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Machine	learning	algorithms	for	weather	prediction

Photo	by	Karsten	Würth	on	UnsplashPhysicists	define	climate	as	a	“complex	system”.	While	there	are	a	lot	of	interpretations	about	it,	in	this	specific	case	we	can	consider	“complex”	to	be	“unsolvable	in	analytical	ways”.This	may	seems	discouraging,	but	it	actually	paves	the	way	to	a	wide	range	of	numerical	algorithms	that	aim	to	solve	the	climate
challenges.	With	the	computational	developments	of	the	last	years,	Machine	Learning	algorithms	are	certainly	part	of	them.The	challenge	I	want	to	discuss	is	based	on	forecasting	the	average	temperature	using	traditional	machine	learning	algorithms:	Auto	Regressive	Integrated	Moving	Average	models	(ARIMA).While	this	post	doesn’t	want	to	be
detailed	in	terms	of	the	theoretical	background,	it	does	want	to	be	a	step-by-step	guide	on	how	to	use	these	models	in	Python	and	apply	it	to	real	world	data.So	let’s	start	by	describing	the	Python	framework.0.	The	LibrariesThe	libraries	that	have	been	used	are	the	most	famous	ones	for	data	analysis,	plot	and	mathematical	operations	(pandas,
matplotlib,	numpy).	Then	there	are	some	of	them	for	advanced	data	visualization	(like	folium)	and	some	of	them	are	specific	libraries	for	ARIMA	models	(like	statsmodels).	Here	is	the	code	for	the	import:1.	The	Dataset/Dataset	ExplorationThe	Dataset	is	open	source	and	can	be	found	here.If	you	want	to	know	the	cities	in	your	dataset,	select	them	by
using	this	line	of	pandas:If	we	want	to	plot	these	cities	in	a	world	map,	we	need	to	slightly	change	the	latitude	and	longitude.	In	order	to	do	that,	let’s	use	these	few	lines	of	code:And	display	the	cities:2.	Preprocessing,	Advanced	Visualization,	StationarityI’ve	chosen	to	isolate	Chicago	and	consider	the	data	of	that	city	to	be	my	dataset.	There	are	no
special	reasons	to	do	that…	I	just	like	Chicago	:)	.	Of	course	you	can	use	your	own	city	and	follow	the	next	steps	with	your	own	dataset.The	target	is	the	AverageTemperature	column,	that	is	the	Average	Temperature	for	that	specific	month.	We	have	data	from	1743	to	2013.With	this	line	we	identify	the	NaN	values	and	display	them	with	a	pie	chart:As
they	are	not	a	consistent	part	of	the	dataset,	I’ve	decided	to	fill	the	missing	values	with	the	previous	ones.	I	did	the	same	for	the	Average	Temperature	Uncertainty.The	‘dt’	column	is	the	one	that	identifies	the	year	and	the	month.	For	the	next	operations,	it	is	handier	to	convert	this	column	into	a	datetime	object	and	to	explicitly	identify	the	year	and
the	month	in	two	different	columns.	We	can	do	that	by	using	the	following	lines:Using	this	dataset	it	is	possible	to	obtain	a	scatter	plot	like	this	one:But	it	is	not	easy	to	read,	so	we	should	do	something	better.Now	let’s	describe	three	super-basic	functions	I	created:get_timeseries(start_year,end_year)	extract	the	portion	of	the	dataset	between	the	two
yearsplot_timeseries(start_year,end_year)	plots	the	timeseries	extracted	in	get_timeseries	in	a	readable	wayplot_from_data(data,	time,	display_options)	plots	the	data	(AverageTemperature)	wrt	the	time	(dt)	in	a	readable	way.	The	display	options	permit	to	display	the	ticks,	change	the	colors,	set	the	label	…When	it	is	done,	we	can	make	plots	like	this
one:When	we	use	ARIMA	models,	we	should	be	considering	stationary	time	series.	In	order	to	check	if	the	timeseries	we	are	considering	is	stationary,	we	can	check	the	correlation	and	autocorrelation	plots:It	is	suggesting	us	that	the	timeseries	is	not	stationary.	Nonetheless,	if	we	perform	the	AD	Fuller	Test	on	the	entire	dataset	it	tells	us	that	the
dataset	is	stationary.But	it	is	true	just	because	we	are	looking	at	the	entire	dataset.	In	fact,	if	we	analyze	a	single	decade,	it	is	clear	that	the	dataset	is	absolutely	not	stationary	for	the	decade	period	of	time.In	order	to	take	account	of	this	non-stationarity,	a	differentiation	term	will	be	considered	in	the	ARIMA	models.3.	Machine	Learning
AlgorithmsLet’s	consider	the	1992–2013	decade	and	plot	it:Performing	the	train/test	split:Plotting	the	split:The	Machine	Learning	algorithms	are	the	ARIMA	models.	These	are	based	on	an	optimization	procedure	that	adopts	the	Maximum	Likelihood	function.The	zero-differentiated	ARIMA	models	are	considered	and	evaluated	using	the	AIC.While	the
first-differentiated	models	are	considered	by	using	these	lines:The	total	summary	is	highlighted	with	this	function	and	it	shows	that	the	(2,1,5)	model	and	the	(2,1,6)	model	are	the	best	ones.As	it	is	possible	to	see	the	statistical	summary	values	are	almost	identicalAnd	the	same	thing	happens	between	the	statistical	plots	:Nonetheless,	it	is	preferable	to
use	low	index	models	both	to	avoid	overfitting	and	reduce	the	computational	stress	on	your	computer.	For	this	reason,	the	(2,	1,	5)	model	has	been	considered.4.	ForecastingLet’s	plot	the	results	of	the	forecasting	operation:And	now	let’s	consider	the	specific	predicted	zone	with	the	correspondent	Uncertainty	(the	one	given	by	the	dataset)	and	the
confidence	interval	(given	by	the	algorithm):Finally,	let’s	consider	a	more	readable	version	of	the	plot:5.	ConclusionsThese	methods	are	extremely	easy	to	adopt	as	they	don’t	require	any	specific	computational	power	like	Deep	Learning	methods	(RNN,	CNN	…	).Nonetheless,	predictions	perfectly	fit	in	the	error	range	designed	by	the	dataset	itself.	It	is
important	to	consider	that	we	only	have	examined	monthly	average	values	while	it	may	be	interesting	to	consider	daily	values	too	and	have	daily	predictions.If	you	liked	the	article	and	you	want	to	know	more	about	Machine	Learning,	or	you	just	want	to	ask	me	something	you	can:A.	Follow	me	on	Linkedin,	where	I	publish	all	my	stories	B.	Subscribe	to
my	newsletter.	It	will	keep	you	updated	about	new	stories	and	give	you	the	chance	to	text	me	to	receive	all	the	corrections	or	doubts	you	may	have.C.	Become	a	referred	member,	so	you	won’t	have	any	“maximum	number	of	stories	for	the	month”	and	you	can	read	whatever	I	(and	thousands	of	other	Machine	Learning	and	Data	Science	top	writer)
write	about	the	newest	technology	available.Ciao!	:)	According	to	a	2009	study,	U.S.	adults	look	at	weather	forecasts	nearly	300	billion	times	a	year.	Reliable	forecasts	can	predict	hazardous	weather―such	as	blizzards,	hurricanes,	and	flash	floods―as	early	as	9–10	days	before	the	event.	Estimates	value	these	forecasts	at	$31.5	billion	per	year.
Although	weather	prediction	keeps	improving	year	to	year	for	shorter-term	forecasts,	forecast	skill	decreases	in	the	2-week	to	2-month	time	frame.	These	longer-timescale	forecasts	can	play	a	critical	role	for	many	sectors,	including	water	conservation,	energy	demand,	and	disaster	preparedness.	In	a	new	study,	Weyn	et	al.	set	out	to	improve	this
subseasonal	to	seasonal	forecasting,	as	it	is	known,	using	a	novel	approach	to	weather	prediction.	Using	a	convolutional	neural	network,	the	authors	developed	a	machine	learning	weather	prediction	system	called	Deep	Learning	Weather	Prediction	(DLWP).	The	model	is	trained	on	past	weather	data,	which	differs	from	standard	numerical	weather
prediction	models	that	create	mathematical	representations	of	physical	laws.	DLWP	projects	2–6	weeks	into	the	future	for	the	entire	globe.	The	authors	compared	the	DLWP	model	to	current	state-of-the-art	numerical	weather	models.	The	evaluation	showed	that	the	standard	numerical	forecasts	perform	better	for	short	lead	times,	for	instance,	2–3
weeks	out.	However,	the	DLWP	model	compared	well	when	projecting	4–6	weeks	down	the	line.	Although	the	DLWP	model	does	not	yet	rival	existing	models―and	cannot	currently	forecast	precipitation―the	machine	learning	approach	shows	promise,	the	authors	say.	For	one,	the	model	is	computationally	more	efficient	than	other	approaches.	The
DLWP	model	requires	only	3	seconds	to	compute	an	ensemble	forecast	consisting	of	320	independent	model	runs.	In	addition,	the	model	accurately	provided	a	4.5-day	reforecast	for	Hurricane	Irma	using	total	column	water	vapor	and	without	precipitation.	The	category	5	hurricane	ravaged	the	northern	Caribbean	and	the	Florida	Keys	in	2017.	The
researchers	say	their	study	represents	a	significant	step	forward	in	the	use	of	machine	learning	for	weather	and	climate	modeling.	The	authors	observed	that	it	was	remarkable	in	its	ability	to	learn	physics-based	phenomena.	They	also	noted	that	the	model	could	supplement	forecasts	in	the	tropics	and	in	the	spring	and	summer	months,	where	most
weather	prediction	models	currently	struggle.	(Journal	of	Advances	in	Modeling	Earth	Systems	(JAMES),	2021)	—Aaron	Sidder,	Science	Writer	Citation:	Sidder,	A.	(2022),	The	AI	forecaster:	Machine	learning	takes	on	weather	prediction,	Eos,	103,	.	Published	on	6	January	2022.	Text	©	2022.	AGU.	CC	BY-NC-ND	3.0Except	where	otherwise	noted,
images	are	subject	to	copyright.	Any	reuse	without	express	permission	from	the	copyright	owner	is	prohibited.	Skip	to	Main	Content	The	history	of	numerical	weather	prediction	(NWP)	and	that	of	machine	learning	(ML)	or	artificial	intelligence	(for	the	purposes	of	this	paper,	the	two	terms	can	be	used	interchangeably)	differ	substantially.	First,
manual	NWP	was	attempted	by	Lewis	Fry	Richardson	in	Britain	in	1922,	and	early	computer-aided	weather	forecasts	were	produced	in	1950	[1].	These	were	soon	followed	by	operational	weather	forecasts	in	Sweden,	the	USA	and	Japan.	While	there	has	been	steady	progress	in	the	development	of	NWP	(cf.	[2]),	the	history	of	ML	(cf.	[3])	has	been
more	disruptive:	the	first	neural	network	(NN)	was	proposed	in	1943	by	McCulloch	&	Pitts	[4].	The	field	expanded	until	the	early	1960s,	when	the	existing	algorithms	proved	inefficient	and	unstable.	The	invention	of	backpropagation	in	1970	[5,6]	led	to	a	second	wave	of	ML	applications	as	it	became	possible	to	build	more	extensive	NNs	and	train
them	to	recognize	nonlinear	relationships	in	data	(e.g.	[7]).	Even	though	the	development	of	ML	algorithms	continued,	the	enthusiasm	about	them	soon	dwindled	again,	because	they	rarely	showed	significant	performance	gain,	and	computing	resources	were	not	sufficient	to	solve	larger	problems.	Furthermore,	big	amounts	of	labelled	data	which	are
mandatory	for	most	data-driven	ML	approaches	were	hard	to	come	by	(note	that	this	was	before	the	advent	of	the	world	wide	web).	Three	significant	developments	around	2010	started	the	third	wave	of	artificial	intelligence,	which	continues	to	the	present:	computing	capabilities	were	vastly	expanded	due	to	massive	parallel	processing	in	graphical
processing	units	(GPUs),	convolutional	neural	networks	(CNN)	allowed	much	more	efficient	analysis	of	massive	(image)	datasets,	and	large	benchmark	datasets	were	made	available	on	the	internet.	Highly	complex	NNs	with	greater	than	106	parameters	enabled	a	breakthrough	in	image	recognition	[8],	soon	followed	by	remarkable	success	stories	in
speech	recognition	[9],	gaming	[10,11],	and	video	analysis	and	prediction	[12,13].	Today’s	NNs	are	often	deep	networks	with	greater	than	10	layers,	and	the	research	field	which	develops	such	NNs	and	the	associated	methods	for	training	and	validation	is	called	deep	learning	(DL).The	weather	and	climate	research	community	is	increasingly	aware	of
modern	DL	technologies	and	tries	to	adopt	them	to	solve	specific	data	analysis,	numerical	modelling	and	post-processing	problems	in	the	context	of	NWP.	Nevertheless,	as	the	workshop	on	‘Machine	learning	in	weather	and	climate’	(Oxford,	September	2019)	has	also	shown,	there	are	still	reservations	about	DL	in	this	community.	Two	core	arguments
in	this	regard	are	the	lack	of	explainability	of	deep	NNs	and	the	lack	of	physical	constraints.	Furthermore,	some	scepticism	prevails	due	to	the	fact	that	researchers	have	experimented	with	rather	simple	NNs	which	were	clearly	unsuited	to	capture	the	complexity	of	meteorological	data	and	feedback	processes,	but	then	extrapolate	these	results	to
discredit	any	NN	application	including	the	much	more	powerful	DL	systems.	In	their	review	of	‘Deep	learning	and	process	understanding	for	data-driven	Earth	system	science’,	Reichstein	et	al.	[14]	argue	that	traditional	ML	approaches	might	not	be	optimally	suited	to	address	the	specific	data	challenges	posed	by	Earth	system	data.	They	suggest	that
‘deep	learning	methods	are	needed	to	cope	with	complex	statistics,	multiple	outputs,	different	noise	sources	and	high-dimensional	spaces	[of	Earth	system	data].	New	network	topologies	that	not	only	exploit	local	neighbourhood	(even	at	different	scales)	but	also	long-range	relationships	(for	example,	for	teleconnections)	are	urgently	needed,	but	the
exact	cause-and-effect	relations	between	variables	are	not	clear	in	advance	and	need	to	be	discovered.’	As	modern	DL	methods	begin	to	deliver	such	concepts,	we	take	this	opportunity	to	expand	on	the	analysis	of	[14]	and	explore	the	applicability	of	such	methods	to	the	NWP	workflow	(figure	1,	left	column).	Figure	1.	Idealized	workflows	of	current
numerical	weather	prediction	(left),	next-generation	weather	prediction	with	individual	components	substituted	or	augmented	by	ML	and	DL	techniques	(centre),	and	a	purely	data-driven	DL	weather	forecasting	system	(right).	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointWhile	considerable	work	is	undertaken	to
substitute	specific	parts	of	the	NWP	workflow	with	DL	approaches	(figure	1,	central	column),	in	this	paper,	we	take	a	bold	step	forward	and	address	the	question	of	whether	it	is	possible	to	replace	all	core	parts	of	the	NWP	workflow	with	one	deep	NN,	which	would	take	observations	as	input	and	generate	end-user	forecast	products	directly	from	the
data	(figure	1,	right	column).	Such	approaches	have	been	investigated	for	the	specific	application	of	wind	speed	and	power	predictions	(cf.	[15]),	and	there	is	at	least	one	study,	which	successfully	developed	an	end-to-end	workflow	to	forecast	multiple	weather	variables	from	the	data	of	the	US	weather	balloon	network	[16].	However,	most	of	these
studies	were	restricted	to	short-term	forecasts	and	a	few	individual	target	sites,	and	none	has	yet	attempted	to	explore	the	wealth	of	combined	meteorological	observations	from	the	plethora	of	instruments	and	sensors,	which	is	routinely	used	in	operational	weather	forecasts.The	goal	of	this	paper	is	therefore	to	review	the	NWP	workflow	from	a	DL
perspective	and	analyse	the	specific	requirements	and	conditions	of	weather	forecasting	in	light	of	current	DL	theory	and	practices.	It	is	structured	as	follows:	§2	gives	a	brief	overview	about	the	major	developments	and	state	of	the	art	of	NWP	including	aspects	of	data	assimilation	(DA)	and	model	output	processing.	It	is	followed	by	§3	which	surveys
the	literature	on	fundamental	ML	and	DL	developments	and	their	application	to	weather	and	climate	research.	Section	4	discusses	several	fundamental	aspects	of	meteorological	data	and	other	requirements	of	weather	forecasts	and	points	to	corresponding	solutions	in	DL	research	where	these	exist.	Section	5	reflects	on	two	aspects	which	are
relevant	for	both	weather	forecasting	and	DL,	but	where	we	find	different	best	practices	in	both	domains.	These	aspects	are	data	preparation	and	model	evaluation.	In	§6,	we	reflect	on	the	issues	of	physical	constraints	and	system-wide	forecast	consistency	in	a	DL	framework.	Section	7	discusses	the	state	of	the	art	with	respect	to	estimating	forecast
