to	October	1986.	Although	baseflow	cannot	be	measured,	the	Eckhart	filtered	baseflow	time	

series	is	reasonable	compared	to	the	observed	streamflow	and	can	be	used	as	the	proxy	of	the	

“observed”	baseflow.		

	

Figure 12: A demonstration of baseflow separation for USGS gage 01423000. The USGS streamflow is orange, and 
the Eckhardt-filtered baseflow is blue. 
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The	root	mean	square	error	(RMSE)	is	applied	as	a	metric	for	evaluating	the	VIC	simulation	

by	comparing	the	Eckhardt	method	filtered	baseflow	with	all	VIC	runs.	Optimal	parameter	sets	are	

identified	in	the	sensitivity	runs	by	using	RMSE.	The	RMSE	equation	is	expressed	as,	

𝑅𝑀𝑆𝐸 = =∑ (@+,-<@./0)12
"

!
                   													[Eq.	3-6]	

where	N	is	the	number	of	days;	𝐵HIJ 	is	the	filtered	baseflow	from	the	Eckhardt	method;	𝐵K,L 	is	the	

baseflow	simulation	by	VIC	for	each	parameter	set.	RMSE	is	widely	used	as	a	basic	function	of	

evaluating	the	performance	of	a	model.	

3.4.3	Local	sensitivity	analysis	

The	local	sensitivity	analysis	is	used	to	identify	parameters	with	the	highest	sensitivity	and	

to	understand	the	interaction	between	parameters.	The	equation	upon	the	gradient	of	the	

performance	index	𝜓	(Rakovec	et	al.,	2014)	is	expressed	as,	

GH
G=3
>
(
                       [Eq.	3-7] 

where	𝜓	is	the	selected	performance	index;	𝜃M 	is	the	jth	value	of	parameter	𝜃;	l	represents	the	set	of	

parameter	values	other	than	𝜃.	The	𝜓	can	be	any	metric	defining	the	baseflow	simulation	in	that	

parameter	set.	In	this	study,	mean	value	and	standard	deviation	are	used	for	the	representation	of	

model	sensitivity.	For	example,	for	a	given	performance	index	and	no	secondary	parameter	varies,	

the	gradient	equation	between	median	and	high	value	for	a	parameter	𝜃	can	be	expressed	as,	

GH
G=3
>
(
= HI=4"54J<H(='67"(#)

=4"54<='67"(#
       													[Eq.	3-8]	

where	𝜓	is	the	performance	index	(e.g.	the	average	baseflow);	𝜃N&5N	is	the	high	value	of	parameter	

𝜃;	𝑙	is	the	rest	of	the	parameter	set	and	l	is	held	in	the	median	when	not	considering	the	additional	

parameter’s	impact	at	𝜃.	The	second	parameter	in	l	can	be	varied	to	reveal	the	interaction	between	

parameters	and	evaluate	which	parameter	has	a	large	influence	on	other	parameters.	To	normalize	

different	categories	of	𝜃,	a	percentage	change	from	the	lower	value	(e.g.	median	to	high)	is	used	for	
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a	comparison	between	parameters.	The	new	denominator	represents	a	gradient	change	per	change	

in	𝜃1OA&/P	and	calculated	as,	

HI=4"54J<H(='67"(#)
(94"54*9'67"(#)

9'67"(#

                  													[Eq.	3-9]	

The	percentage	change	from	the	low	to	the	median	value	of	parameters	is	also	calculated	based	on	

Eq.	3-8.	The	difference	between	these	two	ranges	in	the	performance	index	shows	that	the	model	

sensitivity	depends	on	the	range	of	values	selected.	The	infil	and	exp	parameters	have	a	

disproportionate	impact	due	to	the	changing	the	exponent	in	the	applicable	equations,	which	can	

result	in	a	large	impact	on	runoff	and	baseflow.	

3.5	Results	

Section	3.5.1	evaluates	the	ability	of	the	VIC	model	to	simulate	streamflow	and	baseflow	

using	an	existing	model	configuration	(Troy	et	al.,	2008).	The	following	subsection	presents	the	

results	of	the	sensitivity	run	and	the	possibility	of	simulating	baseflow	correctly.	The	goal	of	this	

section	is	to	evaluate	if	the	VIC	model	can	accurately	simulate	baseflow,	and	therefore	baseflow-

related	hydrologic	signatures,	by	varying	the	calibration	parameters.	Later,	the	parameter	

sensitivity	analysis	of	the	baseflow	identifies	the	parameters	with	the	largest	and	smallest	impacts	

on	the	simulated	baseflow.	Finally,	the	impact	of	parameters	on	surface	runoff	is	evaluated	to	better	

understand	the	potential	for	VIC	to	simulate	streamflow	accurately.		

3.5.1	Initial	VIC	simulation		

VIC	simulates	the	runoff	and	baseflow	from	the	land	surface,	and	a	routing	model	is	used	to	

simulate	streamflow.	For	this	analysis,	monthly	streamflow	in	small	basins	is	analyzed	so	

streamflow	is	calculated	using	a	lumped	routing	approach.	Figure	13	evaluates	the	model’s	

simulation	of	the	seasonal	cycle,	annual	mean,	and	monthly	mean	streamflow	for	the	three	selected	

gauges	from	1980	to	2010.	
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Figure 13: Initial VIC streamflow simulation validation. The top row is the mean seasonal cycle of streamflow, 
where the black line is the observed USGS streamflow and the cyan is the VIC streamflow. The second row 
compares the annual mean streamflow between the observed (x-axis) and VIC (y-axis), with each dot representing a 
single year. The bottom row is the same as the second row but for monthly streamflow, with each dot representing a 
single month. 

