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Expanded	example:	The	PALS	Land	sUrface	Model	
Benchmarking	Evalua<on	pRoject	(PLUMBER)	

•  20	Flux	tower	sites;	latent	and	sensible	heat,		
•  4	metrics:	bias,	correla<on,	SD,	normalised	mean	error	
•  9	LSMs,	15	LSM	versions	
•  Benchmarks:	two	‘physical’	–	PM	and	Manabe	bucket;	3	empirical	

Best et al, 2015 



The	three	empirical	benchmarks	in	PLUMBER	

•  All	3	empirical	models	relate	met	forcing	and	a	flux		

•  Trained	with	data	from	sites	other	than	the	tes<ng	site	(i.e.	out	of	sample)	

•  They	are	each	created	for	LE,	H:	
o  “1lin”:	linear	regression	of	flux	against	downward	shortwave	(SW)	

o  “2lin”:	as	above	but	against	SW	and	surface	air	temperature	(T)	

o  “3km27”:	non-linear	regression	–	27-node	k-means	clustering	+	linear	
regression	against	SW,	T	and	rela<ve	humidity	at	each	node	

•  All	are	instantaneous	responses	to	met	variables	with	no	knowledge	of	
vegeta<on	type,	soil	type,	soil	moisture	or	temperature,	C	pools.		



PLUMBER	results	

Ver<cal	axis	is	the	rank	of	each	LSM	(black)	against	the	5	benchmarks,	averaged	over:	
•  20	Flux	tower	sites	–	9	IGBP	vegeta<on	types;	
•  4	metrics:	bias,	correla<on,	SD,	normalised	mean	error	

•  On	average,	LSMs	outperform	Penman-Monteith	and	Manabe	bucket	implementa<ons	
•  On	average,	LSMs	sensible	heat	predic<on	is	worse	than	an	out-of-sample	linear	

regression	against	downward	SW	radia<on	
•  For	all	fluxes,	models	are	comfortably	beaten	by	out-of-sample	regression	against	

Swdown,	Tair	and	RelHum	

Best et al, 2015, J Hydromet. 





•  Lack	of	flux	tower	energy	conserva<on	advantaging	empirical	models?	

•  Time	scale	–	daily,	monthly,	seasonal		rather	than	per	<me	step	
performance?	

•  Time	of	day	–	diurnal	biases	in	flux	tower	favouring	empirical	models?	

•  Poor	LSM	ini<alisa<on?	

•  Are	ranks	not	representa<ve	of	metric	values?	

•  Biased	by	metric	choice?	

•  Biased	by	site	choice?	

PLUMBER	results	–	methodology?	



PLUMBER	results	–	why?	Not	energy	conserva<on.	

•  Constrain	each	empirical	model	to	have	the	same	sum	of	(latent	+	
sensible)	heat	flux	as	the	LSM	at	every	<me	step	

–  Each	empirical	model	then	effec<vely	has	the	same	Rnet	and	ground	heat	flux	as	the	
LSM	it’s	being	compared	to	–	and	conserves	energy.	

•  Results	are	mixed	but	the	regression	against	SWdown,	Tair	and	RelHum	
s<ll	comes	out	on	top,	especially	for	sensible	heat	flux.	

Haughton et al, 2016 



PLUMBER	results	–	shared	model	issues?	

Haughton et al, 2016 



PLUMBER	results	–	shared	model	issues?	

Qh error, binned by 
(RelHum, SWdown,)  

LSMs 



PLUMBER	results	–	shared	model	issues?	

Qh error, 
binned by 
(Swdown, Tair)  

LSMs 



Can	we	build	a	bemer	empirical	model?	



Martyn	Clark:	
PLUMBER	models	within	a	Budyko	framework	

•  The	Budyko	framework	examines	how	the	dryness	index	(PET/P)	affects	the	
evapora<ve	frac<on	(ET/P).	

•  The	sta<s<cal	models	tend	to	be	lower	than	the	Budyko	curve	for	the	wemer	sites	
and	higher	than	the	Buyko	curves	for	the	drier	sites.	

•  At	drier	sites	the	sta<s<cal	models	can	have	ET	greater	than	P	(i.e.,	an	evapora<ve	
frac<on	greater	than	1).	



•  Approach	
–  RMSE	across	the	20	fluxnet	sites	

–  Impact	of	the	small	sample	size	
is	characterized	by	resampling	
the	sites	(with	replacement)	
1000	<mes	

•  Results	
–  Most	of	the	land	models	

actually	outperform	the	
sta<s<cal	models.		

–  The	Budyko	curve	provides	
bemer	predic<ons	than	most	of	
the	land	models,	sugges<ng	
that	the	land	models	are	
incapable	of	predic<ng	
departures	from	the	Budyko	
curve.	

•  The	conclusions	of	PLUMBER	s<ll	
hold,	with	a	simple	model	
(Budyko)	outperforming	most	
land	models.		

Martyn	Clark:	
PLUMBER	models	within	a	Budyko	framework	



Dry-down	events	at	PLUMBER	sites	(Anna	Ukkola)	

Ukkola et al, 
in press, 
ERL 



Evapora<ve	drought	at	PLUMBER	sites	

Ukkola et al, 
in press, 
ERL 
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Ongoing	work	around	PLUMBER	

•  Ned	Haughton	(UNSW	Sydney,	+	Gab)	–	how	good	can	empirical	models	be?		
–  Con<nuing	to	look	for	an	uber-model	using	all	met	variables,	flux	history,	markov	chain	

approach	etc	
–  Build	in	conserva<on?	

•  Martyn	Clark	(UCAR)	–	inves<ga<ng	PLUMBER	with	SUMMA	modelling	
architecture	

•  Mar<n	Best	has	men<oned	wan<ng	to	use	PLUMBER	data	for	some	kind	of	
frequency	domain	analysis	



PLUMBER	results	–	<mescale?		

Haughton et al, 2016 



PLUMBER	results	–	<me	of	day?		

Haughton et al, 2016 



PLUMBER	results	–	ini<alisa<on?"

Haughton et al, 2016 



PLUMBER	results	–	ranks	vs	metric	values?"

Haughton et al, J Hydromet, in review 



PLUMBER	results	–	metric?	

Haughton et al, 2016 



PLUMBER	results	–	sites?	

Haughton et al, J Hydromet, in review 