uncertainties.	Finally,	§8	presents	conclusions.	We	hope	that	this	article	will	lead	to	a	better	understanding	between	‘machine	learners’	and	‘weather	researchers’	and	thus	contribute	to	a	more	effective	development	of	DL	solutions	in	the	field	of	weather	and	climate.Modern	weather	prediction	relies	extensively	on	massive	numerical	simulation
systems	which	are	routinely	operated	by	national	weather	agencies	all	over	the	world.	The	associated	process	chain	to	generate	these	numerical	weather	forecasts	can	be	divided	into	several	steps	which	interact	closely	with	each	other	(figure	1,	left	column).In	order	to	retrieve	the	initial	state	of	the	Earth	system	(atmosphere,	soil	and	ocean),	a	great
variety	of	meteorological	observations	are	collected	all	over	the	world.	In	addition	to	classical	weather	and	radiosondes	stations,	aircraft	measurements	and	remote	sensing	products	(such	as	radar	and	satellite	observations)	have	become	an	integral	part	of	the	global	observation	network	(e.g.	[17]).	Although	millions	of	different	direct	and	indirect
measurements	are	obtained	every	day,	these	observations	are	still	not	sufficient	to	describe	the	complete	state	of	the	atmosphere	and	other	Earth	system	components	with	which	the	atmosphere	exchanges	energy	or	mass.At	this	point,	DA	comes	into	play.	The	central	task	of	DA	is	to	fill	the	gap	between	the	incomplete,	heterogeneous,	and	scattered
observations	and	the	initial	value	fields	which	are	required	by	the	NWP	models.	To	achieve	this,	the	observation	data	must	be	projected	onto	the	discrete	model	grid,	interpolated	in	time	and	adjusted	to	be	consistent	in	terms	of	state	variables	(e.g.	temperature,	pressure,	wind	etc.).	DA	also	has	to	take	into	account	measurement	errors	such	as	biases
between	different	space	instruments	or	malfunctions	of	individual	ground-based	sensors.	The	obtained	initial	state	of	the	Earth	system	after	the	DA	step	therefore	constitutes	an	optimized	estimate	of	the	real	conditions	(e.g.	[18]).Given	the	initial	conditions,	the	NWP	model	can	perform	a	simulation	of	atmospheric	processes.	By	solving	numerically
the	coupled	partial	differential	equation	system	describing	the	atmosphere	in	terms	of	momentum,	mass	and	enthalphy	(the	Navier–Stokes	equations),	the	future	atmospheric	state	is	obtained	in	each	model	grid	cell.	Processes	occurring	at	scales	smaller	than	the	model	grid	size	are	captured	by	empirical	parameterizations.	The	direct	model	output
constitutes	the	first	forecast	product	of	the	NWP	workflow.	In	contemporary	global	NWP	models,	the	grid	boxes	cover	an	area	of	several	square	kilometres.In	order	to	arrive	at	finer	scale	end-user	forecast	products,	a	post-processing	step	is	added	to	the	NWP	workflow.	The	outcome	of	such	post-processing	can	cover	a	variety	of	forecast	products
starting	with	the	conversion	of	the	vertical	axis	from	sigma-coordinates	to	pressure	levels	or	geometric	height	(above	mean	sea	level)	or	bias	corrections.	Statistical	methods	are	applied	to	remove	systematic	biases	of	the	NWP	output	and	to	incorporate	local	scale	adjustments	(statistical	downscaling).	Furthermore,	limited-area	models	which	allow	for
finer	grid	spacings	(Δx∼O(1–5 km)	compared	to	Δx O∼(10 km)	in	global	models)	provide	added	value	on	forecasting	meteorological	features	on	finer	scales.	The	output	of	ensemble	simulations	can	be	used	to	estimate	forecast	uncertainties	which	are	of	major	interest	especially	for	high	impact	weather	situations,	or	for	the	renewable	energy	sector
[19,20]	(see	also	§7).Over	the	past	decades,	the	ability	of	NWP	models	to	predict	the	future	atmospheric	state	has	continuously	improved.	Contemporary	global	NWP	models	are	not	only	able	to	predict	the	synoptic-scale	weather	pattern	for	several	days,	but	they	have	also	reached	remarkable	accuracy	in	forecasting	end-user	relevant	meteorological
quantities	such	as	the	2	m	temperature	and	regional-scale	precipitation	events.	For	instance,	the	deterministic	forecasts	of	the	Integrated	Forecast	System	provided	by	the	European	Centre	for	Medium-Range	Weather	Forecasts	maintains	an	anomaly	correlation	coefficient	of	the	500 hPa	geopotential	height	of	80%	for	about	7	days,	while	the	root-
mean	square	error	for	2 m	temperature	predictions	of	72 h	forecasts	is	close	to	2 K	[21].	Larger	scale	high-impact	events	such	as	hurricane	tracks	can	be	predicted	with	an	accuracy	of	150 km	up	to	4	days	in	advance	[22].The	increasing	success	of	operational	NWP	models	is	due	to	improvements	of	all	the	steps	involved	in	the	NWP	workflow	and	new
capabilities	of	the	global	Earth	observation	system.	In	the	following,	we	briefly	highlight	a	couple	of	important	developments	which	led	to	significant	enhancements	of	forecast	quality.	A	detailed	review	of	recent	advances	in	the	NWP	process	chain	is	beyond	the	scope	of	this	article.While	in	situ	observations	(weather	stations	and	radiosondes)	have	a
long	history	in	observing	the	Earth’s	atmosphere,	fundamental	improvements	in	the	spatiotemporal	coverage	of	observations	has	been	achieved	with	the	help	of	satellite	data	over	recent	decades	(e.g	[23]).Nowadays,	several	geostationary	and	polar-orbiting	satellites	deliver	a	great	variety	of	data	products	(such	as	temperature	and	humidity	profiles,
soil	moisture	and	atmospheric	motion	vectors).	Satellite	data	are	particularly	valuable	as	they	provide	information	on	the	atmosphere	above	the	ocean	and	uninhabitated	areas	where	conventional	measurements	are	hard	to	come	by.	However,	measurements	from	commercial	aircraft	(e.g.	[24])	and	radar	observations	(e.g.	[25,26])	have	also
contributed	to	better	constraining	the	initial	state	of	NWP	models.The	ability	of	DA	systems	to	make	use	of	the	manifold,	diverse	observations	has	seen	continuous	improvement	due	to	algorithmic	developments.	Current	DA	systems	are	primarily	based	on	three-	or	four-dimensional	variational	approaches	(3D-Var	and	4D-Var,	respectively)	and	on
ensemble	methods	(commonly	Kalman	filter).	In	the	3D-Var	approach,	a	single	deterministic	state	is	estimated	by	minimizing	a	cost	function	which	generally	consists	of	the	three	terms	background,	observation,	and	model	error.	4D-Var	additionally	captures	observation	changes	in	time	(see	[18]	for	more	details).In	order	to	obtain	a	loss	function	which
can	be	optimized	with	reasonable	efficiency,	the	model	and	observation	operators	have	to	be	linearized.	This	can	lead	to	forecast	errors,	in	particular	if	the	NWP	model	contains	discontinuous	parameterizations	[27].	Another	simplification	of	the	variational	DA	approach	is	the	a	priori	definition	of	the	uncertainties	of	the	state	vector	X	which	leads	to	a
static	background	error	covariance	matrix.	By	contrast,	an	ensemble	approach	allows	for	dynamic	estimation	of	the	probability	density	function	of	X.	The	Ensemble	Kalman	Filter	approach	makes	use	of	such	an	estimation	which	then	results	in	a	non-static,	i.e.	flow-evolving	background	error	covariance	matrix.	A	disadvantage	of	classical	ensemble
methods	is	that	they	are	only	conditioned	on	past	measurements	[28].	Therefore,	leading	meteorological	centres	have	started	to	establish	combinations	of	the	variational	approach	with	ensemble	approaches	such	as	the	4D-EnvVar	DA	method.	The	quality	of	ensemble	DA	depends	on	the	number	of	ensemble	members	which	is	typically	restricted	to	a
relatively	small	number	due	to	computational	reasons.	Therefore,	so-called	hybrid	DA	systems	have	been	developed	which	include	climatological	error	information	in	order	to	lessen	the	sensitivity	to	undersampling	[29].NWP	model	improvements	can	in	part	be	related	to	resolution	enhancements.	The	continuous	refinement	of	the	grid	spacing	has	also
required	re-formulating	the	dynamical	cores	of	NWP	models	where	the	discretized	Navier–Stokes	equations	are	solved.	Simulating	the	atmosphere	on	kilometre-scale	comes	along	with	the	demand	of	highly	parallelizable	algorithms	of	the	dynamical	core	[30].	Since	(classical)	global	spectral	transform	models	are	less	suited	for	such	a	requirement,
finite-difference	or	finite-volume	discretizations	on	platonic	solids	projected	on	the	sphere	(e.g.	icosahedral	[31]	or	cubed-sphere	grids	[32])	have	been	developed	over	the	previous	decade.	Simultaneously,	remarkable	progress	has	been	achieved	in	designing	discretization	approaches	which	enable	the	grid-scale	dynamics	to	follow	the	conservation
laws	of	energy,	enthrophy	and	mass	[33,34]	while	also	minimizing	the	need	for	numerical	filters	to	suppress	artificial	numerical	modes	[35].	An	extensive	overview	of	contemporary	dynamical	core	architectures	can	be	found	in	[32].In	addition	to	the	improvement	of	dynamical	cores,	further	gains	in	accuracy	have	been	achieved	by	fine-tuning	physical
parameterizations	which	are	mandatory	to	represent	atmospheric	processes	that	cannot	be	captured	by	the	grid-scale	thermodynamics.	Among	others,	these	parameterizations	encompass	the	representation	of	(deep)	convection,	turbulent	mixing,	smaller-scale	atmosphere-land/ocean	coupling,	the	representation	of	cloud	microphysics	and	radiative
transfer.	Advances	in	capturing	the	diurnal	cycle	of	convection	(e.g.	[36,37]),	the	turbulent	transports	in	the	planetary	boundary	layer	(e.g.	[38])	and	in	simulating	the	bulk	properties	of	hydrometeors	(e.g.	[39]),	i.e.	clouds	and	precipitation,	are	only	a	small	sample	of	recent	progress	in	tuning	physical	parameterization	schemes.The	increased
computational	power,	the	availability	of	large	datasets,	and	the	rapid	development	of	new	NN	architectures	all	contribute	to	the	ongoing	success	of	DL.	Some	of	these	new	NN	can	solve	certain	ML	tasks	much	more	efficiently	than	the	classical	fully	connected,	feed-forward	networks.	One	especially	successful	concept,	which	has	been	widely	applied,
is	convolutional	neural	networks	[40]	(CNN),	where	a	stack	of	small-sized	filters	with	few	trainable	parameters	is	applied	to	images	or	other	gridded	data	to	extract	coarser	scale	features.	CNNs	have	been	used	in	weather	and	climate	applications,	where	the	NN	was	trained	to	recognize	spatial	features,	for	example	in	the	analysis	of	satellite	imagery
[41]	or	weather	model	output	[42].The	family	of	recurrent	neural	networks	(RNN)	was	designed	specifically	for	the	learning	of	time-dependent	features	(i.e.	text	and	speech	recognition).	More	advanced	RNN	architectures	are	long	short-term	memory	(LSTM)	nodes	[43,44]	and	gated	recurrent	units	(GRU,	[45]).	LSTM	and	GRU	cells	can	be	embedded
in	more	complex	neural	network	architectures.	For	example,	the	combination	of	a	normal	CNN	with	LSTM	yields	the	so-called	ConvLSTM	network	[46].Two	more	recent	DL	concepts	are	variational	auto-encoders	(VAE)	[47]	and	generative	adversarial	networks	(GAN)	[48].	Both	of	these	are	so-called	generative	models,	i.e.	they	learn	the	data
distributions	from	training	samples	and	use	generators	to	produce	novel	samples	which	match	the	characteristics	of	the	training	data.	They	are	widely	used	in	different	applications	such	as	image-to-image	translation	[49],	super-resolution	image	generation	[50],	in-painting	[51],	image	enhancement	[52],	image	synthesis	[53],	style	transfer	and	texture
synthesis	[54]	and	video	generation	and	prediction	[12,13].	VAEs	use	an	encoder	to	project	the	high-dimensional	data	with	posterior	distribution	into	a	latent	space	with	lower	dimensionality.	This	latent	space	is	then	sampled	by	a	decoder	to	reconstruct	the	original	feature	space	in	all	dimensions.	For	further	information	on	VAE,	we	refer	to	[47,55].	In
GANs,	the	competition	of	two	NNs	is	used	to	improve	on	image	generation	during	training.	One	network	is	optimized	to	generate	realistic	images,	while	a	second	one	is	trained	concurrently	to	discriminate	between	generated	and	real	images.	Typically,	both	VAE	and	GAN-based	architectures	are	coupled	to	multiple	convolutional	layers	for	capturing
the	semantic	features	of	the	input	data	and	represent	them	with	fewer	dimensions.	Examples	are	PixelVAE	[56],	DCGAN	[57],	sinGAN	[58]	and	SAVP	[13].	It	is	a	general	tendency	in	DL	research	that	new	NN	architectures	are	composed	of	many	building	blocks	which	are	themselves	substantially	large	DL	networks.	The	problem-complexity	which	can
be	addressed	with	modern	DL	networks	is	already	quite	substantial.	The	largest	NNs	have	several	million	degrees	of	freedom	which	is	comparable	to	operational	NWP	models.ML	as	‘an	approach	to	data	analysis	that	involves	building	and	adapting	models,	which	allow	programs	to	learn	through	experience’	has	been	employed	by	meteorologists	for	a
long	time,	for	example	in	curve	fitting,	linear	regression,	or	DA	(see	§2).	However,	in	this	article,	we	focus	on	ML	in	a	narrower	sense,	i.e.	involving	NNs	and	in	particular	modern	DL.First	studies	employing	NN	for	meteorological	and	air	quality	applications	appeared	during	the	1990s	[59–61].	These	studies	used	multi-layer-perceptron	architectures
with	typically	three	layers	to	analyse	and	forecast	time	series	at	individual	station	locations.	Later,	other	simple	semantic	network	techniques	were	used	for	post-processing	and	prediction	optimization	of	NWP	output	[62,63],	and	as	surrogate	models	for	different	parameterization	schemes	in	climate	models	[64,65].It	took	a	few	years	before	the
weather	and	climate	research	community	started	to	pick	up	modern	DL	concepts	and	began	to	explore	their	use	in	NWP	and	other	environmental	applications.	Table	1	lists	various	state-of-the-art	DL	architectures	and	their	first	applications	in	weather	and	climate	research.	A	couple	of	examples	are	briefly	described	below.	A	review	of	ML	in	remote
sensing	can	be	found	in	[41].	Zhou	et	al.	[83]	and	Denby	et	al.	[84]	used	a	CNN	for	classification	of	weather	satellite	images,	while	Xu	et	al.	[85]	used	a	combination	of	GAN	and	LSTM	for	prediction	of	cloud	images.	Based	on	the	concept	of	video	prediction,	various	types	of	networks	were	used	for	short-term	prediction	of	sky	images	and	radar	images
[46,79,81].	There	have	also	been	some	attempts	to	produce	data-driven	weather	forecasts,	for	example	by	Dueben	&	Bauer	[86],	who	used	a	multi-layer	perceptron,	or	Grover	et	al.	[16],	who	constructed	a	three-stage	model	consisting	of	boosted	decision	trees,	a	dynamic	Gaussian	Process	model,	and	a	deep	belief	network	consisting	of	restricted
Boltzman	machines	[77,78].	The	study	of	Wandel	et	al.	[87]	could	be	regarded	as	a	first	step	towards	replacing	the	dynamical	core	of	a	numerical	weather	model	as	they	demonstrate	unsupervised	learning	of	the	full	incompressible	Navier–Stokes	equations	on	a	Eulerian,	grid-based	representation.	Gong	et	al.	(A.	B.	Gong,	unpublished	manuscript,
2020),	experimented	with	a	state-of-the-art	video	prediction	model	and	tried	to	use	it	for	2	m	temperature	predictions	over	10	h.	Table	1.	State-of-the-art	neural	network	architectures	and	their	application	in	weather	and	climate	research.	Entries	marked	with	*	denote	hybrid	NN	architectures.architectureintroduced	for	the	first	time	(original
references)early	weather	and	climate	applications	(current	state	in	July	2020)convolutional	neural	network	(CNN)AlexNet	(Alex	et	al.	2012	[8])VGG	(Shi	et	al.	2018	[66])VGG	(Simonyan	&	Zisserman,	2013	[67])ResNet	(Pothineni	et	al.	2019	[68])ResNet	(He	et	al.	2015	[69])Vgg,	ResNet	(Wen	et	al.	2020	[70])GoogleLeNet	(Szegedy	et	al.	2015
[71])Inception	blocks	(Kleinert	et	al.	2021	[72])long	short-term	memory	network	(LSTM)RNN	(Bengio	et	al.	1994	[73])LSTM	(Gómez	et	al.	2003	[74])LSTM	(Hochreiter	and	Schmidhuber,	1997	[43])LSTM	(Qing	&	Niu,	2018	[75])PhyDNet	(Le	Guen,	2020	[76])deep	belief	network	(DBN)Smolensky,	1986	[77],	Hinton	&	Salakhutdinov	[78]Grover	et	al.