Although	the	seasonal	average,	annual	mean	streamflow,	and	monthly	mean	streamflow	

tend	to	be	underestimated	in	most	years,	the	initial	VIC	result	is	reasonable	for	the	mean	

streamflow,	and	it	could	likely	be	improved	by	adjusting	model	parameters.	The	seasonal	cycle	and	

annual	mean	streamflow	for	all	gauges	have	a	correlation	coefficient	above	0.93,	and	the	monthly	

mean	streamflow	above	0.88,	indicating	a	strong	positive	correlation.	There	is	a	large	difference	

among	gauges,	and	Cannonsville	has	a	lower	bias	in	all	three	categories	among	the	three	gauges.	In	

fact,	the	mean	absolute	percentage	error	(MAPE)	for	annual	mean	streamflow	is	14%,	30%,	and	

42%	at	Cannonsville,	Pepacton,	and	Lehigh	gauges,	respectively.	The	results	reveal	the	

heterogeneity	in	the	region.	For	example,	this	initial	VIC	model	set-up	has	less	bias	at	the	

Cannonsville	gauge	compared	to	Pepacton,	despite	the	two	gauges	being	physically	close,	about	45	

km	apart.		
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Figure 14: Streamflow time series for the observed and initial VIC streamflow in the year 2000. The y-axis is plotted 
in log scale to highlight the lower flow periods. 

After	evaluating	the	average	streamflow,	Figure	14	shows	the	daily	streamflow	time	series	

for	a	randomly	selected	year.	Unlike	the	mean	streamflow	in	Figure	13,	the	daily	streamflow	shows	

that	the	peaks	are	often	overestimated	and	the	baseflow-dominated	dry	periods	are	

underestimated.	The	poorly	simulated	hydrograph	recessions	indicate	that	the	runoff	and	baseflow	

are	both	incorrect:	the	high	runoff	may	be	compensating	for	the	low	baseflow	to	achieve	the	correct	

mean	streamflow.	Therefore,	VIC	may	be	partitioning	too	much	precipitation	into	runoff	and	

underestimating	infiltration.	In	addition,	the	baseflow	generation	is	inaccurate,	possibly	due	the	
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underestimation	of	infiltration	leading	to	low	soil	moisture	or	due	to	poor	parameter	values	

controlling	the	baseflow	curve.	With	this	concern,	the	initial	VIC	setup	will	likely	be	unable	to	

simulate	some	hydrologic	signatures,	indicating	that	using	monthly	streamflow	for	calibration	is	

insufficient	for	our	study.	For	example,	the	baseflow-related	signatures,	such	as	baseflow	index	and	

7-day	minimum	flow,	show	a	poorer	fit	to	observations	compared	with	others	in	this	initial	setup.	

	
Figure 15: The average baseflow index from the Eckhardt-filtered observations (left) and from the initial VIC 
baseflow result (right) from 1981 to 2010. 

To	verify	if	VIC	simulates	the	baseflow	index	accurately,	Figure	15	maps	the	mean	baseflow	

index	(BFI)	calculated	by	the	Eckhardt	procedure	from	the	observed	flow	(left)	and	the	VIC	

baseflow	(right).	BFI	is	the	baseflow	divided	by	the	total	streamflow.	The	results	show	that	BFI	is	

typically	underestimated	in	the	initial	VIC	simulation,	especially	in	the	Upper	Delaware	River	Basin,	

whose	dams	were	the	focus	of	Chapter	2.	Besides	the	long-term	average,	the	time	series	of	annual	

BFI	is	also	consistently	underestimated,	as	well	as	the	7-day	minimum	flow.	The	baseflow	recession	

curve	has	the	most	problematic	result	in	the	initial	VIC	simulation,	and	the	hydrologic	signatures	

that	depend	on	it	cannot	be	used	in	the	current	VIC	set-up.	Therefore,	baseflow	will	be	the	focus	of	

the	following	section	and	determine	whether	it	can	be	approved	by	varying	soil	parameters.	
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3.5.2	Potential	to	improve	VIC	baseflow	simulation	through	parameter	

calibration	

Due	to	VIC’s	poor	performance	in	simulating	the	baseflow	index,	the	question	becomes	

whether	it	is	possible	to	improve	the	simulations	through	parameter	calibration	to	simulate	the	

correct	baseflow	and	total	streamflow.	A	sensitivity	analysis	is	performed	to	explore	the	possible	

results.	Furthermore,	this	allows	for	the	identification	of	the	parameters	important	to	achieve	a	

better	simulation	to	baseflow	to	better	inform	future	calibration	work.	

3.5.2.1 Baseflow performance in time series 

	
Figure 16: Seasonal cycle of the filtered observations and the VIC simulations. The black line is the Eckhardt-
filtered baseflow from observed streamflow. The blue line is the VIC ensemble average, and the multiple lavender 
lines are the individual simulations. The red line is the VIC simulation with the lowest RMSE for each site. 

Figure	16	plots	the	seasonal	cycle	from	1984	to	1989	for	all	the	VIC	runs	with	varying	

parameters	(see	Section	3.4).	Although	there	is	no	formal	calibration,	the	optimal	parameter	sets	

can	be	selected	from	the	smallest	RMSE,	indicated	by	the	red	line.	The	result	shows	that	the	top	VIC	

run	can	simulate	the	seasonal	cycle	of	baseflow	at	all	three	gauges.	Across	the	three	gauges,	

parameter	runs	at	the	Pepacton	gauge	have	a	lower	ability	to	simulate	the	spring	peak,	while	

baseflow	at	the	Lehigh	gauge	is	likely	to	achieve	better	performance	due	to	the	large	range	of	

simulated	behaviour	and	a	high	probability	of	obtaining	both	peaks	and	troughs	from	different	
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parameter	sets	(individual	runs).	The	number	of	runs	that	have	a	higher	value	compared	to	the	one	

observed	in	April	at	Pepacton	is	only	16	of	the	2187	total	runs,	while	Lehigh	and	Cannonsville	have	

743	and	411	runs,	respectively,	indicating	a	lower	probability	of	the	correct	peak	at	Pepacton.	In	

addition,	the	average	percentage	of	error	in	April	is	58%	at	the	Pepacton	gauge	and	22%	at	the	

Lehigh	gauge.	