2015	[16]variational	autoencoder	(VAE)Vanilla	VAE,	2013	[47]Nonegenerative	adversarial	neural	network	(GAN)Vanilla	GAN	(Goodfellow	et	al.	2014	[48])MD-GAN	(Xiong,	2018	[79])conditional	GAN	(Schmidt	et	al.	2020	[80])convolutional	long	short-term	memory	network	(ConvLSTM)convLSTM	(Shi	et	al.	2015	[46])ConvLSTM*	(Shi	et	al.	2015
[46]),PredRNN	(Wang	et	al.	2017	[81]);	MIM	(Wang	et	al.	2019	[82])stochastic	adversarial	video	prediction	(SAVP*)SAVP	(Lee	et	al.	2018	[13])Gong	et	al.	(A.	B.	Gong,	unpublished	manuscript,	2020)The	studies	that	were	cited	in	the	previous	section	already	demonstrate	that	DL	concepts	can	be	successfully	applied	to	problems	related	to	weather
forecasting.	However,	the	few	existing	attempts	to	replace	the	entire	NWP	workflow	with	a	DL	system	have	been	limited	to	short-term	forecasting	(up	to	24	h	or	less)	or	used	a	rather	limited	subset	of	the	available	meteorological	data.	In	this	section,	we	discuss	a	number	of	challenges	which	need	to	be	overcome	before	a	complete	end-to-end	DL
weather	forecasting	system	can	deliver	results	of	comparable	quality	as	current	NWP.Weather	forecasting	is	essentially	a	prediction	of	spatiotemporal	features	based	on	a	diverse	array	of	observations	from	ground-based,	airborne	and	satellite	platforms.	If	we	treat	the	core	part	of	the	NWP	workflow	(figure	1),	i.e.	DA,	model	forecast	and	output	post
processing,	as	one	entity,	then	a	weather	forecast	can	be	described	as	a	function,	which	maps	observation	data	to	a	final	forecast	product	(figure	2).	The	forecast	product	can	be	a	map	of	a	specific	weather	variable	(e.g.	temperature),	a	time	series	of	one	or	more	variables	at	a	specific	location	or	aggregated	over	a	region,	some	aggregate	statistics	of
a	specific	variable	over	a	given	time	range,	a	(categorical)	warning	index,	etc.	With	current	NWP,	we	are	used	to	employing	one	forecasting	system	(which	may	well	have	several	components)	to	derive	the	whole	set	of	forecast	products	which	are	requested	by	end	users,	or	needed	for	the	system	evaluation	and	further	improvement.	By	contrast,	DL
applications	excel	if	they	can	focus	on	a	specific	task,	i.e.	a	reasonably	small	set	of	target	variables.	Therefore,	an	end-to-end	DL	weather	forecast	as	depicted	in	the	right	column	of	figure	1	would	likely	consist	of	several	deep	NNs	which	would	be	trained	individually	on	specific	subsets	of	forecast	products.	Figure	2.	Schematic	view	of	the	principal
task	of	weather	prediction,	i.e.	a	mapping	from	diverse	observation	data	to	specific	forecast	products.	Download	figureOpen	in	new	tabDownload	PowerPointAdvantages	of	such	a	DL	weather	forecasting	system	could	be	the	intrinsic	absence	of	model	bias	(because	the	system	would	be	trained	to	reproduce	the	target	values)	and	the	possible	savings	of
computational	resources.	Once	NNs	are	trained,	they	can	very	efficiently	calculate	forecasts	with	new	data.	Forward	propagation	in	NNs	consists	only	of	fast	add	and	multiply	operations.	Therefore,	even	NNs	with	O(108)	parameters	(i.e.	similar	complexity	as	contemporary	NWP	models)	can	be	expected	to	use	far	less	computing	resources	than
current	numerical	models.	The	determining	factors	of	the	required	computational	resources	in	an	end-to-end	DL	weather	forecasting	system	are	the	necessary	training	cycles	and	the	data	processing.	The	former	will	depend	on	the	learning	approach	(e.g.	lifelong	learning	[88]	requires	regular	re-training	of	some	NN	components)	and	on	the	success	of
transfer	learning	[89]	concepts	(i.e.	whether	it	is	possible	to	re-use	NNs	trained	in	one	region	of	the	globe	for	weather	forecasts	in	another	region).	Data	processing	is	a	challenge	which	also	limits	further	scaling	of	NWP	models	and	other	applications	on	current	and	next	generation	supercomputing	systems	(see	[90]).	At	present,	it	is	impossible	to
predict	how	much	computing	time,	if	any,	could	be	saved	if	all	weather	forecasting	would	be	based	on	DL.	A	fair	comparison	should	always	consider	the	entire	weather	prediction	workflow	and	the	whole	range	of	forecast	products	that	shall	be	generated.In	the	following,	we	discuss	a	number	of	challenges	for	end-to-end	DL	weather	predictions,	which
are	mostly	a	consequence	of	the	specific	properties	of	meteorological	data	and	the	complexity	of	the	atmosphere	and	its	interactions	with	other	Earth	system	compartments.	These	challenges	are	graphically	summarized	in	figure	3.	As	will	be	seen,	many	of	these	challenges	also	appear	in	other	DL	contexts,	and	the	DL	community	has	begun	to	develop
solutions	for	these	problems.	Nevertheless,	there	are	no	systems	in	place	which	can	cope	with	all	of	these	challenges	together.	Figure	3.	Graphical	summary	of	the	inter-connected	DL	challenges	imposed	by	properties	of	meteorological	data	and	the	complexity	of	the	weather	forecasting	problem.	The	colours	of	the	jigsaw	pieces	are	arbitrary.	(Online
version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointThe	success	of	DL	methods	hinges	on	a	good	understanding	of	relevant	data	properties.	Meteorological	variables	can	be	described	with	different	cumulative	distribution	functions	or	corresponding	probability	density	functions.	Some	variables	(e.g.	temperature)	are	nearly
normally	distributed,	while	others	(e.g.	precipitation	and	cloud	droplet	size)	might	be	better	approximated	by	gamma	or	beta	distributions	[91].	The	fraction	of	cloud	cover	is	often	reported	in	eighths	and	therefore	needs	to	be	treated	as	a	discrete	variable.	Ignoring	the	different	properties	of	meteorological	data	can	cause	erroneous	results	when	they
are	not	accounted	for	in	a	statistical	analysis	or	forecasting	procedure.	This	is	particularly	relevant	as	some	DL	methods	(e.g.	the	Bayesian	approach	by	[92])	make	implicit	assumptions	about	the	frequency	distribution	of	variables.Meteorological	features	can	show	dynamic	behaviour	on	a	wide	range	of	spatiotemporal	scales,	and	the	quality	of	the
weather	forecast	is	influenced	by	phenomena	on	many	different	scales	[93].	Consider	sea	ice	as	an	example,	which	may	change	little	during	the	time	of	a	typical	forecast	lead	time,	but	whose	mid-	to	longer-term	variations	can	have	a	profound	influence	on	the	local	and	non-local	atmospheric	state	[94].	Multiple	spatial	scales	have	been	investigated	in
the	context	of	video	prediction	(e.g.	[12,58]).Related	to	the	interaction	of	scales,	the	spectra	of	energy	and	momentum	are	important	aspects	in	meteorology,	but	such	spectra	do	not	play	a	similar	role	in	most	mainstream	DL	applications.	However,	spectral	transformations	have	already	been	used	in	DL	applications	(e.g.	[9]	in	the	context	of	speech
recognition).	First	attempts	at	using	such	concepts	in	ML	weather	applications	[95–98]	were	limited	to	simple	NNs	and	limited	complexity	datasets.Many	meteorological	features	vary	periodically,	although	there	can	be	large	variability	between	cycles.	This	periodicity	is	induced	by	orbital	parameters	and	the	Earth	rotation	together	with	various	solar
cycles.	As	shown	in	Ziyin	et	al.	[99],	NNs	generally	have	difficulties	extrapolating	periodic	features	correctly.	However,	as	the	authors	show,	replacing	common	monotonic	activation	functions	with	functions	which	include	a	periodic	term	can	solve	such	problems	and	produce,	for	example,	better	temperature	forecasts.Meteorological	variables	are
correlated	in	space	and	time,	and	these	correlations	change	with	time	[16].	For	example,	temperatures	at	different	altitudes	may	exhibit	very	similar	patterns	(possibly	with	a	time	lag)	in	a	well-mixed	boundary	layer	(i.e.	summer,	daytime),	while	different	vertical	levels	can	be	almost	completely	decoupled	during	an	inversion	(often	during	winter	or	at
night).	This	can	also	be	seen	in	larger	scale	features	such	as	tropical	cyclones,	Rossby	waves,	fronts	and	(organized)	convection.	While	we	are	not	aware	of	a	publication	which	addresses	this	issue	in	the	context	of	DL	with	weather	data,	there	are	other	DL	studies	which	demonstrate	that	it	is	possible	to	cope	with	such	correlations	(e.g.	[100]).A	related
property	of	meteorological	features	is	auto-correlation.	While	auto-correlation	in	a	way	simplifies	the	forecasting	task	(at	least	on	short	time	scales),	it	imposes	the	risk	of	over-estimating	the	forecasting	capabilities	of	a	DL	model,	in	particular	if	this	is	not	factored	into	the	data	preparation	and	model	evaluation	(see	§5).Meteorological	features	may
appear	and	vanish	on	time	scales	much	shorter	than	the	forecast	range.	Prominent	examples	are	the	triggering	of	convective	cells	or	the	transition	between	convective	and	relief	precipitation	in	the	presence	of	orography.	An	NWP	model	has	some	skill	in	predicting	such	features,	because	it	can	diagnose	their	potential	occurrence	from	relations
between	other	variables.	In	principle,	such	complex	relations	may	be	decipherable	by	NNs	as	well.	However,	we	believe	that	this	will	require	additional	measures	to	make	the	NN	aware	of	such	relations.	Such	measures	could	be	feature	engineering	(i.e.	the	calculation	of	derived	properties	from	combinations	of	input	variables)	or	the	implementation
of	physical	constraints	(see	§6).Another	challenge	for	a	DL	weather	forecast	application	is	the	scarcity	of	extreme	events,	which	are,	however,	very	important	to	get	right	as	extreme	weather	phenomena	have	the	largest	impact	on	civil	safety	and	economy.	For	example,	to	accurately	predict	heavy	precipitation	events	(>25 mm h−1)	over	Germany,	the
DL	model	must	be	trained	with	less	than	10	episodes	at	any	given	location	during	a	full	decade	[101].	A	few	studies	have	touched	upon	the	subject	of	ML	and	extreme	climate	events:	Vandal	et	al.	[102]	find	that	complex	DL	models	have	more	problems	in	capturing	extremes	than	classical	statistical	downscaling	models,	whereas	O’Gorman	et	al.	[103]
state	that	their	model	captures	extremes	quite	well	without	the	need	for	special	training	on	these	cases.	While	the	subject	of	classifying	imbalanced	data	has	received	considerable	attention	(cf.	[104]),	there	appears	to	be	little	research	on	dealing	with	imbalanced	sample	sizes	in	regression	problems	[105].	In	contrast	to	standard	DL	algorithms,
humans	have	acquired	the	ability	to	learn	from	isolated	extreme	events	because	they	pay	special	attention	to	extraordinary	occurrences	in	their	environment	and	quickly	generalize	to	other	situations	[106].	Some	studies	have	explored	the	possibility	to	have	deep	neural	networks	learn	extreme	events	in	a	similar	way.	For	example,	Li	et	al.	[107]
implemented	one-shot	learning	of	object	categories	by	using	prior	knowledge	learned	from	other	training	samples.	Lake	et	al.	[108]	developed	ML	methods	within	Bayesian	program	learning	(BPL)	to	mimic	human	capabilities	of	learning	visual	recognition	from	a	few	samples.Finally,	other	critical	aspects	related	to	meteorological	observation	data	are
the	frequent	appearance	of	missing	values	and	the	possibility	of	input	data	errors	and	biases.	Current	DA	procedures	often	include	a	substantial	code	base	for	filtering	or	interpolating	missing	values,	blacklisting	observations,	and	monitoring	of	biases	and	their	evolution	over	time.	Similar	issues	occur	in	various	application	areas	of	DL.	For	example,
Smieja	et	al.	[109]	have	dealt	with	the	issue	of	missing	data	values,	and	Žliobaité	[110]	and	Lu	et	al.	[111]	investigated	the	problem	of	drifting	biases	(known	as	concept	drift	in	the	ML	community).	A	recent	example	of	a	DL	application	working	on	meteorological	satellite	data	with	missing	values	is	Barth	et	al.	[112].In	this	section,	we	discuss	two
aspects	of	ML	in	weather	and	climate,	which	we	have	found	to	be	important	in	our	practical	experience	and	where	best	practices	differ	between	the	meteorological	and	ML	communities.	These	are	data	preparation	and	model	evaluation.	This	discussion	may	shed	some	light	upon	the	reasons	why	it	has	been	difficult	for	the	DL	community	to	tackle
weather	data	problems	and	why,	conversely,	the	meteorological	community	has	been	cautious	to	adopt	DL	in	their	research	and	for	routine	weather	analyses	and	forecasts.All	ML	techniques	are	data-driven.	Therefore,	proper	selection	and	preparation	of	data	are	essential	to	gain	good	and	generalizable	results.	Data	selection	should	aim	to	capture
the	full	variability	of	the	predictor	variables,	avoid	too	much	redundant	information,	and	allow	the	network	to	capture	relations	among	variables,	from	which	a	prediction	can	be	made.	For	the	sake	of	brevity,	we	will	not	discuss	data	selection	in	more	detail,	but	instead	focus	on	data	preparation	aspects	in	the	following.Modern	supervised	ML	studies
generally	divide	the	available	data	into	three	different	datasets	to	train,	develop	and	evaluate	an	ML	model	[113].	The	training	set	is	the	largest	and	is	used	to	update	the	model	parameters	by	back	propagation	or	other	learning	algorithms.	The	second	set,	which	is	often	referred	to	as	the	validation	or	development	set,	is	used	exclusively	for	hyper-
parameter	tuning.	The	hyper-parameters,	i.e.	number	of	layers,	type	of	layer,	activation	function,	loss	function,	learning	rate	etc.	are	set	manually	by	the	model	developer.	A	key	target	of	this	hyper-parameter	tuning	is	the	optimization	of	the	network’s	generalization	capabilities	to	ensure	that	the	network	will	function	well	on	previously	unseen	data.
Both	parameters	and	hyper-parameters	are	essential	for	building	a	suitable	DL	model.	The	third	dataset	is	the	test	set,	a	collection	of	previously	unseen	data	which	is	used	to	evaluate	the	network	after	the	tuning	to	assess	the	true	generalization	capability	of	the	network.	The	three	datasets	should	be	independent	of	each	other,	but	at	the	same	time
they	should	reflect	the	same	statistical	distribution.	Therefore,	one	has	to	be	careful	how	to	split	the	data	before	starting	to	train	a	new	network,	especially	if,	as	in	meteorological	time	series,	the	data	are	auto-correlated.Figure	4	shows	four	different	data	split	strategies	for	a	hypothetical	time	series	of	meteorological	data.	In	order	to	enable	an	NN	to
forecast	the	next	k	time	steps,	one	will	generally	feed	an	input	vector	of	l	past	time	steps	to	the	network	as	input.	In	many	DL	applications,	it	is	standard	to	draw	random	samples	from	a	huge	database	of	mutually	independent	data	records	(e.g.	images)	and	arbitrarily	assign	these	samples	to	the	train,	validation	and	test	sets,	respectively.	This	would
correspond	to	figure	4a,	where	each	drawn	‘slice’	has	a	length	of	one	sample.	However,	as	noted	in	§4,	meteorological	data	constitutes	a	continuous	time	series	with	auto-correlation	on	different	time	scales.	Therefore,	randomly	drawn	samples	would	overlap	and	therefore	no	longer	be	independent.	Consequently,	results	obtained	with	such	a	test	set
over-estimate	the	true	generalization	capability	of	the	NN,	because	the	test	set	contains	information	already	used	for	training.	When	researching	for	this	article,	we	found	several	studies	on	ML	and	DL	for	environmental	data	analysis,	where	this	principle	was	violated	and	which	therefore	made	overly	optimistic	conclusions	concerning	the	capabilities
of	(often	simple)	NNs.	Figure	4.	Different	train-dev-test	splitting	strategies	for	meteorological	data	with	periodic	features	as	indicated	in	the	conceptual	time	series	at	the	bottom	of	the	figure.	Every	sand	coloured	block	stands	for	1	year	of	data.	Case	(a)	depicts	random	sampling	as	is	commonly	applied	in	many	DL	applications.	Cases	(b–d)	show
different	variants	of	random	block	sampling,	which	avoid	spurious	correlations	between	the	train,	val	and	test	sets,	if	the	block	length	chosen	is	long	enough.	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointAnother	point	of	concern,	which	also	has	implications	for	the	data	preparation,	is	the	multi-scale	aspect	of	data
in	the	time	domain.	While	a	typical	forecast	application	considers	time	scales	of	a	few	hours	to	several	days,	there	are	longer-term	quasi-periodic	patterns,	such	as	the	El	Niño	Southern	Oscillation	(ENSO),	and	also	continuous	trends	such	as	global	warming.	When	training	NNs	with	long-term	data	series	(so	that	a	sufficient	number	of	samples
becomes	available),	it	is	not	trivial	to	find	a	good	data	split,	which	on	the	one	hand	fulfils	the	requirement	of	independence,	while	on	the	other	hand	allows	the	network	to	be	trained	on	as	many	parts	of	the	underlying	data	distribution	as	possible.	For	example,	the	model	developer	should	ensure	that	all	seasons	are	sampled	appropriately,	and,	when
using	multi-year	data,	that	the	training	data	contains	different	phases	of	ENSO	as	one	example	out	of	many	other	oscillations.To	solve	these	issues,	we	propose	a	random	block	sampling	strategy	(figure	4b–d),	where	the	train,	validation	and	test	sets	all	contain	several	coherent	blocks	of	length	L,	and	L	is	much	larger	than	the	auto-correlation	time.