	
Figure 17: Selected baseflow simulations for the 1989 water year; note the y-axis is in log scale. The observed is in 
black and the blue, orange, and green lines are the best-performing simulations for Cannonsville, Pepacton, and 
Lehigh grid cells, respectively. 

After	evaluating	the	ability	to	simulate	the	seasonal	average,	Figure	17	plots	the	optimal	

parameter	sets,	one	from	each	gauge	(red	lines	in	Figure	16),	that	is	then	used	to	simulate	

streamflow	for	all	three	to	detect	the	ability	to	transfer	optimal	parameter	sets	across	different	

locations.	Although	the	magnitude	is	overestimated,	two	VIC	sets	(optimal	from	Cannonsville	and	
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Pepacton	gauges,	respectively)	can	simulate	most	of	the	shape	of	baseflow.	The	VIC	set	1	

underestimates	the	magnitude	in	low	flow	periods,	such	as	the	summer	at	the	Lehigh	gauge,	and	

similar	results	are	found	during	other	years.	The	VIC	set	2	has	a	slightly	higher	baseflow	compared	

to	VIC	set	1	most	of	the	time,	and	VIC	set	3	does	not	simulate	the	peak	as	well	as	the	other	two	sets.	

This	result	shows	that	VIC	can	possibly	simulate	the	correct	baseflow	recession	as	the	recession	

decay	rate	is	reasonable,	such	that	calibration	can	adjust	the	magnitude.	Although	performance	

varies	from	site	to	site,	certain	parameter	sets,	such	as	VIC	set	1,	show	an	opportunity	for	

reasonable	baseflow	simulation	for	all	three	gauges.	The	RMSE	in	VIC	set	1	from	1984	to	1989	is	

relatively	consistent	in	all	three	gauges	with	0.49,	0.57,	and	0.58	mm/day	at	Cannonsville,	

Pepacton,	and	Lehigh,	respectively.	However,	spatial	heterogeneity	may	become	increasingly	

important	when	all	available	gauges	are	combined.	Some	parameter	sets	have	very	different	

behaviour	compared	to	observations	between	the	gauges.	For	instance,	the	VIC	set	2	has	a	higher	

possibility	of	overestimating	baseflow	in	Lehigh	than	Pepacton	gauges.	Therefore,	parameters	

should	be	varied	by	location	in	future	calibrations	due	to	the	heterogeneity	in	streamflow	response.	

In	addition,	there	is	an	intra-annual	difference	in	performance	in	different	seasons.	For	example,	

the	RMSE	of	VIC	set	1	at	Cannonsville	in	summer	(June,	July,	August)	is	0.3,	while	in	spring	is	0.6.		

3.5.2.2 Baseflow sensitivity analysis  

The	impact	of	individual	parameters	on	baseflow	can	be	quantified	through	the	local	

sensitivity	analysis	using	the	performance	indices	of	mean	and	standard	deviation.	Figure	18	shows	

the	result	of	six	parameters	(𝜃M),	and	ws	is	plotted	separately	due	to	the	design	of	the	parameter	

runs	(see	Section	3.3.1).	Each	parameter	in	Figure	18	is	run	for	three	values.	The	blue	bar	shows	the	

sensitivity	between	the	low	value	and	middle,	and	the	orange	bar	between	the	middle	and	high	

values.	The	standard	deviation	is	calculated	from	the	daily	baseflow	and	the	difference	between	the	

two	intervals	in	color	indicates	the	nonlinear	impact	of	the	parameter	on	baseflow	simulation.	
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The	exp,	infil,	and	depth2	parameters	have	a	larger	impact	on	mean	baseflow	(left	plot),	with	

an	inverse	relationship	with	increasing	parameter	values	leading	to	lower	mean	baseflow.	The	

dsmax,	depth3,	and	ds	parameters	have	a	large	influence	on	the	standard	deviation	of	daily	

baseflow.	The	increased	infil	leads	to	a	decreased	infiltration	capacity,	where	a	smaller	amount	of	

infiltration	is	available	for	vertical	drainage	and	to	become	baseflow.	Similarly,	an	increased	exp	

would	result	in	a	lower	hydraulic	conductivity	and	less	baseflow.	The	dsmax	is	the	largest	baseflow	

quantity	that	can	be	generated	from	soil	layer	3,	and	ds	is	a	fraction	of	dsmax.	Therefore,	both	are	

expected	to	have	a	positive	relationship	with	mean	baseflow,	but	the	contribution	is	small	based	on	

the	sensitivity	results.	The	parameters	in	the	baseflow	generation	equation,	dsmax,	ds,	and	depth3,	

have	a	larger	impact	on	changing	the	variability	of	the	curve	rather	than	the	average.	When	soil	

layer	2	is	thicker,	more	water	goes	to	evapotranspiration	and	results	in	a	lower	baseflow	on	

average.	On	the	other	hand,	a	thinner	layer	would	not	have	enough	moisture	stored	in	the	soil	to	

meet	the	vegetation	and	atmosphere	and	can	result	in	an	overestimated	streamflow	(Demaria	et	al.,	

2007).	

	
Figure 18: Change in baseflow mean and standard deviation per 100% increase in the parameter value. Other 
parameters are held at the median value (l is constant). The blue bar is the change between the low and median 
values of the parameters, and orange is the change between median and high values. 

Because	the	parameters	impact	interrelated	processes,	it	is	also	important	to	understand	

the	impact	of	one	parameter	on	another’s	sensitivity.	Tables	3	and	4	show	the	effects	of	other	

parameters	on	the	sensitivities	of	the	target	parameters	(𝜃M)	per	100%	increase	in	parameter	value.	
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Each	row	focuses	on	the	impact	of	adjusting	one	additional	parameter	to	its	higher	value	(l,	refer	to	

eq.	3-6),	with	the	rest	set	to	the	median.	Each	column	indicates	a	target	parameter	under	different	

second	parameters	that	set	at	high,	while	others	are	held	in	median.	The	diagonal	cells	show	the	

value,	as	in	Figure	18,	representing	the	change	in	the	performance	index	with	all	others	held	at	the	

median.	Other	cells	would	show	how	much	the	second	parameter	in	rows	could	vary	the	change	of	

the	performance	index	in	the	target	parameter	in	the	columns.	The	more	it	varies	from	the	diagonal	

value,	the	more	sensitive	it	can	be	to	other	parameters	in	baseflow	simulation.	The	comparison	

within	a	column	can	help	to	identify	the	most	influential	parameter	to	the	target	parameter	in	that	

column.	Table	4	repeats	this	analysis	for	the	standard	deviation.	

Table 3: Second parameter impact on mean daily baseflow. The values along the diagonal are the changes in mean 
baseflow between the median and high value of that parameter, with all other parameter values held to the median. 
The other values along the column indicate the change in mean baseflow both varying the original parameter 
(column) and a second parameter (row). For example, the bottom value in the first column (-0.2737) is the change 
in mean baseflow from median value to high value of infil under a high value of exp (others held to median). 

ψ	=	Mean	
baseflow	

Infil	 ds	 dsmax		 depth2	 depth3	 exp	

infil	(high)	 -0.2398	 0.0002	 0.0003	 -0.1158	 -0.0029	 -0.2748	

ds	(high)	 -0.2423	 0.0046	 0.0016	 -0.0607	 -0.0024	 -0.2287	
dsmax	
(high)	 -0.2438	 0.0011	 0.0030	 -0.0595	 -0.0022	 -0.2293	

depth2	
(high)	 -0.2652	 0.0036	 0.0030	 -0.0594	 -0.0127	 -0.2449	

depth3	
(high)	 -0.2401	 0.0044	 0.0030	 -0.0699	 -0.0022	 -0.2307	

exp	(high)	 -0.2737	 0.0022	 0.0017	 -0.0896	 -0.0086	 -0.2268	

Table 4: As in Table 3 but for the impact on standard deviation of daily baseflow. 

ψ	=	STD	
baseflow	

infil	 ds	 dsmax		 depth2	 depth3	 exp	

infil	(high)	 -0.0784	 0.0730	 0.0998	 -0.1082	 -0.1195	 -0.1198	

ds	(high)	 -0.1018	 0.1146	 0.1435	 -0.1031	 -0.1968	 -0.0693	
dsmax	
(high)	 -0.1552	 0.0948	 0.1509	 -0.1584	 -0.2116	 -0.0943	

depth2	
(high)	 -0.0918	 0.0950	 0.1270	 -0.0786	 -0.1479	 -0.0490	

depth3	
(high)	 -0.0567	 0.0913	 0.1378	 -0.0587	 -0.1678	 -0.0443	

exp	(high)	 -0.1274	 0.0948	 0.1311	 -0.0695	 -0.1509	 -0.0545	
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According	to	the	local	sensitivity	analysis	with	the	performance	index,	the	mean	and	

standard	deviation	per	100%	increase	of	the	target	parameter,	the	infil,	exp,	and	dsmax	can	largely	

vary	the	performance	of	target	parameters.	Specifically,	infil	and	exp	largely	interact	with	each	

other	and	are	the	most	influential	environmental	parameter	mutually	(see	Appendix	B).	In	addition,	

infil	also	has	a	significant	influence	on	ds	and	dsmax	for	both	simulating	the	mean	and	standard	

deviation	of	baseflow,	and	depth2	for	only	mean	baseflow.	The	exp	also	has	a	large	influence	on	

depth2	and	depth3	for	mean	baseflow.	In	addition,	dsmax	can	vary	standard	deviation	change	on	

infil,	depth2,	and	exp.	Therefore,	based	on	Figure	18	and	Tables	3	and	4,	baseflow	simulation	is	most	

sensitive	to	the	infil,	dsmax,	and	exp	parameters	in	the	study	area.			

The	three	important	parameters	of	infil,	dsmax,	and	exp	were	identified	by	the	sensitivity	

test,	which	emphasized	that	the	processes	of	infiltration,	baseflow	generation,	and	vertical	drainage	

between	soil	layers	are	all	significant	in	baseflow	simulation.	The	infil	parameter	can	vary	baseflow	

performance	and	impacts	the	performance	of	other	parameters	the	most.	This	is	because	it	

determines	the	first	hydrologic	process	of	partitioning	precipitation	into	infiltration,	thereby	

affecting	the	soil	moisture	available	in	the	soil	column.	The	smaller	the	infil,	the	more	precipitation	

is	partitioned	to	infiltration	and	affects	every	other	parameter	in	different	levels.	The	interaction	

between	infil	and	exp	is	also	highly	related	to	this	process	because	of	the	relationship	between	

infiltration	and	soil	moisture.	The	dsmax	is	the	only	sensitive	parameter	that	directly	controls	the	

baseflow	generation	equation,	which	may	indicate	that	the	baseflow	generation	curve	could	be	

simplified.	The	non-linear	curve	plays	a	more	significant	role	in	the	baseflow	generation,	and	the	

linear	part	might	not	be	that	important	to	point	out.	The	dsmax	has	a	large	impact	on	baseflow	

variability	but	not	the	average.	In	addition,	the	other	baseflow	generation	parameters	including	ds	

and	depth3	are	likely	to	have	a	variation	to	baseflow	by	themselves	but	no	big	interaction	with	

others.	The	exp	might	be	the	key	to	get	the	right	soil	moisture	states,	and	it	impacts	the	magnitude	
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of	mean	baseflow.	Figure	19	plots	the	time	series	of	baseflow	and	soil	moisture	change	with	

different	values	of	exp	in	the	second	and	third	soil	layers.	