Multiple	runs	of	this	random	block	sampling	should	be	carried	out	to	assess	the	robustness	of	the	results.The	second	aspect	which	we	would	like	to	discuss	in	this	section	concerns	model	evaluation.	While	it	is	relatively	straightforward	to	evaluate	the	success	of	an	image	classification	(e.g.	[8,69])	or	a	video	prediction	task	(cf.	[12,79]),	the	evaluation
metrics	used	in	these	studies	(e.g.	MSE	or	Peak	Signal	to	Noise	Ratio,	PSNR)	are	usually	not	appropriate	for	weather	and	climate	applications.	Quantifying	the	success	of	a	weather	prediction	model	is	highly	non-trivial	and	an	area	of	active	research.	Meteorological	centres	have	developed	a	plethora	of	scores	and	skill	scores	over	the	last	decades,
which	elucidate	different	aspects	of	weather	forecast	quality	(cf.	[21,91,114]).	In	addition	to	verification	methods	based	on	point	by	point	comparisons	(e.g.	[115]),	various	methods	have	been	introduced	to	account	for	the	intrinsic	spatial	and	temporal	correlation	in	meteorological	datasets	(e.g.	[116–118]).	Other	verification	metrics	also	account	for
the	stochastic	nature	of	meteorological	quantities	by	estimating	probabilities	of	binary	events,	such	as	rain,	no-rain	[119].	Evaluating	spatiotemporal	patterns,	for	example,	precipitation	forecasts,	with	the	help	of	radar	data	is	particularly	challenging	due	to	the	double	penalty	problem	(cf.	[116,120]).	Indeed,	verification	of	precipitation	forecasts	is	still
a	hot	topic	in	the	meteorological	community	[121].	The	evaluation	of	extreme	events	suffers	from	the	‘forecaster’s	dilemma’,	which	discredits	skilful	forecasts	when	they	are	evaluated	only	under	the	condition	that	an	extreme	event	occurred.	This	conditioning	on	outcomes	and	observations	violates	the	theoretical	assumptions	of	forecast	verification
methods	[21,122].As	has	been	demonstrated	in	other	application	areas	of	ML	(e.g.	[123,124]),	NNs	can	be	prone	to	learning	spurious	relationships	in	data.	A	purely	data-driven	model	for	weather	forecasting	might	fail	to	adhere	to	the	underlying	physical	principles	and	thus	generate	false	forecasts	as	it	lacks	understanding	of	the	fact	that	every
atmospheric	process	obeys	physical	laws	described	in	terms	of	conservation	of	momentum,	enthalpy	and	mass.	The	incorporation	of	physical	laws	in	NNs	is	becoming	a	vibrant	area	of	research	(e.g.	[125–128])	and	is	now	often	denoted	as	scientific	ML.One	of	the	first	studies	to	demonstrate	that	physical	constraints	can	efficiently	reduce	systematic
biases	in	lake	temperature	predictions,	while	at	the	same	time	enhancing	generalization	capability,	was	Karpatne	et	al.	[129].	They	included	numerical	model	results	as	constraints	for	sparse	observations	and	added	a	loss	term	to	punish	non-physical	behaviour	of	the	DL	model.	De	Bézenac	et	al.	[127]	embedded	an	advection	diffusion	equation	in	their
loss	function	to	predict	sea	surface	temperatures	and	thereby	improved	the	predictive	capabilities	of	their	model.	Le	Guen	et	al.	[76]	introduced	a	new	two-stream	model	and	a	recurrent	cell,	which	is	based	on	concepts	from	DA.	The	cell	includes	a	physical	predictor	and	a	Kalman	filter	in	order	to	assimilate	the	inputs.	Effectively,	this	leads	to	the
encoding	of	physical	laws	in	the	latent	space	of	their	model.	Other	approaches	to	introduce	physical	constraints	into	the	latent	space	of	DL	models	are	the	adversarial	autoencoder	by	Makhzani	et	al.	[130]	and	the	non-parametric	Bayesian	method	by	Goyal	et	al.	[131].It	may	be	useful	to	reflect	on	the	potential	and	necessity	of	physically	constraining
DL	models	from	an	abstract	point	of	view.	In	spite	of	their	complexity	and	dimensionality,	DL	models	still	adhere	to	the	fundamental	principles	of	(data-driven)	statistical	modelling.	This	implies	that	there	must	be	some	rules	in	place	to	constrain	the	future,	because	otherwise	extrapolation	will	be	unbound.	Classical	statistical	modelling	tries	to	strike	a
balance	between	a	sufficiently	explicit	formulation	of	the	time-dependent	system	evolution	and	the	remaining	degrees	of	freedom	to	accommodate	the	intrinsic	variability	of	the	data.	For	example,	to	fit	hourly	temperature	observations,	a	classical	statistical	model	will	usually	include	(at	least)	two	periodic	terms	to	capture	the	diurnal	and	seasonal
cycles.	In	addition,	there	may	be	terms	to	describe	correlations	of	temperature	with	other	variables.	On	the	other	hand,	the	statistician	will	avoid	over-fitting	the	data	by	adding	too	many	terms	into	the	statistical	model.Even	though	in	DL	one	expects	the	NN	to	learn	many	of	the	inherent	data	relations	by	itself,	the	system	nevertheless	must	get	some
guidance	to	be	able	to	identify	meaningful	patterns.	Knowingly	or	not,	the	researcher	always	imposes	constraints	on	the	NN,	for	example	through	data	selection	and	choice	of	NN	architecture.	NNs	learn	faster	when	patterns	are	clearly	visible	in	the	data.	However,	with	meteorological	data	the	most	obvious	patterns	are	usually	the	least	interesting
ones,	therefore	it	makes	sense	to	let	the	NN	know	in	advance	that	such	patterns	will	occur.	A	similar	argument	applies	to	physical	constraints:	if	the	NN	is	forced,	for	example	to	conserve	mass,	it	will	not	need	to	waste	parameters	and	training	cycles	on	learning	this	rule	and	can	instead	concentrate	on	analysing	relevant	and	less	obvious	relations.
Many	meteorological	studies	show	that	it	is	often	necessary	to	pre-select	or	filter	data	and	build	a	good	statistical	model	before	meaningful	relations	become	apparent.	It	is,	therefore,	likely	that	an	end-to-end	DL	weather	forecast	system	will	only	be	successful	if	it	contains	at	least	some	a	priori	knowledge	in	the	form	of	engineered	data	features	and
physical	constraints.	Just	how	much	of	this	is	needed	remains	to	be	seen.Newcomers	to	the	field	of	NWP	often	think	that	such	numerical	simulation	models	are	inherently	self-consistent,	because	they	are	based	on	a	well-defined	set	of	differential	equations.	However,	the	discretization	of	partial	differential	equations	describing	the	flow	dynamics	in
NWP	models	is	not	always	fully	mass	or	energy	conserving,	and	parameterization	schemes,	which	are	needed	to	incorporate	the	effects	of	unresolved	sub-grid	scale	processes	on	the	grid-scale	variables,	may	lead	to	spurious	competition	between	grid-scale	and	sub-grid-scale	processes,	for	example	in	cloud	schemes	[132,133].	Furthermore,	there	can
be	a	grey	zone	between	different	parameterizations	describing	related	aspects,	such	as	the	classical	distinction	of	shallow	and	deep	convection.	Also,	physically	related	parameterization	schemes	may	be	derived	from	different	empirical	data.	Furthermore,	internal	consistency	of	classical	NWP	no	longer	applies	if	one	considers	the	entire	NWP
workflow,	i.e.	if	statistical	models	are	used	to	post-process	the	model	output,	remove	biases	and	apply	other,	non-physical	corrections	to	the	model	forecasts.	This	discussion	does	not	intend	to	devalue	classical	NWP,	but	it	should	inspire	some	reflection	on	the	exact	meaning	and	the	value	of	consistency	in	the	weather	forecasting	and	DL	communities.
An	end-to-end	DL	weather	forecast	system	will	generate	consistency	among	forecast	products	only	to	the	extent	that	this	is	already	embedded	in	the	data,	unless	the	system	will	be	governed	by	physical	constraints	as	discussed	above.	To	what	extent	consistency	is	needed	to	obtain	a	‘good’	forecast	will	be	a	worthwhile	question	to	study	as	it	may
deepen	the	understanding	of	the	problem	at	hand	and	the	potential	which	DL	can	bring	to	weather	forecasting.The	final	discussion	point	of	this	article	concerns	the	estimation	of	forecast	uncertainty.	Owing	to	increased	computer	power,	it	has	become	possible	in	recent	years	to	produce	ensemble	forecasts	operationally.	Ensemble	approaches	have
also	been	introduced	in	DA	(see	§2).	In	a	nutshell,	ensemble	forecasts	aim	to	estimate	the	probability	density	function	of	the	forecast	variables.	Ensembles	are	most	often	generated	by	varying	the	initial	conditions	of	the	model	simulation,	but	there	are	also	attempts	to	sample	the	parameter	space	of	empirical	model	parameterizations.In	the	field	of	DL
research	ensemble	methods	are	used	less	often	because	they	are	computationally	expensive.	Statistical	concepts	such	as	Gaussian	process	(GP),	and	probabilistic	graphical	models	(PGM)	excel	at	probabilistic	inference	and	uncertainty	estimation.	However,	these	methods	do	not	scale	well	for	high-dimensional	and	high-volume	data	[134–136].
Therefore,	Bayesian	deep	learning	(BDL)	has	been	developed	and	applied	across	several	scientific	and	engineering	domains,	for	example	in	medical	diagnosis	[137]	or	autonomous	driving	[138].	In	essence,	these	methods	estimate	a	probability	density	function	of	the	DL	model	parameters.	As	side	effects	BDL	increases	the	robustness	against	over-
fitting	and	allows	training	of	the	NN	from	relatively	small	sample	sizes	[139].	Modern	BDL	methods	include	variational	inference,	Markov	Chain	Monte	Carlo	(MCMC)	sampling	[136],	and	Monte	Carlo	dropout	[140].Some	recent	studies	explored	the	BDL	concept	for	weather	forecasting	applications.	A	model	built	on	GRU	and	3D	CNN,	along	with
variational	Bayesian	inference	for	estimating	posterior	parameter	distributions,	has	been	presented	by	Liu	et	al.	[141]	for	probabilistic	wind	speed	forecasting	of	up	to	3	h.	A	study	from	Vandal	et	al.	[92]	demonstrates	the	use	of	BDL	to	capture	the	uncertainty	from	observation	data	and	unknown	model	parameters	in	the	context	of	statistical
downscaling	of	precipitation	forecasts.	These	are	relevant	contributions,	but	a	lot	remains	to	be	done	before	the	uncertainty	of	DL	weather	forecasts	can	be	assessed	at	a	level	similar	to	current	NWP	ensemble	systems.In	this	article,	we	discussed	the	potential	of	modern	DL	approaches	to	develop	purely	data-driven	end-to-end	weather	forecast
applications.	While	there	have	been	some	stunning	success	stories	from	DL	applications	in	other	fields	and	initial	attempts	were	made	to	apply	DL	to	meteorological	data,	this	research	is	still	in	its	infancy.	As	we	argue	in	§4,	there	are	specific	properties	of	weather	data	which	require	the	development	of	new	approaches	beyond	the	classical	concepts
from	computer	vision,	speech	recognition,	and	other	typical	ML	tasks.	Even	though	DL	solutions	for	many	of	these	issues	are	being	developed,	there	is	no	DL	method	up	to	now	which	can	deal	with	all	of	these	issues	concurrently	as	it	would	be	required	in	a	complete	weather	forecast	system.We	expect	that	the	field	of	ML	in	weather	and	climate
science	will	grow	rapidly	in	the	coming	years	as	more	and	more	sophisticated	ML	architectures	are	becoming	available	and	can	easily	be	deployed	on	modern	computer	systems.	What	is	largely	missing	in	the	field	of	meteorological	DL	are	benchmark	datasets	with	a	specification	of	appropriate	baseline	scores	and	software	frameworks	which	make	it
easy	for	the	DL	community	to	adopt	a	meteorological	problem	and	try	out	different	approaches.	One	notable	exception	is	Weatherbench	[142].	Such	benchmark	datasets	and	frameworks	are	well	established	in	the	ML	community	(e.g.	MNIST	[143]	or	ImageNet	[144])	and	they	contributed	substantially	to	the	rapid	pace	of	DL	developments	in
application	areas	such	as	image	recognition,	video	prediction,	speech	recognition,	gaming	and	robotics.	While	a	lot	of	meteorological	data	is	freely	available	from	weather	centres	and	research	institutions,	proper	use	of	these	data	requires	some	knowledge	about	Earth	system	science	and	the	data	formats	and	tools,	which	are	used	by	the
environmental	research	community.	It	might	help	if	tools	for	reading	and	working	with	these	datasets	were	integrated	in	major	ML	frameworks.When	reflecting	on	the	ultimate	goal	of	replacing	computationally	expensive	NWP	models	with	DL	algorithms,	it	is	important	to	reconsider	the	objectives	of	weather	forecasting	and	carefully	define	the
requirements,	which	must	be	met	by	any	potential	alternative	method.	Certain	criteria,	which	we	now	consider	essential	for	a	‘good’	weather	forecast,	may	in	fact	be	conceptions,	which	are	resulting	from	our	experiences	with	numerical	models,	and	they	may	not	be	applicable	to	forecasting	systems	based	on	DL.	One	particular	aspect	in	this	regard	is
self-consistency	of	forecast	results,	which	is	often	taken	for	granted	by	numerical	modellers,	even	though	it	is	not	strictly	fulfilled	in	current	NWP	forecast	systems.	In	this	article,	we	consciously	propose	thinking	about	a	replacement	of	the	entire	core	NWP	workflow	including	the	DA,	numerical	modelling,	and	output	processing,	because	the	task	of
weather	forecasting	can	then	be	described	as	a	huge	Big	Data	problem	of	mapping	a	plethora	of	Earth	system	observations	onto	a	well-defined	set	of	specific	end-user	weather	forecast	products.	Seen	in	this	way,	the	problem	of	weather	forecasting	is	more	amenable	to	DL	methods	than	a	replacement	of	the	actual	NWP	model	itself	with	its	grid
structure,	operator	concepts	etc.	which	are	tied	to	the	very	concept	of	classical	numerical	modelling.We	expect	that	the	success	of	DL	weather	forecast	applications	will	hinge	on	the	consideration	of	physical	constraints	in	the	NN	design.	Taken	to	the	extreme,	portions	or	variants	of	current	numerical	models	could	eventually	end	up	as	regulators	in
the	latent	space	of	deep	neural	weather	forecasting	networks.	So,	to	answer	the	question	posed	in	the	title	of	this	article,	we	can	only	say	that	there	might	be	potential	for	end-to-end	DL	weather	forecast	applications	to	produce	equal	or	better	quality	forecasts	for	specific	end-user	demands,	especially	if	these	systems	can	exploit	small-scale	patterns
in	the	observational	data	which	are	not	resolved	in	the	traditional	NWP	model	chain.	Whether	DL	will	evolve	enough	to	replace	most	or	all	of	the	current	NWP	systems	cannot	be	answered	at	this	point.This	article	has	no	additional	data.M.G.S.	designed	and	conceived	the	study.	All	authors	jointly	drafted,	read	and	approved	the	manuscript.We	declare
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show	promise	for	improving	modelling	and	forecasting	for	a	host	of	problems.	Environmental	science	is	one	of	many	applications	of	this	useful	technology	[1].	Although	weather	and	climate	have	been	traditionally	modelled	using	dynamical	and	physical	models	built	from	first	principles,	more	empirical	methods	have	also	proven	useful;	thus,	it	is
natural	that	AI/ML	would	find	applications	in	this	field.	Hereafter,	we	will	use	AI	to	encompass	ML	in	our	terminology.A	workshop	on	Machine	Learning	for	Weather	and	Climate	was	convened	at	Oxford,	UK,	in	September	2019	to	assess	the	state	of	the	science,	evaluate	progress,	and	propose	next	steps	along	the	pathway	to	realize	the	potential	of	AI
in	the	atmospheric	sciences.	Some	of	the	first	lectures	segmented	the	research	broadly	into	three	primary	groups:	post-processing,	emulating	processes	and	using	ML	to	build	full	models	[2,3].The	workshop	provided	time	and	space	to	discuss	each	of	these	topics	more	broadly.	Most	of	these	coauthors	became	part	of	the	working	group	assessing
opportunities	for	AI	to	improve	the	output	of	environmental	science	models,	known	as	post-processing,	while	the	rest	contributed	to	the	on-going	conversation	and	effort	to	archive	datasets	to	help	advance	the	science.	This	group	not	only	assessed	the	successes	of	the	environmental	science	community	in	leveraging	AI	for	post-processing	to	date	but
also	discussed	the	importance	of	disclosing	failures	as	a	measure	to	help	advance	the	science	more	rapidly.	The	authors	believe	that	a	vigorous	effort	should	be	made	to	explore	and	validate	modern	AI	methods.	We	see	a	host	of	opportunities	to	further	improve	numerical	weather	prediction	(NWP)	forecasts	and	climate	projections	at	a	minimal	cost
when	compared	with	other	model	development	efforts.	We	suggest	what	is	needed	to	move	forward,	discuss	what	will	constitute	success	and	make	some	concrete	recommendations	for	the	next	steps,	including	beginning	an	archive	of	example	problems	that	can	be	used	to	test	emerging	methods.Model	post-processing	corrects	systematic	errors	in
model	output	by	comparing	hindcasts	to	observations.	This	is	becoming	increasingly	important,	but	also	challenging,	as	NWP	model	resolution	has	increased	to	the	point	that	it	attempts	to	resolve	hyper-local	effects	and	structures	with	a	stochastic	nature.	Similarly,	in	climate	projections,	there	is	a	drive	towards	more	localized	information,	which	is
inherently	uncertain.	For	context,	NWP	forecast	systems,	through	model	improvements	and	assimilation	of	additional	observational	data,	have	historically	achieved	a	root-mean-square	error	(RMSE)	skill	improvement	of	approximately	one	day	every	10	years	[4].	However,	this	skill	has	arguably	been	attributable	to	increases	in	supercomputing	power
that	has	enabled	higher	model	resolution	and	more	comprehensive	data	assimilation	[5].	Unfortunately,	this	progress	is	unlikely	to	continue	under	the	death	of	Moore's	Law	(	.	In	this	context,	model	post-processing	becomes	yet	more	important	to	help	drive	skill	improvements	at	uncertain	length-scales	and	with	ever	more	limited	compute	resources.
AI	is	a	prime	candidate	for	developing	more	powerful	post-processing	approaches	that	can	represent	cheap	transfer	functions	in	fractions	of	the	development	time	of	traditional	approaches	(e.g.	[6]).AI	also	brings	the	ability	to	optimize	output	for	specific	tasks	by	choosing	appropriate	loss	functions.	The	same	set	of	NWP	forecasts	may	be	post-
processed	in	different	ways	according	to	the	needs	of	particular	end-users	and	the	decisions	they	have	to	make.	Built	on	statistical	foundations,	AI	post-processing	systems	not	only	have	the	capability	to	correct	biases	and	phase	shifts	in	numerical	forecasts,	but	also	have	the	potential	to	quantify	forecast	uncertainty—both	epistemic	(due	to	lack	of
knowledge)	and	aleatoric	(natural	randomness	of	a	process)—more	comprehensively	than	NWP	approaches,	and	in	doing	so	provide	better	information	for	decision	support.	In	this	sense,	AI	post-processing	can	act	as	a	bridge	between	the	physical	representation	of	the	atmosphere	provided	by	NWP	and	the	decision-making	requirements	of	end-users.
One	must	also	recognize	the	observation	error	in	the	‘truth’	data	to	which	the	AI	is	trained.	If	that	error	is	systematic,	AI	will	often	discover	and	correct	it.	Even	if	that	error	is	aleatoric,	AI	can	learn	a	correction	on	average	to	minimize	the	error.This	manuscript	reports	on	the	state	of	the	science	of	AI	post-processing	for	weather	and	climate	and
provides	a	foundation	for	further	progress	through	recommending	a	repository	of	methods	and	data	that	can	enable	the	community	to	move	forward.	Section	2	provides	a	brief	history	of	the	development	and	use	of	AI	for	post-processing	weather	and	climate	model	output	without	attempting	to	be	comprehensive.	The	working	group	considered	the
current	challenges	and	how	the	community	might	most	effectively	address	them,	including	setting	some	medium-term	goals	as	discussed	in	§3.	Section	4	considers	what	successful	application	of	AI	post-processing	in	weather	and	climate	will	look	like.	The	workshop	attendees	decided	to	make	a	distinct	impact	through	concrete	deliverables	as	laid	out
in	§5.	In	particular,	we	describe	the	need	for	a	repository	to	provide	common	assessment	tools	and	datasets	for	ML	scientists	to	test	methods	and	set	the	stage	for	intercomparison.	The	repository	and	initial	datasets	are	described.	Section	6	summarizes	and	provides	some	concluding	thoughts.Although	the	dynamic	models	of	weather	and	climate	have
formed	the	basis	for	prediction,	the	community	has	long	recognized	the	value	of	post-processing	the	forecasts	to	improve	accuracy	and	to	quantify	uncertainty.Global	Climate	Models	(GCMs)	and	NWP	models	provide	the	atmospheric	variables	necessary	to	determine	predicted	atmospheric	states	based	on	numerical	integration	of	a	discretized	version
of	the	Navier–Stokes	equations	[7].	However,	due	to	uncertainty	in	initial	conditions	and	numerical	approximation	as	well	as	the	non-linearity	of	the	system,	the	chaotic	error	tends	to	swamp	skill	from	initial	information	[8].	In	addition,	model	deficiencies	add	systematic	error	and	insufficient	observations	put	a	limit	on	the	resolution	of	initial
conditions.	For	as	long	as	NWP	forecasts	have	been	officially	issued	there	have	been	attempts	to	statistically	correct	these	methods,	given	observational	data	(e.g.	[9]).	This	can	be	viewed	directly	as	a	supervised	machine	learning	task.	Current	weather	forecasting	centres,	including	the	UK	Met	Office,	US	National	Center	for	Environmental	Prediction
(NCEP),	European	Center	for	Medium-Range	Forecasting	(ECMWF),	and	many	others	rely	on	statistical	methods	that	have	been	proven	successful.	The	initial	methods	employed	multilinear	regressions	and	became	known	as	Model	Output	Statistics	(MOS	[9]).	These	systems	expanded	to	treat	ensembles	and	became	Ensemble	Model	Output	Statistics
(EMOS)	[10,11].	These	statistical	learning	methods	have	been	used	in	practice	since	1968	by	the	U.S.	National	Weather	Service	to	improve	systematic	model	error	(e.g.	[12,13]).	These	methods	are	continually	refined	with	new	observational	data	and	show	major	skill	improvement	in	correcting	forecasts	from	0	to	10	days	[14].	MOS	and	EMOS,
however,	are	inherently	linear	techniques	that	are	notoriously	rigid	and	require	significant	tuning	(e.g.	specification	of	predictive	distribution	and	estimation	of	the	parameters,	e.g.	the	mean	and	the	standard	deviation	in	the	case	of	a	Gaussian	distribution).	AI	methods,	which	typically	allow	for	the	resolution	of	complex	nonlinear	processes,	open	up
opportunities	for	more	effective	corrections.Despite	the	success	of	statistical	corrections,	weather	forecasting	has	a	tradition	of	human	forecasters	weighing	the	relative	merits	of	the	various	models	according	to	the	situation.	AI	came	into	play	as	the	private	sector	began	to	forecast	beyond	a	single	country,	and	it	became	obvious	that	human
forecasters	could	no	longer	do	corrections	from	experience	for	the	entire	globe.	The	Weather	Company	realized	this	in	the	late	1990s	and	collaborated	with	the	National	Center	for	Atmospheric	Research	(NCAR)	to	develop	the	Dynamic	Integrated	foreCast	system	(DICast®)	that	learns	the	appropriate	weights	for	input	models	given	paired	historical
forecasts	and	observations	[15].	Figure	1	demonstrates	the	DICast	post-processing	methodology,	which	is	representative	of	the	many	other	systems	currently	being	used.	DICast	has	evolved	over	time	to	include	additional	machine-learning	methods	and	has	been	shown	to	dramatically	improve	forecasts	across	multiple	weather-dependent	applications
including	road	conditions	[16],	precision	agriculture,	wind	and	solar	energy	[17–20],	among	others.	Now,	many	commercial	weather	companies	and	national	centres	employ	AI-based	post-processing	methods	[21].	Figure	1.	DICast	post-processing	progresses	in	a	two-step	process	using	historical	forecasts:	1)	bias-correcting	each	model's	input	using
any	of	a	number	of	MOS-like	methods	and	2)	determining	optimal	weighting	for	each	model	for	each	forecast	time	and	each	lead	time	[15].	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointTo	deal	with	the	aforementioned	inherent	uncertainty	in	NWP	forecasts,	the	national	centres	now	run	ensembles	of	model
forecasts	with	perturbations	to	initial	conditions	or	other	methods	of	initiating	perturbations	in	the	simulations	[22–25].	As	with	deterministic	forecasts,	these	ensemble	forecasts	may	have	biases	in	their	mean	and	the	spread	may	not	be	calibrated	against	the	actual	uncertainty.	Thus,	methods	to	ameliorate	these	problems	have	been	devised	to	bias
correct	the	mean	deterministic	value	as	well	as	to	calibrate	the	spread.	The	first	techniques	developed	were	statistical	methods	such	as	the	EMOS	described	earlier	[10,11],	quantile	regression	[26,27],	Bayesian	model	averaging	[28],	linear	variance	calibration	[29,30],	among	others.	This	challenge	also	can	be	met	through	the	application	of	AI
methods.	Some	of	these	methods	involve	identifying	regimes	using	some	clustering	or	another	method	to	identify	similar	past	forecasts.	Hamill	and	Whittaker	[31]	and	Hamill	et	al.	[32]	describe	an	analogue	approach	to	calibrating	ensembles	of	precipitation	forecasts.	Greybush	et	al.	[33]	describe	a	multi-step	approach	that	first	splits	the	forecasts
into	regimes	using	principal	component	analysis	then	applies	AI-based	methods	to	distinguish	among	weather	regimes	to	produce	weighted	consensus	forecasts	of	surface	temperature.	McCandless	et	al.	[34]	tested	multiple	AI	methods	for	improving	ensemble	member	weighting	for	predicting	snowfall	accumulation.Several	methods	have	been	used	to
more	directly	provide	probabilistic	information	with	AI	approaches.	Krasnopolsky	[35]	reviews	the	use	of	Artificial	Neural	Networks	(ANNs)	to	form	ensembles	for	various	applications.	He	compares	nonlinear	ANN	approaches	to	linear	ones	and	demonstrates	marked	improvements	using	the	nonlinear	approaches	for	several	variables.	Evolutionary
programming	(EP)	has	also	proven	useful	for	generating	AI	ensembles.	EP	methods	have	been	used	to	evolve	ensembles,	demonstrating	that	smaller	temperature	RMSEs	and	higher	Brier	Skill	Scores	could	be	generated	than	with	a	21-member	operational	ensemble	[36].	This	method	is	also	useful	for	minimum	temperature	forecasts,	then
demonstrated	further	improvements	for	adaptive	methods	[37,38].	The	analog	ensemble	(AnEn)	method	has	arisen	as	a	machine-learning	technique	to	directly	predict	both	deterministic	forecast	values	and	to	quantify	uncertainty	directly	from	a	single	high-quality	NWP	run	of	sufficient	length	[39].	The	AnEn	uses	a	time	series	of	historical	forecast
variables	and	their	corresponding	verifying	observations.	For	each	current	forecast	being	made,	the	AnEn	looks	back	in	the	historical	record	to	find	the	n	most	similar	forecasts.	The	verifying	observations	then	become	an	n-member	ensemble	that	is	used	to	estimate	the	uncertainty	of	the	forecast.	The	mean	of	that	ensemble	becomes	the	improved
forecast	value.	The	AnEn	has	been	shown	to	improve	upon	raw	ensemble	output	as	well	as	upon	some	common	statistical	methods	[39].AI	methods	have	been	highly	used	in	applications	that	derive	from	NWP	forecasts.	For	instance	prediction	of	severe	weather	has	seen	a	plethora	of	AI	methods	applied	to	improve	predication	[40].	Random	forests
[41],	for	instance,	can	model	nonlinear	relationships	including	arbitrary	predictors	while	being	robust	to	overfitting.	In	weather	post-processing,	quantile	regression	forest	models	have	been	proposed	by	Taillardat	et	al.	[42]	and	extended	to	include	combinations	with	parametric	approaches	[43].	The	prediction	of	mesoscale	convective	areas	has	been
shown	to	be	successful	with	decisions	trees	by	Gagne	et	al.	[44]	and	Ahijevych	et	al.	[45].	Gradient	boosted	regression	trees	proved	the	most	accurate	method	for	predicting	storm	duration	and	forecasting	severe	wind	[46].	Gagne	et	al.	[47,48]	have	applied	machine	learning	methods	including	random	forests	and	gradient	boosted	regression	to	predict
the	probability	of	severe	hail.Where	applications	have	financial	implications	may	be	where	AI	has	been	applied	most	frequently	to	improve	forecasts.	For	instance,	as	more	renewable	energy	is	being	deployed,	it	becomes	increasingly	important	to	accurately	predict	the	daily	variations	in	wind	speed	and	solar	irradiance	directly	at	the	plants	using	local
observations.	AI	combined	with	NWP	models	has	proven	to	be	a	best	practice	to	estimate	the	timing	of	changes	[17,19,49].	Methods	such	as	autoregressive	models,	Artificial	Neural	Networks,	Support	Vector	Machines,	and	blended	methods	have	shown	success	at	providing	nonlinear	corrections	to	models	[15,50,51].	Such	techniques	can	improve
upon	a	forecast	by	10–15%	over	the	best	model	forecast	[15,19,49].	Probabilistic	forecasts	of	these	variables	are	also	important	to	industry	[52–54].	The	AnEn	described	above	has	proven	useful	for	predicting	both	wind	[55]	and	solar	power	[56].Beyond	the	NWP	forecasting	timescales	of	10–14	days,	forecast	centres	are	increasingly	providing
subseasonal	and	seasonal-scale	forecasts.	At	seasonal	to	decadal	timescales,	initialized	coupled	climate	models	are	used	to	skilfully	forecast	shifts	in	regional	climates	[57].	However,	this	skill	relies	on	extensive	post-processing	to	correct	for	regression	from	initialized	climatology	to	model	resting	climatology	known	as	‘bias-correction’	[58].A	growing
area	of	research	is	to	use	known	knowledge	of	physics	in	terms	of	physical	laws	and	conservation	properties	in	machine	learning	algorithms	to	constrain	the	training	and	improve	the	algorithms	further.	For	example,	a	generative	adversarial	network	(GAN)-based	model	for	simulating	turbulent	flows	can	be	further	improved	by	incorporating	physical
constraints,	e.g.	energy	spectra	[59],	in	the	loss	function.	Convolutional	neural	network	(CNN)-based	models	for	parameterizing	subgrid-scale	physics	can	be	further	improved	to	represent	the	mean	climate	by	constraining	global	conservation	properties	e.g.	conservation	of	momentum	[60].Climate	model	simulations	routinely	have	spatial	and
temporal	(e.g.	seasonal)	biases	with	respect	to	observations,	some	of	which	are	systematic	across	climate	models	(e.g.	Southern	Ocean	warm	bias	as	described	in	[61,62]).	When	constructing	future	climate	predictions	using	available	simulations	run	under	set	future	emission	scenarios,	it	is	important	that	any	model	biases	are	corrected	before	making
impact	assessments	(e.g.	crop	yield	projections	which	may	be	a	function	of	the	number	of	days	above/below	a	given	threshold	within	the	growing	season).	These	bias	corrections	are	often	made	by	calculating	the	differences	(deltas)	in	probability	distribution	functions	(PDFs)	between	the	historical	climate	model	and	observations	and	then	applying
these	deltas	to	the	future	climate	simulation.	This	assumes	that	the	biases	are	not	time-varying.	Similarly,	another	post-processing	method	known	as	change	factor	calculates	the	PDF	deltas	between	historical	and	future	climate	runs	within	the	same	climate	model	and	then	applies	these	deltas	to	the	observed	distribution.	Depending	on	the	shape	of
the	climate	variable's	distribution	(Gaussian	versus	skewed),	the	PDF	deltas	may	be	calculated	by	using	the	PDF	means,	means	and	variance,	or	quantile	mapping	[63,64].	There	is	great	potential	here	to	use	AI	to	perform	nonlinear	multivariate	and	spatial-temporal	bias	correction	on	climate	model	output.A	similar	process	was	applied	to	assess	the
changes	in	the	wind	and	solar	resources	over	the	United	States	in	a	projected	climate	change	scenario	for	a	period	spanning	2040–2069	based	on	GCM	simulations	[65].	In	that	work,	self-organizing	maps	(SOMs)	were	used	to	distinguish	patterns	representative	of	climate	regimes,	then	to	simulate	a	proxy	future	climate	through	Monte	Carlo
simulation	of	the	correct	pattern	for	a	given	month	in	the	future,	utilizing	a	computed	bias	correction	(similar	to	the	change	factors)	for	future	temperature	changes.More	recently,	deep	learning	(DL)	techniques	have	been	revolutionizing	how	spatial	data	can	be	analysed	and	better	predicted.	DL	neural	networks	and	their	subclasses	(convolution,
long-short	term	memory,	etc.)	are	known	to	be	able	to	approximate	nonlinear	functions	[66]	with	the	developed	transfer	functions	learned	from	the	data	alone.	Gagne	et	al.	[48]	have	applied	convolutional	neural	networks	(CNN)	to	NWP	data	to	identify	storms	most	likely	to	develop	severe	hail,	then	to	identify	features	of	those	storms	that	make	them
hail	producing.	Lagerquist	et	al.	[67]	used	CNN	to	predict	the	movement	of	weather	fronts,	and	Chapman	et	al.	[68]	showed	these	methods	to	be	superior	for	predicting	integrated	water	vapour,	an	indicator	of	atmospheric	rivers.	McGovern	et	al.	[69]	demonstrated	how	to	advance	beyond	just	blindly	applying	these	methods	to	better	understand
physics.	These	methods	have	proven	successful	for	deterministic	forecast	improvement	that	encodes	spatial	information	while	also	being	able	to	provide	tuned	probabilistic	estimates	of	uncertainty	(e.g.	[6,70]).	Gronquist	et	al.	[71]	demonstrate	applying	DL	methods	to	substantially	improve	uncertainty	quantification	skills	for	global	weather	forecasts,
including	for	extreme	weather	events.In	addition	to	the	use	of	AI	for	post-processing	individual	weather	models,	there	is	an	opportunity,	and	perhaps	a	need,	to	use	AI	as	an	‘algorithmic	interface’	to	weather	model	output.	As	ever	more	weather	models	come	online,	each	with	increasingly	high	resolution	and	with	more	numerous	ensemble	members,
meteorologists	are	increasingly	stretched	to	reliably	and	accurately	summarize	the	available	information	into	meaningful	forecasts	for	end-users.	While	this	is	less	of	an	issue	in	day-to-day	forecasting	(where,	for	example,	reporting	a	simple	ensemble	mean—human	out	of	the	loop—may	be	sufficient)	it	becomes	much	more	significant	in	the	context	of
hazard	warnings,	where	probabilistic	forecasts	need	to	be	well-calibrated	in	order	to	be	effective.In	fact,	there	exists	a	gap	between	the	information	output	by	NWP	models	(a	set	of	predictions	of	weather	outcomes,	each	likely	to	be	carrying	biases)	and	the	information	required	to	make	optimal	decisions	(which,	according	to	decision	theory,	would	be
a	well-calibrated	probability	distribution	over	weather	outcomes).	While	the	outputs	of	traditional	NWP	modelling	could	be	viewed	as	a	sparse	approximation	of	the	desired	probability	distribution	over	outcomes,	the	use	of	AI	to	debias	and	‘infill’	this	probability	distribution	based	on	all	available	information	seems	an	important	area	for	AI	post-