	
Figure 19: Time series of baseflow and soil moisture content in soil layer 2 and layer 3 with different exp values in 
color. The dashed line is in soil layer 2 and the dotted line is in soil layer 3. 

A	smaller	exp	would	lead	to	more	drainage	and	result	in	lower	soil	moisture	in	layer	2	and	

higher	soil	moisture	in	layer	3,	and	more	baseflow	is	generated.	The	baseflow	curve	is	likely	to	

follow	the	soil	moisture	in	layer	3	with	a	small	lag,	indicating	the	importance	of	the	soil	

characteristics,	where	baseflow	can	be	affected	by	the	initial	conditions	at	the	start	of	the	season.	As	

the	exp	parameter	increases,	soil	moisture	in	layer	3	will	have	a	smaller	change	due	to	the	slower	

vertical	drainage,	and	it	will	release	consistently	low	baseflow,	possibly	drying	out	the	bottom	soil	

layer.	For	example,	the	exp	in	the	median	and	large	value	model	runs	merge	together	at	the	

Pepacton	gauge	beginning	in	September,	resulting	in	a	drought	period.	This	slower	vertical	

drainage	may	allow	vegetation	to	use	the	soil	moisture	in	layer	2	before	it	can	reach	layer	3.	

In	addition	to	the	six	parameters,	the	ws	parameter	has	little	effect	on	other	parameters	due	

to	the	small	variation	of	curves	with	different	ws	(see	Appendix	B).	The	impact	of	ws	on	baseflow	is	

also	fairly	small,	which	indicates	the	insensitivity	of	ws.	There	is	an	embedded	relationship	between	

ws	and	ds	which	makes	the	sensitivity	test	more	difficult.	Analytically,	the	more	ws	differs	from	ds,	
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the	flatter	the	baseflow	generated.	Therefore,	ws	need	to	be	rebuilt	for	future	runs	although	it	has	a	

small	impact	on	the	baseflow	simulation.		

3.5.2.3 Surface runoff sensitivity 

Runoff	and	baseflow	together	determine	streamflow,	and	a	similar	sensitivity	analysis	for	

runoff	is	executed	(see	Appendix	B).	The	linear	relationship	of	different	value	in	other	parameters	

reveal	that	runoff	is	insensitive	to	varying	subsurface	parameters,	except	for	depth2	which	have	a	

small	and	nearly	linear	response	in	magnitude.	Surface	runoff	is	likely	to	depend	only	on	infil	and	

exp	among	the	seven	soil	parameters,	which	again	emphasizes	the	importance	of	infil	and	exp	for	

baseflow.	The	infil	between	0.01	and	0.3	has	a	significant	change	in	surface	runoff,	where	almost	all	

the	water	infiltrates	when	the	infil	is	0.01.	In	addition	to	the	direct	partitioning	from	precipitation,	

the	drainage	process	of	the	soil	layer	is	also	important	for	surface	runoff	simulation.		

3.6	Discussion	and	conclusions	

Although	the	initial	VIC	implementation	could	not	simulate	well	the	baseflow	and	

naturalized	hydrologic	signatures,	the	sensitivity	runs	show	that	VIC	has	the	potential	to	simulate	

the	correct	baseflow.	This	indicates	that	model	calibration	can	allow	for	VIC	to	be	implemented	in	

this	basin	to	provide	naturalized	estimates	of	hydrologic	signatures,	at	least	those	dependent	on	

accurate	baseflow	simulation.	However,	the	calibration	should	not	be	done	using	monthly	mean	

streamflow	due	to	the	poor	recession	curve	and	baseflow	proportion.	Instead,	objective	functions	

should	be	used	that	prioritize	the	full	range	of	hydrologic	behaviour.	The	results	show	that	optimal	

parameters	are	not	easily	transferrable	across	stations,	and	spatial	heterogeneity	must	be	

considered	in	any	future	calibration.	

Successful	calibration	requires	understanding	the	sensitivity	of	the	model	to	various	

parameters.	This	chapter’s	local	sensitivity	analysis	identifies	the	most	important	parameters	in	

baseflow:	infil,	exp,	and	dsmax.	For	the	individual	parameter	impacts	on	mean	baseflow,	the	model	
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is	most	sensitive	to	the	exp	has	the	largest	change	in	baseflow	mean.	dsmax	has	a	significant	effect	

on	the	change	in	standard	deviation	both	individually	and	on	other	parameters.	For	the	interactions	

between	parameters,	the	infil	has	the	largest	impact	on	other	parameters	in	both	magnitude	and	

variability.	The	infil	and	exp	might	have	a	correlation	for	selecting	the	optimal	parameter	set	where	

the	smaller	infil	is	likely	to	match	a	larger	exp,	and	they	are	the	most	sensitive	additional	

parameters	on	each	other.	On	the	other	hand,	the	influence	of	depth2,	ds,	and	ws	are	relatively	

limited	to	baseflow	simulation.		

The	infil	and	exp	also	have	a	large	impact	on	simulating	surface	runoff,	which	emphasizes	

the	importance	of	both	partitioning	the	precipitation	at	the	surface	and	the	vertical	drainage	

process	through	the	soil	column.	For	calibration,	infil	and	exp	are	recommended	with	the	same	or	

higher	priority	as	the	parameters	for	the	baseflow	generation	curve.	The	hydroclimatic	parameters	

were	found	to	be	more	dominant	than	soil	characteristics	in	the	streamflow	simulation	(Demaria	et	

al.,	2007),	which	matches	our	finding	in	baseflow.	Snow	processes	are	not	studied	but	they	may	

affect	runoff	from	winter	to	spring	and	varies	the	optimal	infil	and	exp	during	different	seasons.	The	

optimal	infil	is	likely	to	change	with	climate	while	VIC	is	not	available	for	intra-annual	settings.	The	

hydroclimatic	features	might	be	associated	with	parameter	sensitivity;	for	instance,	mean	

precipitation	might	strongly	correlate	to	the	sensitivity	of	baseflow	generation	parameters	

(Sepúlveda	et	al.,	2022).	Therefore,	integrity	checks	in	different	hydroclimatic	areas	might	be	

crucial	in	a	region	with	a	large	range	of	precipitation.	The	climate	type	also	strongly	varies	the	

parameter	sensitivity,	and	Sepúlveda	et	al.	(2002)	found	that	ds,	dsmax,	ws,	and	depth3	are	more	

sensitive	to	streamflow	in	the	humid	area.	This	differing	result	might	be	due	to	the	different	metrics	

of	evaluation	and	also	the	focus	on	a	lateral	comparison	between	arid	and	wet	regions.	Similar	to	

Demaria	et	al.	(2007),	we	found	the	baseflow	generation	parameters	might	be	simplified	with	a	

nonlinear	curve	and	ws	could	be	eliminated.	
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The	optimal	parameter	set	can	vary	largely	for	different	regions,	basic	VIC	inputs,	and	

methods	of	evaluation	objective.	The	calibration	parameters	may	lose	their	identifiability	because	

different	subsets	of	them	may	produce	a	similar	result,	often	called	equifinality	in	the	literature	

(Beven	&	Freer,	2001).	Since	no	calibration	parameter	is	directly	related	to	ET,	there	might	be	a	

systematic	error.	Sensitivity	analysis	has	limitations	on	parameter	“heterogeneity”.	Parameters	can	

have	different	impacts	based	on	both	the	form	of	the	equations	they	are	associated	with	and	the	

specific	hydrologic	processes	they	control.	Parameters	may	appear	in	equations	as	exponents,	such	

as	infil	and	exp.	These	parameters	may	tend	to	have	a	more	pronounced	effect	on	the	overall	system	

response	than	others.	In	addition,	parameters	governing	critical	hydrologic	processes	have	an	

important	impact	on	the	output.	For	example,	the	infil	and	exp	are	sensitive	to	runoff.	For	future	

studies	on	parameter	sensitivity,	the	Distributed	Evaluation	of	the	Local	Sensitivity	Analysis	

method	(DELSA)	(Rakovec	et	al.,	2014)	can	help	with	a	functional	selection	with	the	respective	

multiple	functions.	Formal	sensitivity	runs	and	analyses	are	required	to	quantify	the	impact	of	

different	parameters	with	multiple	metrics.	The	RMSE	will	emphasize	high	flow	by	squaring,	and	

low	flow	may	not	be	detected	by	this	method.	A	Box-Cox	transformation	RMSE	can	help	to	

complement	the	low	flow	view	(Misirli	et	al.,	2003).	In	addition,	a	combination	of	bias	(e.g.,	absolute	

bias)	and	flashiness	(e.g.,	flow	duration	curve)	calculations	may	also	need	to	be	added	to	the	

comparison	between	sets.	ET	can	also	be	a	critical	component	of	runoff,	but	its	evaluation	can	be	

complex.		

Future	work	is	required	to	fulfill	the	original	goal	of	using	the	model-based	approach	to	

evaluate	hydrologic	alteration	in	the	Delaware	River	Basin.	Finer	intervals	are	required	to	

determine	the	parameters’	sensitivity,	and	ws	needs	to	be	tested	with	independent	values	that	are	

not	dependent	on	other	parameter	values.	After	analysis	with	DELSA	using	multiple	metrics,	a	

calibration	based	on	daily	streamflow	could	be	applied	and	the	hydrologic	signatures	can	be	

checked	on	a	monthly	scale.	This	can	take	multiple	versions	of	runs	and	a	final	validation	is	needed	
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to	show	the	ability	of	the	VIC	model	to	correctly	capture	all	select	hydrologic	signatures.	Local	

sensitivity	analysis	may	not	be	able	to	capture	all	parameter	effects	and	may	miss	the	potential	

interactions	and	dependencies	between	parameters.	In	addition,	the	non-linear	response	such	as	

the	exponent	change	of	a	parameter	may	result	in	a	disproportionate	change	and	are	not	able	to	be	

inspected	by	local	sensitivity	analysis.	This	limits	the	ranking	of	parameter	importance	and	may	

lead	to	a	misleading	result.	Therefore,	global	sensitivity	analysis,	such	as	the	method	of	Morris	

(1991),	can	also	be	useful	for	qualitative	assessment	of	parameter	influence	from	a	global	

perspective	in	combination	with	local	sensitivity	analysis.	The	method	for	quantifying	the	

downstream	impact	of	dams	can	be	duplicated	in	different	river	systems,	but	the	soil	parameter	in	

the	VIC	model	needs	to	be	reanalyzed,	and	hydrologic	signatures	from	modeled	streamflow	always	

need	to	be	validated	before	being	used.	Additionally,	the	comparison	of	the	downstream	impact	

from	Chapter	2	would	provide	isolated	dam	impact.		
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Chapter	4:	Conclusions		