processing.	The	development	of	such	systems,	which	can	optimally	extract	and	present	information	from	the	range	of	models	they	oversee,	has	the	potential	to	not	only	improve	on	probabilistic	forecasting	when	it	matters	most	but	also	facilitate	individual	model	development	by	providing	overarching	consistency	in	output,	so	that	drastically	changing
an	individual	model	will	not	break	the	system	(the	overall	output	will	be	carried	by	the	other	unchanged	models	until	the	performance	of	the	updated	model	is	sufficiently	well	learned	to	be	given	influence).	This	behaviour	could	be	achieved	through	dynamically	weighing	the	influence	of	the	separate	forecasting	models,	according	to	a	model	stacking
procedure	(e.g.	[15]).	This	‘AI	overseer’	approach	also	opens	the	door	to	use	more	experimental	forecasting	model	designs	in	operational	settings,	for	example,	purely	statistical	forecasts	could	be	run	alongside	numerical	ones,	with	their	optimal	weightings	in	the	final	output	learned	dynamically	on-the-fly.As	with	any	method,	there	is	a	cost	to
modelling	that	involves	obtaining	sufficient	amounts	of	data,	computational	time	and	researcher	time.	These	costs	vary	widely	depending	on	the	task	to	be	performed,	the	data	requirements,	the	method	employed,	and	the	accuracy	desired.	Although	there	are	rules	of	thumb	for	data	requirements	for	some	methods,	there	are	many	exceptions	to	those
rules.	For	instance,	for	a	simple	temperature	forecasting	post-processing	method	with	an	ANN,	one	typically	desires	at	least	a	year's	worth	of	data	to	capture	diurnal	and	seasonal	cycles	in	the	data	(one	may	wish	to	include	day-of-year	and	hour-of-day	variables).	With	multiple	years	of	data,	accuracy	may	improve.	These	data	requirements	are	not
dissimilar	to	those	of	statistical	methods	such	as	MOS.	For	dynamic	methods	such	as	DICast	that	are	retrained	frequently,	less	data	may	be	required	to	produce	optimal	results—DICast	can	be	optimized	with	90	days	of	data	or	less	[15,20].	The	computational	time	for	these	methods	is	trivial	in	comparison	with	the	time	to	accomplish	the	NWP
simulations.	Standard	applications	have	become	rather	inconsequential	in	terms	of	required	person	time	to	train,	test	and	apply	the	methods.	Research	into	how	to	design	optimal	methods,	such	as	any	research	problem,	can	consume	as	much	personal	time	as	the	researcher	has	interest.	In	contrast,	deep	learning	problems	with	many	inner	nodes
require	substantially	more	data	and	computational	time	to	train	the	DL	model.One	of	the	few	examples	of	a	cost/benefit	analysis	of	an	AI	application	was	accomplished	by	Delle	Monache	et	al.	[39]	who	trained	an	AnEn	on	a	single	high-quality	NWP	simulation	and	compared	it	to	running	a	coarser	resolution	21-member	ensemble	with	EMOS	post-
processing.	They	found	that	the	AnEn	performed	better	in	terms	of	both	deterministic	and	probabilistic	forecasts	at	a	substantially	lower	computational	cost.We	see	an	expeditious	and	successful	post-processing	AI	and	ML	community	being	predicated	on	four	features:	trustworthiness,	interpretability,	usability	and	technique.Since	AI	is	now	being
used	across	many	domains	for	decision-making	that	affects	people's	lives,	there	is	growing	realization	by	funding	bodies	that	trustworthiness	is	a	key	factor	in	the	continued	uptake	of	such	systems.	For	example,	in	the	UK,	UKRI	has	already	established	doctoral	training	centres	for	‘Accountable,	Responsible	and	Transparent	AI’	and	‘Safe	and	Trusted
Artificial	Intelligence’	(as	examples,	ref	UKRI	website:	and	in	the	US	.	In	scientific	domains,	robustness	and	reproducibility	are	important	factors	that	influence	trust.	In	the	past,	AI	research	has	often	ignored	these	factors,	but	the	community	is	becoming	more	aware	of	the	issues.	For	example,	some	recent	studies	have	attempted	to	apply	greater
rigour	to	benchmarking	and	comparing	similar	techniques	[72]	and	also	proper	evaluation	of	the	claim	that	metric	learning	systems	have	been	achieving	ever-increasing	accuracy	[73]).	These	studies	found	various	deficiencies	such	as	the	way	algorithms	were	compared,	poor	training	and	hyperparameter	tuning	strategies	and	weaknesses	in	accuracy
metrics.	In	particular,	Musgrave	et	al.	noted	that	the	AI	community	lacked	proper	benchmarking	strategies.	Direct	and	interpretable	method	success	and	failure	metrics	are	crucial	for	impactful	and	trustworthy	post-processing	methods.	In	practice,	this	means	testing	against	classic	techniques	(MOS,	EMOS,	Bayesian	model	averaging,	etc)	to
determine	the	level	of	effectiveness	of	the	proposed	methodology	with	rigorous	confidence	intervals	(i.e.	block	bootstrapping)	on	data	that	the	method	and	the	practitioner	have	not	previously	used.	This	includes	separating	the	training,	testing,	and	validation	data	into	temporal	slices	to	ensure	that	no	temporal	correlation	can	cause	artificially	inflated
skill	between	testing	and	training.	Standard	techniques	exist	in	the	weather	community	to	evaluate	both	probabilistic	(continuous	ranked	probability	score,	rank	histograms,	etc.)	and	deterministic	(RMSE,	bias,	correlation,	etc.)	skills.	However,	the	correct	metrics	must	be	chosen	for	the	target	variable.	For	example,	RMSE	can	be	largely	ineffective
for	precipitation,	a	field	dominated	by	null	values	and	can	lead	to	erroneous	results,	where	thresholded	relative	operating	characteristics	might	be	much	more	appropriate.	Rigorous	and	tedious	testing	will	help	to	ensure	each	method's	worth	and	elucidate	the	true	value	added	by	the	post-processing.Related	to	the	previous	section,	trust	in	AI	methods
is	also	affected	by	a	lack	of	interpretability	due	to	the	complex	structure	of	typical	AI	architectures.	AI	is	plagued	by	the	so-called	‘black	box’	syndrome,	although	this	perception	is	often	quoted	without	domain	knowledge.	In	response,	a	scientific	effort	has	emerged	to	demystify	the	inner	workings	of	the	AI	methods	and	instill	community-wide	trust	in
their	use	[74–76].	More	recently,	the	environmental	sciences	community	has	also	taken	up	this	challenge	and	is	striving	to	develop	trust	and	acceptance	around	AI	interpretability	and	to	demonstrate	an	understanding	of	the	underlying	physics	at	play	[69,77].	This	emphasis	on	explainable	AI	is	beginning	to	resonate	with	the	funding	agencies,	which	is
now	accelerating	research	in	this	area.	For	instance,	specific	success	has	been	seen	in	interpretable	machine	learning	in	the	weather	community,	including	Jacobian	methods	of	saliency,	backwards	optimization	and	class	activation	[48,67],	and	input	permutation	for	feature	importance	[6,41,78].	Another	area	revolves	around	novelty	detection	in
conjunction	with	principal	component	analysis	[79].A	statistical	post-processing	task	begins	with	data	cleaning.	This	process	is	often	unnecessarily	tedious	owing	to	the	structure	and	unique	‘edge-cases’	inherent	to	output	model	data.	Clear	documentation	and	use	cases	in	the	output	forecast	file	would	expedite	the	cleaning	process	exponentially.	This
includes	metadata	and	any	processing	(regridding,	averaging,	etc.)	that	has	been	performed	on	a	given	dataset,	including	missing	values	and	the	accurate	date	and	time	stamps.	We	recommend	that	modelling	centres	adopt	the	‘FAIR	principles’	([80];	,	namely	data	must	be	1)	Findable,	2)	Accessible,	3)	Interoperable	and	4)	Reusable.Machine	and
statistical	learning	require	long	and	consistent	datasets	without	shifting	systematic	distribution	relationships	between	forecasted	and	observed	conditions.	Thus,	new	model	development	is	detrimental	to	the	post-processing	techniques.	Experiments	have	shown	that	two	seasons	of	homogeneous	data	(approx.	300	forecasts)	are	required	to	elucidate
stable	statistical	biases	using	traditional	linear	approaches	[12],	while	bootstrap	experiments	with	surface	wind	data	indicated	that	more	than	200	cases	would	be	required	to	control	overfitting	of	the	development	sample	[81].	Linear	methods	(like	MOS)	could	potentially	benefit	from	this	short	of	a	training	set,	but	deep	learning	methods	require	much
more	data	to	develop	the	conditional	bias	relationships	that	we	hope	to	discriminate.	We,	therefore,	urge	that	each	new	model	development	system	creates	and	retains	long	historical	reforecast	data	sets.	These	reforecasts	should	be	planned	as	part	of	the	iterative	model	improvement	and	release	cycle.	To	that	end,	we	call	for	a	systematic	study	of
reforecast	length	versus	post-processing	skill	in	order	to	more	accurately	capture	the	required	length	of	reforecast	data.	The	question	then	becomes:	is	it	more	valuable	to	develop	better	NWP	or	better	post-processing?	How	should	weather	services	balance	their	efforts	and	weigh	the	potential	improvements	from	additional	training	data	against
potential	improvements	from	NWP	model	improvements	[82]?	Additionally,	we	should	consider	developing	and	assessing	modelling	systems	by	the	skill	of	the	post-processed	model	output,	rather	than	that	of	the	model	alone.All	supervised	AI	post-processing	techniques	require	ground	truth	data	to	develop	a	linking	function	between	the	forecast	and
observations.	The	continued	development	of	new	long-running	reanalysis	products	[83]	provides	many	desired	ground	truth	variables	(i.e.	temperature	and	precipitation).	However,	less	common	ground	truth	variables	are	often	tedious	to	calculate	due	to	massive	data	download	requirements.	The	post-processing	workflow	could	be	expedited	if
modelling	centres	continued	communication	with	end-users	about	desired	labelled	output	variables.	Efforts	by	modelling	centres	are	already	underway	to	integrate	user	feedback	and	produce	desired	variables	(i.e.	lightning,	integrated	vapour	transport	and	Max	CAPE/CAPES	,	and	the	authors	commend	and	encourage	this	collaboration.In	order	to
further	develop	successful	techniques,	weather	benchmarking	datasets	need	to	be	developed	and	curated	for	fast	technique	development.	Standardized	datasets	that	have	been	post-processed	with	classic	methods	should	be	made	available	to	the	community	to	quickly	test	the	efficacy	of	new	ideas	and	methods.	Such	datasets	will	enable	rapid
prototyping	and	architecture	testing.Lastly,	research	may	demonstrate	the	enhanced	skill	of	a	new	technique,	but	will	that	skill	be	successfully	realized	in	an	operational	system?	Thus,	engineering	a	post-processing	library	is	vital	for	proper	technology	transfer.	Additionally,	communicating	early	with	the	intended	end-user	to	determine	needs	will
expedite	the	entire	process.	Finally,	the	movement	toward	a	culture	of	sharing	code	and	model	implementations	could	push	science	forward	at	a	much	faster	rate.The	AI	community	constantly	develops	new	modelling	methods	to	capture	as	much	predictable	skill	from	a	dataset	as	possible.	The	key	for	the	weather	community	is	to	leverage	domain
knowledge	to	determine	what	in	these	new	methods	is	appropriate	and	valuable	for	weather	forecast	post-processing.	For	example,	Chapman	et	al.	[68]	leveraged	convolutional	neural	networks,	which	develop	spatial	relationships	acting	on	input	image	data,	to	capture	large-scale	weather	features	(rather	than	local	forecast	features	alone)	for
predictive	point	measurement	post-processing.Due	to	the	aforementioned	sensitivity	to	initial	conditions,	uncertainty	quantification	has	become	a	priority	of	forecasting	centres.	Thus,	the	major	forecasting	centres	rely	on	ensemble	systems	in	order	to	capture	the	uncertainty	inherent	in	the	natural	variability	of	the	weather	system	and	model
initialization.	The	rise	of	Bayesian	ML	methods	(Gaussian	processes,	etc)	and	Bayesian	neural	networks,	which	produce	distribution-to-distribution	regression,	can	help	quantify	the	uncertainty	in	a	post-processed	value	rather	than	predict	the	mean	state	alone.	Other	methods	are	reviewed	in	§2.	Perhaps,	we	could	replace	model	ensembles	with	ML
post-processing	and	substantially	decrease	the	required	computational	resources	by	eliminating	some	ensembles.	Lee	et	al.	[84]	showed	that	for	forecasting	2-m	temperature	and	10-wind,	with	calibration	the	number	of	members	of	an	NWP	ensemble	could	be	cut	in	half.	Subsequent	work	indicated	that	the	weighting	of	ensemble	members	varies	by
season,	but	that	a	42-member	physics	ensemble	could	be	represented	with	just	7–10	members	[85].	Such	an	approach	would	allow	computer	power	to	be	devoted	to	higher	resolution	NWP	simulations	in	place	of	more	ensemble	members.	This	work	requires	further	testing	but	offers	an	exciting	avenue	for	probabilistic	forecasting.	Parallels	can	be
drawn	between	this	thinking	and	the	popular	AnEn	methods,	which	produce	well-calibrated	and	unbiased	ensemble	estimates	from	a	single	NWP	simulation	[39].The	working	group	considered	major	goals	as	metrics	for	success	in	the	coming	years.	For	the	weather	community,	successful	use	of	AI	will	be	visible	when	major	centres	include	AI	post-
processing	as	a	step	in	how	they	make	their	forecasts.	Several	centres	are	moving	in	this	direction.	For	instance,	Météo	France	is	currently	implementing	a	random	forest	for	post-processing	ensemble	forecasts	[26],	paving	the	way	towards	more	full	implementation.For	AI	to	be	fully	integrated,	this	would	imply	that	when	changes	are	made	to	the
systems,	the	centre	would	consider	the	post-processed	result	rather	than	the	output	of	the	NWP	models	alone.	It	would	also	involve	making	computational	space	and	time	for	the	AI	method	a	priority.	This	would	also	imply	trust	in	the	methods,	which	will	come	with	rigorous	statistical	validation.	Such	applications	could	be	in	terms	of	post-processing
NWP	output,	ML	downscaling,	implementation	as	part	of	satellite	products,	enhancing	prediction	for	high	impact	events	and	anomaly	detection.	It	may	involve	conditional	correction,	such	as	identifying	a	regime	and	providing	regime-dependent	corrections.	To	accelerate	such	progress	requires	the	ability	to	not	only	publish	successful	applications	but
also	the	failures.	If	failures	are	also	routinely	published,	a	vast	amount	of	time	could	be	saved	by	not	having	each	research	group	try	the	same	thing.	In	fact,	a	repository	of	failures	could	be	quite	valuable	to	the	community.In	the	climate	arena,	downscaling	using	AI	could	save	vast	amounts	of	computational	power	and	time	while	maintaining	the	type
of	accuracy	needed	if	research	advances	to	the	place	where	the	methods	are	fully	trusted.	AI	can	assist	with	intelligently	weighing	the	models	in	CMIP	runs	to	produce	a	‘best	estimate’	rather	than	a	simple	mean	or	median.	Using	feature	detection	as	a	new	product	of	the	output	could	aid	in	better	understanding	changes	in	patterns	and	the	potential
emergence	of	new	patterns.As	discussed	in	the	prior	section,	community	trust	in	the	output	of	AI-post-processed	model	runs	could	lead	to	faster	discovery	and	deeper	understanding	of	weather	and	climate	simulations.	This	acceptance	hinges	entirely	on	the	development	of	interpretability	methods	and	statistically	rigorous	proof	of	model
improvement.To	achieve	the	vision	articulated	above,	some	specific	actions	could	form	a	roadmap	to	catalyse	the	application	of	AI	post-processing	towards	achieving	the	vision	articulated	above.	Specifically,	we	call	for	1)	development	of	a	data	repository	for	fast	development	of	post-processing	techniques,	2)	data	standardization	methods	(FAIR),	3)
calls	for	studies	on	interpretability	methods,	4)	metadata	and	model	documentation	for	labelled	training	data	and	5)	a	database	of	recorded	AI	failures	to	limit	duplication	of	effort	across	the	research	community.As	a	result	of	these	deliberations,	we	wish	to	contribute	to	the	actions	that	we	propose.	In	particular,	we	propose	an	open-access
experimental	testbed	database	on	which	traditional	methods	have	been	implemented	in	order	to	set	benchmarking	points	for	the	rapid	development	of	new	machine	learning	methods	[86].	We	have	chosen	these	datasets	to	represent	various	temporal	and	spatial	scales	and	problems	that	are	of	current	interest	to	atmospheric	scientists.	To	initiate	this
repository,	we	provide	five	separate	and	clean	weather	and	climate	forecast	fields	(detailed	below)	from	over	eight	modelling	agencies,	along	with	the	verifying	forecast	values.	The	datasets	include	both	ensemble	and	deterministic	forecasts	and	offer	a	plethora	of	avenues	for	post-processing	research.	The	data	are	permanently	archived	at	the
University	of	California	San	Diego	Libraries	(	,	and	we	provide	tested	Python	code	to	aid	in	rapid	analysis	and	evaluation	of	results	(	.	Each	dataset	includes	truth	data,	model	data,	and	an	example	application.	The	problems	are	summarized	in	table	1.	Table	1.	Summary	of	five	datasets	archived	in	repository.Data	SetMadden-Julian	Oscillation
ForecastPacific	North	American	ForecastIntegrated	Vapour	Transport	(IVT)	ForecastGermany	T2 m	ForecastUK	Surface	Road	Conditions	ForecastModelling	CenterCMA,	CMC,	CPTECT,	ECMWF,	JMA,	KMA,	NCEP,	UKMOCMA,	CMC,	CPTECT,	ECMWF,	JMA,	KMA,	NCEP,	UKMONCEP–GFSECMWFUKMO–MORSTForecast
typeEnsembleEnsembleDeterministicEnsembleEnsembleForecast	lead	time0–15	days	(daily)0–15	days	(daily)006 h,	048 h,	168 h48 h0–168 h	(hourly)Region	of	interestCombined	EOF	1	&	2	of	15° S–15° N	average	U200	&	U850	as	in	(Wheeler	and	Hendon	2004	[87])PNA	Lat/Lon	locations	as	in	(Wallace	and	Gutlzer	1981	[88])Gridded	Lat[10° N,	60° N],
Lon[180°,110° W]	(0.5° × 0.625°)537	German	observation	station	locationsFour	undisclosed	locationsTime	span2006–20192006–20192006–20182007–2016Dec	2018–Mar	2019Ground	truthForecast	hour	0	RMM1	and	RMM2	index	analysisForecast	hour	0	PNA	index	AnalysisGridded	MERRA2	reanalysis	IVT	(0.5° × 0.625°)T2 m	stationsStation	surface
temperatureVariable	of	InterestRMM1	and	RMM2	Index	ForecastPNA	Index	AnalysisGridded	GFS	IVT	forecast	(0.5° × 0.625°)T2 m	ForecastRoad	surface	forecastThe	Github	repository	provides	a	series	of	Jupyter	Notebooks	demonstrating	how	to	load,	interpret,	prepare	and	split	datasets,	train	simple	benchmark	post-processing	algorithms	and	score
the	output	with	appropriate	scoring	metrics	typical	within	the	weather	forecasting	field.	This	combination	of	technologies	means	that	anyone	with	access	to	a	Python	environment	can	quickly	install	a	data	catalogue,	which	will	present	them	with	Python	objects,	representing	these	large,	distributed	datasets.	The	user	also	gains	access	to	standard	post-
processing	methods	that	can	serve	as	a	benchmark	reference	to	test	against	their	developed	algorithmic	post-processing	solutions.	A	description	of	each	available	dataset	is	provided	below.This	paper	is	a	first	method	of	advertising	this	repository.	A	second	step	is	to	archive	them	on	Pangeo	(which	is	in	the	works).	A	third	step	is	to	engage	NCAR,	the
UKMO,	the	EUMETNET	working	group	on	post-processing	and	NOAA	in	publicizing	them	as	part	of	their	recent	initiatives	in	AI.	For	instance,	they	have	been	used	in	two	recent	EUMETNET	workshops	on	post-processing	and	AI,	and	there	is	planned	use	in	an	NCAR	2021	Summer	School.	We	will	also	promote	use	for	student	projects	in	regular
university	courses.	We	expect	to	track	downloads,	archive	papers	that	come	from	the	datasets	and	encourage	researchers	to	communicate	with	the	dataset	owner	and	perhaps	even	write	papers	comparing	AI	techniques	applied	to	these	datasets.	In	keeping	with	our	recommendations	above,	we	will	encourage	documenting	failures	as	well	as
successes	to	accelerate	community	learning.We	offer	datasets	representing	two	climate	variability	modes	identified	from	eight	separate	operational	weather	forecast	models	for	more	than	a	decade	worth	of	forecasts.	These	datasets	are	provided	as	benchmark	datasets	for	training	post-processing	algorithms	to	improve	forecasts	of	these	large-scale
modes	of	variability,	and	concomitantly,	subseasonal	forecast	skill	of	other	related	weather	patterns.The	Madden-Julian	Oscillation	(MJO—[89,90]),	a	dominant	intraseasonal	mode	of	variability	in	the	Tropics	and	a	significant	source	of	predictability	globally	on	subseasonal	timescales,	has	been	identified	using	statistical	techniques	on	forecast
variables.	We	use	the	zonal	winds	at	850 hPa,	200 hPa,	and	outgoing	longwave	radiation	from	both	the	forecast	models	and	observations	to	diagnose	the	MJO	and	evaluate	its	forecast	skill.	The	dataset	spans	multiple	ensembles	(ranging	from	51	to	10	members,	depending	on	the	operational	weather	forecast	model)	of	daily	forecasts	from	2006	to
2019.	Figure	2	represents	the	indices	of	the	empirical	orthogonal	functions	(EOFs)	as	a	function	of	latitude	for	the	coupled	leading	modes	of	the	MJO.	Figure	2.	All-season	multivariate	(a)	first	and	(b)	second	combined	empirical	orthogonal	function	(CEOF)	modes	of	20–100	day	15° S-15° N-averaged	zonal	wind	at	850 hPa	and	200 hPa	from	NCEP
Reanalysis	and	OLR	from	the	NOAA	satellite	for	1980–1999.	The	total	variance	accounted	for	by	each	mode	is	shown	in	parenthesis	at	the	top	of	each	panel.	See	Subramanian	et	al.	[91,92]	for	a	further	exploration	of	the	MJO.	Download	figureOpen	in	new	tabDownload	PowerPointSimilarly,	the	Pacific	North	American	pattern,	which	represents	large-
scale	weather	variability	over	the	Pacific	Northwest	region,	has	been	identified	using	the	geopotential	height	field	in	a	method	consistent	with	Wallace	&	Gutzler	[88]	in	both	observations	and	model	forecasts.	The	PNA	is	an	important	teleconnection	pattern	and	heavily	influences	North	American	Weather.	Additionally,	the	PNA	is	strongly	forced	by
the	El	Nino-Southern	Oscillation	and	its	forecast	skill	is	modulated	likewise	[93,94].A	third	dataset	is	the	forecasted	magnitude	of	integrated	vapour	transport	(IVT)	from	the	National	Center	for	Environmental	Predictions	Global	Forecast	System	(GFS).	IVT	is	a	combined	momentum	and	thermodynamic	metric	that	integrates	specific	humidity	and	u
and	v	components	of	the	wind	speed	from	1000	to	300	hpa.	Predictions	from	the	GFS	[95]	at	a	0.5-degree	horizontal	spatial	resolution	on	64	vertical	levels	for	daily	0000	and	1200	UTC	model	initializations	are	provided	for	this	calculation.	We	present	three	forecast	lead	times	of	6 h,	2	days	and	1	week	from	2006	to	2018.	This	includes	approximately
8000	data	fields	for	every	forecast	lead	time	or	approximately	24 000	forecasted	fields	across	all	lead	times.	The	region	of	interest	spans	coastal	North	America	and	the	Eastern	Pacific	from	180° W	to	110° W	longitude,	and	10° N	to	60° N	latitude.	As	a	verifying	observation	field,	we	provide	IVT	from	the	National	Aeronautics	and	Space
Administration's	Modern-Era	Retrospective	Analysis	for	Research	and	Applications	version	2	(MERRA-2)	reanalysis.	MERRA-2	data	are	resolved	on	a	0.625 × 0.5	degree	grid	and	interpolated	to	21	pressure	levels	between	1000	and	300	hpa	for	IVT	calculation	[96,97].	For	consistency,	GFS	predictions	are	then	remapped	to	this	grid	resolution	using	a
first-	and	second-order	conservative	remapping	scheme.	Further	details	can	be	found	in	figure	3	[68].	Figure	3.	Root-mean-squared	error	of	Global	Forecast	System's	integrated	vapour	transport	field	6 h	forecasts	issued	2006–2017.	See	Chapman	et	al.	[68]	for	more	detail.	Download	figureOpen	in	new	tabDownload	PowerPointAn	example	of	short-
range	forecasts	and	verifying	observations	is	a	dataset	of	temperature	observations	at	537	stations	over	Germany	and	predictors	derived	from	the	ECMWF	ensemble	prediction	system	from	2007	to	2016.	Predictors	are	the	mean	and	standard	deviation	of	48-h	ahead	50-member	ECMWF	ensemble	forecasts	of	temperature	and	other	variables,
interpolated	to	station	locations.	The	corresponding	observations	(valid	at	00UTC)	are	obtained	from	surface	synoptic	observations	stations	operated	by	the	German	weather	service.	Details	(including	a	list	of	predictors)	are	available	in	Rasp	and	Lerch	[6].	Figure	4	indicates	the	locations	and	altitudes	of	the	stations	used	for	training.	Figure	4.	Station
locations	for	the	temperature	dataset	over	Germany	for	the	2007–2015	training	period.	Shading	of	the	dots	indicates	altitude.	See	[6]	for	more	details.	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointThe	fifth	dataset	contains	numerical	weather	prediction	forecasts	from	all	models	in	the	UK	Met	Office's	Road	Surface
Temperature	(MORST)	forecasting	system,	along	with	corresponding	road	network	temperature	observations	from	Highways	England.	Data	are	provided	for	four	random	sites	(location	undisclosed)	and	spans	98	days	from	mid-December	2018	to	late	March	2019	on	an	hourly	forecast	lead	basis	from	0	to	168 h.	Ground	truth	data	are	provided	by	the
road	surface	temperature	observed	at	the	road	network	weather	station	for	the	concurrent	forecast	time.	The	dataset	spans	2342	forecasting	hours	for	each	of	the	four	sites.	Spanning	all	lead	times	and	owing	to	the	fact	that	a	multitude	of	forecasts	are	made	for	each	hour	by	the	time	it	is	observed,	the	dataset	spans	over	1.34	million	forecasts.	This
site-specific	dataset	highlights	the	challenges	involved	in	providing	fully	probabilistic	forecasts	from	NWP	outputs.	Kirkwood	et	al.	[98]	provide	more	details	of	the	dataset	and	propose	a	machine	learning-based	solution	to	this	forecasting	problem.	Figure	5	presents	an	example	time	series	from	this	dataset.	Figure	5.	An	example	from	the	road	surface
temperature	dataset.	The	solid	black	line	shows	observations	up	to	‘time	zero’	(the	vertical	dashed	line),	beyond	which	various	NWP	forecasts	(coloured	lines)	provide	estimates	of	future	outcomes.	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointOur	initiative	to	archive	data	in	a	repository	to	better	enable	testing	AI
methods	is	not	unique.	For	instance,	the	Pangeo	ecosystem	(	promotes	open,	reproducible	and	scalable	science.	The	community	provides	documentation,	develops	and	maintains	the	software	and	provides	computing	system	architectures,	focusing	on	open-source	tools.	It	is	in	use	by	several	national	centres	in	meteorology,	including	the	US	National
Center	for	Atmospheric	Research	(NCAR)	and	the	UK	Met	Office	(UKMO),	as	well	as	The	Alan	Turing	Institute	(the	UK's	national	institute	for	data	science	and	artificial	intelligence)	and	the	British	Antarctic	Survey	(BAS),	among	others.	Note	that	parallel	data	archive	efforts	are	underway	in	other	communities,	including	Environnet	[99],
Weatherbench	[100]	(	,	Spacenet	(	and	various	authors	who	make	their	datasets	public	[71]	among	others.Post-processing	weather	and	climate	output	using	AI	engenders	an	active	and	well-established	community	that	has	already	provided	a	host	of	research	demonstrating	value	for	weather	forecasting.	In	that	sense,	it	is	the	most	mature	sector	of
machine	learning	and	artificial	intelligence	used	in	the	weather	and	climate	community.	This	conference	review	was	framed	around	the	conversations	between	machine	learning	and	post-processing	experts;	we	have	focused	on	the	future	impact	of	pursuing	modern	machine	learning	techniques	and	what	it	would	look	like	to	successfully	implement
these	methods	widely.We	have	set	in	motion	a	call	to	action	to	further	explore	modern	machine	learning	techniques	and	their	applicability	in	the	weather	and	climate	communities.	We	hope	to	inspire	further	study	and	resources	to	be	dedicated	to	model	improvement	through	post-processing.Specifically,	we	call	for	1)	development	of	a	data	repository
for	fast	development	of	post-processing	techniques,	2)	data	standardization	methods	(FAIR),	3)	studies	on	interpretability	methods,	4)	metadata	and	model	documentation	for	labelled	training	data	and	5)	a	database	of	recorded	AI	failures	to	limit	any	duplication	of	effort	across	the	research	community.An	actionable	outcome	of	this	effort	is	the
initialization	of	a	repository	beginning	with	five	datasets	that	represent	an	interesting	range	of	weather	and	climate	problems,	both	deterministic	and	probabilistic,	to	test	AI	methods	[86].	In	addition,	we	have	provided	Jupyter	notebooks	to	aid	processing	these	datasets	and	comparing	them	to	a	documented	baseline.	The	authors	invite	the	readers	to
test	their	own	methods	on	these	datasets	and	contribute	additional	interesting	datasets	to	this	archive.The	issues	brought	forth	here	suggest	a	roadmap	for	AI	to	become	ubiquitous	in	post-processing	weather	and	climate	model	output.	Specifically,	a	first	step	is	initiating	repositories	such	as	the	one	offered	here,	together	with	a	set	of	notebooks	and
datasets	to	standardize	testing	new	methods.	These	repositories	can	be	advertised	and	promoted,	such	as	in	this	paper	and	through	workshops	and	courses,	such	as	those	offered	by	the	institutions	represented	by	the	coauthors	of	this	paper.	Offering	a	dedicated	website	and	portal	to	facilitate	benchmarking,	collaboration	and	publication	of	the
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supercomputer	for	training	deep	neural	networks.	Commun.	ACM	63,	67–78.	(doi:10.1145/3360307)	Crossref,	ISI,	Google	ScholarPage	5Despite	impressive	advances	in	hardware	and	algorithms,	modelling	many	real-world	physical	systems	(such	as	climate	and	weather)	has	proven	to	be	computationally	intractable	at	high	spatial	resolution,	such	as	a
100	by	100	metre	grid.	This	is	due	in	part	to	the	extreme	computational	requirements	of	(a)	numerically	integrating	coupled,	high-dimensional,	nonlinear	partial	differential	equations	for	subsystems	exhibiting	multiple	temporal	and	spatial	scales,	(b)	insufficient	data	or	unknown	parameters	characterizing	sub-processes,	and,	in	some	cases,	(c)	no
knowledge	of	the	governing	subsystem	of	equations.	In	the	context	of	weather	prediction,	chaotic	dynamical	systems	such	as	Lorenz	96	[1]	have	served	as	an	important	benchmark,	providing	the	larger	community	with	a	‘toy’	system	that	enables	fast	experimentation	while	still	exhibiting	the	most	important	physical	phenomena	that	drive
computational	cost.	Motivated	by	the	reasons	above	and	spurred	on	by	the	availability	of	‘toy’	models,	there	has	been	a	recent	surge	in	studies	of	machine	learning	models	[2–7]	which	produce	accurate	predictions	of	the	system	while	requiring	less	computation	or	data.	The	success	of	largely	data-driven	deep	learning	models	yielding	excellent	results
on	difficult	perceptual	and	prediction	tasks	such	as	image	classification,	speech	recognition,	medical	outcome	prediction	and	handwriting	classification	have	inspired	this	trend.	In	addition,	machine	learning	(ML)	models	offer	the	ability	to	learn	dynamics	directly	from	(massive	quantities	of)	observational	data,	and	the	ability	to,	when	combined	with
principled	causal	experimentation,	identify	the	true	underlying	model—the	holy	grail	in	science.	Ideally,	this	should	allow	for	useful	domain	knowledge	providing	a	baseline,	before	the	‘gaps’	are	filled	in	by	sophisticated	ML	techniques,	as	has	previously	been	done	in	[8],	where	the	form	of	a	model	is	specified	but	not	the	exact	parameters.	More
broadly,	this	follows	from	the	theory	of	combining	generative	and	discriminative	techniques,	allowing	models	to	learn	to	describe	systems	while	constrained	by	example	data	and	broad	domain	knowledge	[9].Popular	approaches	in	ML	for	learning	models	from	time-series	data	derived	from	dynamical	systems	include	backpropagation	through	time
based	recurrent	neural	networks	(RNNs),	such	as	Long	Short-Term	Memory	systems	(LSTMs)	and	Gated	Recurrent	Units	(GRUs).	Even	though	these	models	have	much	higher	expressive	power	and	the	ability	to	ingest	massive	amounts	of	data,	several	recent	works	have	surprisingly	found	that	echo	state	networks	(ESNs),	an	older	and	simpler	class	of
RNN	[10]	substantially	outperform	LSTMs	in	prediction	tasks	involving	chaotic	dynamical	systems	[11,12].	The	main	historical	motivation	for	ESNs	was	to	avoid	the	pitfalls	of	classical	deep	architectures	such	as	RNNs,	namely	slow	and	surprisingly	unstable	training	due	to	undesirable	bifurcations	[13]	and	vanishing/exploding	gradients	[14].	By
contrast,	ESNs	offer	a	fast,	stable	and	simple	alternative	training	algorithm	via	regularized	linear	regression.	ESNs	solve	a	convex	optimization	problem	in	closed	form,	with	optimality	guarantees.	The	key	disadvantage	of	ESNs	as	compared	to	other	RNNs,	is	the	need	for	augmenting	reservoir	states	with	ad-hoc	nonlinear	combinations	to	obtain
models	with	good	predictive	power	[3].In	this	paper,	we	present	the	results	of	some	experiments	applying	ESNs	[2,15]	to	the	prediction	of	chaotic	dynamical	systems,	and	try	to	gain	insight	into	why	they	may	or	may	not	work	in	different	situations.	The	benchmark	systems	used	to	test	our	hypothesis	are	the	fully	observed	Lorenz	63	[16]	and	the
partially	observed	Lorenz	96	[17]	models.	We	probe	ESNs	with	ablation	and	perturbation	experiments	in	order	to	understand	their	reported	successes	in	the	context	of	Lorenz-based	models.	Additionally,	we	provide	a	simple	but	rigorous	characterization	of	the	deeper	reason	behind	the	successes	of	LSR-ESNs,	which	leads	us	to	a	much	simpler
surrogate	model.	Our	main	contributions	can	be	summarized	as	follows.First,	we	show	in	a	mathematically	rigorous	manner	that	in	the	regimes	where	ESNs	are	successful	as	surrogates	for	the	Lorenz	systems	of	interest	to	us,	a	greatly	simplified	ESN	with	an	identity	reservoir,	thus	rendering	the	system	feedforward,	actually	captures	all	of	the
essential	features	of	the	ESN.	We	will	refer	to	this	simplified	method	as	the	domain-driven	regularized	regression	(D2R2).	Given	the	alluring	possibility	of	being	able	to	simplify	the	structure	of	an	ESN	without	compromising	prediction	quality	which	our	mathematical	development	suggests,	we	performed	experiments	to	explore	this	opportunity.