The	objectives	of	this	thesis	are	to	quantify	the	downstream	effects	of	the	dam	through	

observations	and	to	explore	the	capability	of	a	hydrologic	model	to	calculate	hydrologic	signatures	

in	an	unregulated	river.	The	research	found	the	following	results	to	answer	the	posed	research	

questions.	First,	the	study	found	that	downstream	propagation	of	dam	impacts	can	be	quantified	

using	observations.	Second,	the	study	found	that	the	NYC	reservoirs	significantly	affect	hydrologic	

signatures	immediately	downstream	of	the	dams,	and	the	length	scale	for	hydrologic	signatures	to	

return	to	their	natural	state	in	the	Delaware	River	Basin	is	approximately	35	km.	Finally,	the	study	

examined	the	ability	of	the	VIC	model	to	simulate	hydrologic	signatures	and	provide	estimates	of	

the	naturalized	hydrologic	regime.	The	study	found	that	the	performance	of	the	VIC	model	can	be	

improved	through	parameter	calibration	and	identification	of	important	parameters,	where	certain	

combinations	of	parameters	have	the	ability	to	correctly	simulate	streamflow	and	baseflow	

characteristics,	and	infil,	dsmax,	exp,	are	more	sensitive	among	the	parameters	studied.	

Overall,	this	research	contributes	to	the	understanding	of	the	downstream	propagation	of	

dam	impacts	on	the	flow	response	along	a	river.	The	results	can	inform	dam	operation	and	

management	and	provide	a	basis	for	further	research	on	this	topic.	This	study	provides	a	simple	

method	that	can	be	replicated	in	other	basins	with	sufficient	streamflow	gauges	by	demonstrating	

that	downstream	effects	can	be	quantified	using	only	observations.	In	addition,	this	research	

contributes	to	our	understanding	of	how	the	VIC	model	performs	in	simulating	streamflow,	

especially	baseflow,	and	how	calibration	parameters	affect	the	process	and	how	sensitive	they	are	

to	each	other.	This	can	be	a	guide	for	future	calibration	methods	to	effectively	modify	the	

simulation	by	varying	soil	parameters.	

The	limitation	of	using	hydrologic	signatures	will	include	the	potential	loss	of	information	

due	to	the	difficulty	of	proving	the	sufficiency	of	capturing	all	hydrologic	characteristics	(Fenicia	et	
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al.,	2018).	Although	“informative”	statistics	have	been	used	to	mitigate	the	missing	of	strict	

guidelines	(Kavetski	et	al.,	2018),	the	subjective	signature	selection	might	lead	to	different	results.	

For	example,	with	the	same	objective	of	constraining	the	rate	of	change,	Addor	et	al.	(2018)	suggest	

the	use	of	the	FDC	slope,	while	the	FDC	and	rising	limb	density	were	recommended	by	Euser	et	al.	

(2013).	The	choice	of	thresholds	can	also	contribute	to	variability	in	results	from	a	subjective	

perspective,	such	as	the	rising	limb	calculation;	different	time	steps	used	for	FDC;	and	variations	in	

BFI	calculation	equations.	In	addition,	the	naturalized	hydrologic	signatures	assume	that	the	

hydrologic	system	is	in	steady	state	equilibrium,	which	may	not	be	true	where	climate	change	is	

significant.	Melsen	and	Guse	(2021)	have	a	study	across	the	continental	U.S.	using	Distributed	

Evaluation	of	Local	Sensitivity	Analysis	and	highlight	the	importance	of	climate	change	in	

parameter	sensitivity	in	long-term	projections	of	mean	streamflow	and	annual	half	flow	time.	

Therefore,	the	climate	parameters	may	also	be	considered	in	the	future	VIC	model	analysis.	

Uncertainties	of	hydrologic	signatures	may	also	be	crucial	and	point	to	the	importance	of	high-

quality	streamflow	and	precipitation	data,	but	this	uncertainty	was	not	included	in	this	thesis.	The	

quick	response	of	a	catchment	might	not	be	captured	by	gauges	in	a	short	time,	affecting	the	

variability	result,	while	lower	uncertainty	can	be	found	with	signatures	using	averages	in	spatial	or	

time	(Westerberg	&	McMillan,	2015).	As	a	result,	the	headwater	of	Neversink	in	Chapter	2	would	

have	a	different	performance	in	specific	signatures	compared	with	others	because	of	the	different	

hydrological	dynamics.	Therefore,	the	hydrologic	signatures	are	difficult	to	compare	in	a	consistent	

manner	and	need	to	be	re-evaluated	if	being	used	in	another	basin.	

In	addition	to	the	inherent	concern	with	the	hydrologic	signatures,	the	identification	of	

human	intervention	from	the	observational	method	in	Chapter	2	may	be	limited	where	climate	

change	impacts	cannot	be	excluded.	The	requirement	for	pre-dam	data	may	also	be	limited	in	some	

basins	due	to	lack	of	observations	and	may	cause	difficulties	in	generalizability	for	comparing	

results	to	other	basins.	Geographic	differences	and	the	timing	of	dam	construction	could	also	affect	
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the	use	of	the	observational	method,	where	climate	may	have	a	greater	contribution	to	recent	dam	

construction.	In	addition,	dense	gauging	along	the	river	and	headwater	stations	are	needed	to	use	

the	same	approach	here	to	study	other	basins.	For	future	work	based	on	Chapter	2,	the	impact	of	

the	dam	on	river	ecosystems	could	be	evaluated	by	combining	the	result	of	flow	alteration	and	

ecological	scales	such	as	flow-dependent	biodiversity.	Stream	temperature	may	also	be	another	

interesting	avenue	to	pursue	for	thermal	disturbance	and	its	downstream	propagation.	

The	main	limitation	of	Chapter	3	would	be	the	model	run	time	for	the	sensitivity	analysis	

and	daily	streamflow	calibration.	Some	of	the	hydrologic	signatures	could	be	difficult	to	interpolate	

when	associated	with	the	hydrologic	process,	such	as	BFI	in	the	VIC	model.	Future	work	for	Chapter	

3	would	include	further	investigation	of	the	performance	of	the	VIC	model	through	sensitivity	

analysis:	a	new	ws	parameter	format	for	execution	and	a	formal	distributed	evaluation	of	local	

sensitivity	analysis.	In	addition,	the	model	simulation	should	be	evaluated	with	more	than	one	

objective	or	error	function	to	obtain	a	comprehensive	result	in	both	peak	and	low	flow,	such	as	a	

combination	of	RMSE	and	Absolute	Error	with	daily	streamflow.	Calibration	and	validation	are	also	

recommended	on	a	daily	scale.	VIC	should	be	validated	for	both	streamflow	and	hydrologic	

signatures	for	the	minimally	impacted	watersheds	within	the	larger	river	basin	so	that	the	

hydrologic	signatures	derived	from	the	model	can	be	expected	as	a	proxy	for	the	unregulated	state	

of	naturalized	streamflow	to	further	compare	the	hydrologic	signatures	tracing	from	headwater	to	

Trenton,	New	Jersey	combined	with	Chapter	2.	The	result	of	the	model	approach	is	expected	to	

overcome	the	lack	of	data	available	in	the	pre-dam	period	and	isolate	the	dam	effect	from	climate	

variability	and	change.	In	addition,	an	open	research	topic	of	climate	change	on	hydrologic	

alteration	can	be	quantified	by	comparing	the	pre-dam	period	with	the	modeled	result	and	can	be	

coupled	with	the	dam	effect.		
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This	approach	is	also	expected	to	be	transferable	to	other	watersheds,	improving	dam	

operations,	water	management	strategies,	and	environmental	evaluation.	The	downstream	

propagation	study	can	inform	decisions	about	water	releases	and	how	downstream	would	respond.	

It	helps	to	optimize	the	management	of	water	resources	in	different	areas.	The	vulnerable	areas	can	

be	protected	by	increasing	water	release	in	the	dry	season,	and	the	protection	of	tributaries	could	

also	be	critical	where	it	can	mitigate	the	dam	impact	on	the	main	stem.	Monitoring	of	hydrological	

signatures	can	assess	the	impact	of	flow	regimes	and	potential	impacts	on	downstream	habitats.	

The	regional	scale	is	recommended	for	this	method	because	of	the	complexity	and	variability	in	

large	areas,	like	the	Mississippi	River	basin,	and	the	uniqueness	of	dam	operations	and	

management.	Applying	this	work	to	a	new	watershed	requires	addressing	several	issues,	such	as	

the	adequacy	of	available	streamflow	data.	The	pre-dam	and	post-dam	periods	must	be	separated	

so	that	human	intervention	is	not	confounded	with	climate	change.	Thus,	the	observation-only	

method	is	not	appropriate	for	recently	constructed	dams.	Careful	calibration	and	validation	of	

hydrologic	models	is	essential	for	the	model-based	method,	and	sensitivity	analysis	is	required	for	

the	target	basin	to	understand	how	parameters	affect	streamflow	and	hydrologic	signatures.		

Hydrologic	signatures	vary	from	basin	to	basin,	and	selection	should	be	based	on	a	study’s	

objective,	considering	historical	streamflow	and	hydroclimate.	The	specific	hydroclimatic	

conditions	associated	with	the	basin,	such	as	aridity	or	snow-dominated	characteristics,	must	be	

considered	prior	to	calibration	and	validation.	For	example,	snow	parameters	may	be	included	in	

the	sensitivity	analysis.	The	potential	impact	of	climate	change	on	hydrologic	processes	is	

important	and	may	affect	the	impact	of	dams,	especially	in	a	snow-dominated	basin.	Earlier	

snowmelt	and	reduced	snowpack	can	greatly	alter	hydrologic	signatures	where	snowmelt	runoff	is	

a	large	component	of	streamflow.	This	may	also	challenge	dam	operations	to	adapt	to	climate-

induced	changes	and	prepare	for	these	uncertainties.	The	consideration	of	climate	change	increases	

the	transferability	of	this	research.	The	hydrologic	response	to	dam	impacts	with	potential	impacts	
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of	climate	change	provide	a	more	robust	review	to	help	examine	the	complexity	of	hydrologic	

behavior	across	basins,	such	as	the	snow-dominant	basin.	 	
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Appendix	A	–	Supplementary	Figures	for	Chapter	2	

	

	
Figure A 1: Relationship of all hydraulic signatures and drainage area. NYC reservoirs are colored dot and tracing 
downstream in line. 
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Figure A 2: Tracing passed Pepacton in four seasons. 
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Figure A 3: The cumulative percent of flow in the day of year with 25%-75% quartile for the upstream and 
downstream local gauge at NYC reservoirs. 
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Appendix	B	–	Supplementary	Figures	for	Chapter	3	

	

	
Figure B 1: Baseflow changes in time series that varied individual parameters with a median value fixed to others. 
Notice ws is 𝑤𝑠"#$ in the varied VIC parameter input. 
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Figure B 2: Sensitivity for variable parameters in VIC baseflow. The target parameter (𝜃K) is identified by its color, 
and the rows and columns are varied by another model parameter (l). The x-axis is the baseflow with the median 
value of the target parameter and the y-axis is the baseflow with the largest value. The model parameter is the only 
difference across columns for the x-axis and the rest of the parameters are held in the median. Note that the y-axis 
scale is not the same throughout the rows. 
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Figure B 3: ws sensitivity to other parameters (similar to Figure B 2). Each value of ws is in color and the y-axis 
and x-axis are baseflow with high and median values of the target parameter in the title. 
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Figure B 4: Sensitivity test of runoff as baseflow in Figure B 2. 
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Figure B 5: The top 20 performing parameters set for four seasons. 
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Figure B 6: VIC simulation of surface runoff with different parameter sets is in brown line. The average monthly 
runoff calculated from the filtered method is in the dotted line. 

	
	
	