Specifically,	we	will	take	as	our	starting	point	two	recent	papers	using	ESNs	to	model	dynamical	systems	[3,11]	and	the	variants	used	therein.	For	technical	reasons	which	will	be	made	clear	later,	the	two	variants	of	ESNs	from	these	papers	will	be	referred	to	as	the	low	spectral	radius	or	LSR-ESN	[11]	and	high	spectral	radius	or	HSR-ESN	[3],
respectively.Our	experiments	show	that	D2R2	outperforms	both	the	more	sophisticated	LSR-	and	HSR-ESN	architectures	by	a	notable	margin.	For	example,	D2R2	has	a	mean	prediction	horizon	of	1.60	Model	Time	Units	(MTU)	in	the	context	of	Lorenz	96,	whereas	the	mean	prediction	horizon	was	10+	MTUs	(entire	testing	trajectory)	for	Lorenz	63.	By
contrast,	the	respective	values	using	LSR-ESN	were	1.25	MTUs	and	5	MTUs.	Thus,	D2R2	achieves	an	improvement	of	28%	in	the	L96	case	prediction	horizon,	and	greater	than	or	equal	to	100%	in	the	Lorenz	63	case.	Using	FLOP	counting,	we	can	show	that	D2R2	is	496 ×	more	efficient	than	either	form	of	ESN	for	Lorenz	96	and	77.7 ×	more	efficient
in	the	context	of	Lorenz	63.There	are	essentially	two	main	reasons	for	considering	the	use	of	machine	learned	surrogates	in	the	context	of	predictive	modelling	of	dynamical	systems	specifically,	and	in	the	context	of	models	based	on	differential	equations	more	generally.	The	first	reason,	which	is	a	central	theme	of	the	work	presented	here,	is
motivated	by	the	cost	of	computing	the	model	at	scale.	The	second	reason	is	that	surrogates	may	enable	feasible	solutions	in	settings	where	a	fundamental	understanding	or	mathematical	model	of	a	physical	process	is	lacking,	as	in	vision	or	autonomous	navigation,	or	even	when	available	data	is	insufficient	to	use	a	principled	approach.	In	this	paper,
we	are	focused	on	both	of	these	goals,	with	our	experiments	involving	Lorenz	96	representing	the	second	goal,	and	the	precision	reduction	experiments	representing	the	first.Energy	efficiency	as	a	barrier	to	scaling	has	become	a	major	impediment	as	device	densities	in	supercomputers	have	grown	and	the	concomitant	energy	and	cooling	needs	grew
alongside	to	unmanageable	levels.	In	response,	inexact	computing	[18,19]	has	evolved	into	an	attractive	prospect,	especially	in	the	context	of	weather	prediction	[15,20].	While	early	work	[15,21,22]	advocated	for	the	use	of	customized	hardware,	commercial	off-the-shelf	processors	afforded	a	more	limited	set	of	design	choices,	notably	through	word-
size	or	precision	[23].	The	overarching	goal	of	all	of	these	efforts	was	to	‘	trade	off	a	small	amount	of	quality	in	the	desired	solution	for	disproportionately	large	savings	in	energy	and	execution	time’.In	this	paper,	our	second	contribution	is	to	explore	the	role	of	inexactness	through	precision	and	we	consider	the	three	standard	and	commercially
available	sizes	of	64	bits,	32	bits	and	16	bits.	Again,	to	our	surprise,	we	discovered	that	D2R2	provides	gains	through	inexactness	with	the	least	amount	of	degradation	in	‘quality’.	As	a	notable	example,	we	show	that	starting	with	a	prediction	horizon	of	1.6	MTUs,	D2R2	degraded	by	13.1%	in	quality	to	1.39	MTUs	using	16	bit	words	for	a	factor	of	four
in	savings.	For	the	same	change	in	word	size	or	precision,	the	better	performing	ESN	(LSR-ESN)	degraded	from	1.25	MTUs	to	0.563	MTUs,	representing	a	degradation	of	55.0%	in	quality.	And	finally,	we	show	that	D2R2	is	much	more	efficient,	yielding	an	improvement	of	147%	in	prediction	horizon	compared	to	LSR-ESN	at	16	bits	of	precision.The
remainder	of	this	paper	is	organized	as	follows:	§2	reviews	related	work	in	using	ML	methods	for	predicting	dynamical	systems	and	a	brief	history	of	inexactness	with	an	emphasis	on	its	use	in	dynamical	systems	and	weather	prediction.	Section	2a	discusses	previous	work	on	understanding	ESNs,	and	how	our	approach	differs.	Section	3	details	our
ablation	studies	and	other	experiments	to	understand	ESN	performance.	Section	4	is	the	technical	anchor	for	this	paper,	and	provides	a	simple	yet	mathematically	rigorous	piece	of	evidence	supporting	the	surprising	result	that	ESNs	in	the	LSR	regime	are	equivalent	to	a	much	simpler	regularized	regression	linear	model,	with	domain-driven	input
features/predictors.	Section	5	details	this	simpler	model,	termed	D2R2,	and	provides	comparisons	with	respect	to	previous	ESN	regimes.	Finally,	in	§6	we	examine	our	previous	results	through	the	lens	of	inexactness,	evaluating	the	costs	and	benefits	of	using	lower-precision	approximations	in	the	various	models.The	idea	of	using	tools	from	ML	to
derive	the	dynamics	of	physical	systems	directly	from	data,	is	not	new	[2,5,24–26].	One	appeal	of	a	data-driven	approach	is	that	effective	surrogate	models	trained	on	high-fidelity	simulation	data	can	be	used	to	accelerate	and	improve	prediction	and	simulation	of	complex	dynamical	systems.	Furthermore,	for	dynamical	systems	for	which	equations	are
unknown,	and	only	observational	data	are	available,	models	learned	from	data	offer	a	viable	alternative	to	purely	physics-based	approximations	[7].Recent	advances	in	deep	learning	have	revived	interest	in	surrogate	modelling	of	complex	dynamical	systems	by	providing	a	variety	of	new	representations	and	new	training	paradigms.	Earlier	studies
used	deep	learning	architectures,	both	feedforward	and	recurrent,	including	variants	such	as	LSTMs	and	GRUs,	all	of	which	are	trained	using	the	computationally	expensive	backpropagation	through	time	[4,27]	algorithm.	However,	several	recent	studies	have	found	that	a	simpler	technique,	ESNs,	may	have	comparable	to	superior	performance
[3,11].	ESNs	are	an	older	technique,	developed	simultaneously	and	independently	by	Herbert	Jaeger	as	ESNs	and	by	Wolfgang	Maass	as	Liquid	State	Machines	[28,29].	In	both	cases,	a	large,	fixed	recurrent	reservoir	of	units	(characterized	by	a	sparse,	randomly	generated	recurrence	matrix	A)	is	driven	by	an	input	signal	randomly	projected	through
a	fixed	matrix	Win	into	the	reservoir	state	space,	while	the	target	is	re-constructed	by	learning	a	weighted	sum	of	reservoir	unit	activations.Training	ESNs	is	significantly	faster	and	cheaper	than	training	an	LSTM	or	other	modern	RNN	using	backpropagation	through	time.	ESN	performance	is	known	to	depend	on	the	Echo	State	Property,	which
requires	that	the	influence	of	the	initial	conditions	of	an	ESN	decays	asymptotically	to	zero	with	time.	An	ESN	with	the	Echo	State	Property,	can	be	proven	to	be	a	universal	function	approximator	[30].	Among	the	classes	of	ESNs	explored	within	the	weather	community,	one	class	has	the	reservoir	matrix	A	with	LSR	(e.g.	maximum	eigenvalue,	low	in
this	case	being	≈0.1)	[11]	which	is	the	LSR	regime,	while	the	other	is	the	HSR	regime	allowing	A’s	with	higher	spectral	radius	generally	close	to	1	[3].	Both	ESN	types	rely	on	basis	function	expansion	of	the	reservoir	states	for	good	predictive	performance.In	addition	to	the	references	cited	above,	the	foundational	ideas	that	led	to	inexactness	with
emphasis	on	energy	consumption	and	trading	the	concomitant	cost	for	quality	can	be	found	in	[31–34].	Impressive	results	in	using	precision	as	a	mechanism	for	inducing	inexactness	in	weather	models	have	been	reported	[35–37].	To	reiterate,	a	survey	of	earlier	papers	and	a	broad	perspective	on	inexactness	can	be	found	in	[1,18]	and	the	reader	is
referred	there	to	explore	additional	works	that	laid	the	foundation	of	the	field	during	its	early	stages	of	development.Several	previous	attempts	have	been	made	towards	developing	formal	explanations	for	the	performance	of	ESN	systems	[6,10,38–40].	Herbert	Jaeger	[10]	had	early	on	drawn	parallels	between	the	structure	of	an	ESN	and	Taken’s
embedding	theorem	[41],	which	proves	that	a	sufficient	number	of	previous	observations	of	a	dynamical	systems	forms	an	embedding	with	dynamics	identical	to	the	original	system.	However,	it	has	been	known	in	practice	that	embeddings	using	the	Taken’s	formulation	are	often	brittle	and	of	limited	utility	for	real	world	tasks.	Recent	work	by
Eftekhari	et	al.	[38]	has	better	characterized	‘stable’	embeddings,	which	must	be	geometry	preserving.	Work	by	Lu	et	al.	[6]	uses	the	concept	of	generalized	synchronization	to	determine	general	conditions	under	which	the	ESN	may	provide	a	good	short	term	(prediction)	or	longer	term	(climate)	approximation	of	the	target	system.	Recent	and
ongoing	work	by	Hart	et	al.	[40],	closely	following	the	Whitney	formulation	of	Taken’s	embedding	theorem	[42],	almost	proves	that	an	generic	ESN	is	an	embedding	such	that	output	weights	exist	that	can	predict	the	next	step	ahead	arbitrarily	well.	However,	at	present	one	critical	step	is	incomplete,	with	the	current	version	only	proving	that	the
probability	that	an	ESN	mapping	is	an	embedding	of	an	underlying	dynamical	system	is	positive.	It	does	not	bound	this	probability,	nor	does	it	provide	a	procedure	for	selecting	key	hyperparameters	of	the	ESN	algorithm	to	obtain	a	stable	embedding	with	high	probability.	Unfortunately,	providing	probability	bounds	may	not	be	of	practical	utility.
Taken’s	Theorem,	despite	provably	producing	an	embedding,	is	notorious	for	producing	unstable	embeddings	which	are	of	limited	use	for	prediction.	Instead,	the	goal	of	our	work	is	to	first	find	a	more	empirically	driven	explanation,	and	second,	distil	a	theoretical	understanding	from	it.For	completeness,	we	will	briefly	review	the	architecture	of	an
ESN	first.	As	shown	in	figure	1,	an	ESN	is	an	RNN	with	a	sparsely	connected	hidden	layer	called	a	reservoir.	The	connectivity	and	weights	A	of	the	reservoir	neurons	are	fixed	and	randomly	assigned.	The	input	to	the	network	is	projected	into	the	hidden	layer	by	a	fixed	random	mapping	Win.The	hidden	layer	is	recurrent	and	evolves	nonlinearly	as	a
function	(σ)	of	the	previous	reservoir	state	and	the	current	(projected)	input.	The	weights	of	output	neurons	Wout	can	be	adjusted	so	that	the	network	can	reproduce	temporal	patterns	in	the	input	data	stream.	Typically,	the	reservoir	state	is	subject	to	a	nonlinear	transform	ψ	before	being	used	for	prediction.	The	only	weights	that	are	modified	during
training	are	the	ones	that	connect	the	hidden	neurons	to	the	output	neurons	(Wout).	Wout	can	be	computed	analytically	in	closed-form	using	a	convex	optimization	algorithm.	Figure	1.	The	architecture	of	an	ESN.	Inputs	x∈RD	are	fed	into	the	reservoir	through	input	connectivity	matrix	Win∈RN×D.	The	reservoir	has	hidden	state	r∈RN,	and	recurrent
connections	given	by	A∈RN×N.	Output	y^	is	generated	by	taking	reservoir	states	r	multiplied	with	output	connectivity	matrix	Wout∈RD×N.	In	autonomous	mode,	predictions	x^	are	fed	back	as	inputs	to	the	next	time	step	in	order	to	predict	multiple	time	steps	into	the	future.	Note	that	in	an	ESN	Win	and	A	are	fixed	matrices—only	Wout	is	trained.
Figure	adapted	from	[43].	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointOverall,	ESNs	act	as	a	black-box	model	for	modelling	dynamical	systems,	where	the	system	output	x^n+1	is	determined	by	a	combination	of	a	hidden	reservoir	state	rn+1	and	input	xn.	The	key	difference	between	ESNs	and	similar	models	is
that	in	an	ESN,	the	hidden	state	is	a	fixed	(non-trainable),	random	projection	function	of	the	input	history.Specifically,	we	will	take	as	our	starting	point	two	recent	papers	using	ESNs	to	model	dynamical	systems,	[3,11].	Both	papers	use	a	nearly	identical	ESN	formulation,	which	we	standardize	mathematically	as	follows:The	reservoir	update	and
prediction	functions	are	given	by	rn+1=σ(Arn+Winxn)∈RN,r0=rn=0=03.1r~n+1=ψ(rn+1)∈RN3.2andx^n+1=Woutr~n+1∈RD,3.3	with	data	dimension	D	and	reservoir	dimension	N,	where	xn∈RD	is	the	current	input	data,	Win∈RN×D	is	the	fixed	input	projection	matrix,	σ(u)	: = tanh	(u)	is	the	reservoir	recurrent	update	function	and	r~=ψ(r)	is	a
simple	elementwise	nonlinearity,	chosen	typically	to	increase	the	span	of	the	nonlinear	features	rn.	Wout∈RD×N	is	a	matrix	of	parameters	that	linearly	combines	the	elements	of	r~n	to	generate	an	output	prediction	x^n+1	of	the	state	of	the	target	dynamical	system	at	the	next	timestep	n + 1,	where	the	hat	denotes	an	estimate.	Note	that	this	ESN	is	a
discrete	time	system,	not	a	continuous	one,	although	continuous	ESNs	are	also	possible	and	commonly	employed	[44].The	task	for	which	all	ESNs	will	be	trained	is	to	predict	the	system	state	at	the	next	time	step	given	the	current	reservoir	state	and	the	ground	truth	current	system	state.	This	is	known	as	teacher	forcing	since	intuitively	a	teacher
provides	ground	truth	xt	as	the	external	driving	force	to	the	reservoir.	The	optimization	and	loss	function	are	W^out:=argminWout  ℓtrTF(θESN;Dtr)+α||Wout||22	and	ℓtrTF(θESN;Dtr):=∑n=1Str||x^nTF−xn||22,	where	superscript	TF	refers	to	the	Teacher	Forcing	task.	Note	that	the	only	ESN	parameter	trained	is	Wout,	such	that	θESN = {Wout},	over
the	Str	training	samples	from	dataset	Dtr:={(xn)}n=1Str.	Note	also	that	the	optimization	amounts	to	a	simple	ridge	(linear)	regression,	where	the	trade-off	between	goodness-of-fit	and	parsimony	is	controlled	by	the	regularization	strength	α.	The	size	of	the	reservoir	N	is	usually	taken	to	be	a	few	hundred	to	a	few	thousand	units,	depending	on	the
complexity	of	the	target	system.	After	training	on	some	dataset	Dtr,	we	often	want	to	test	the	performance	of	our	ESN	on	some	testing	set	Dte.	There	are	two	ways	to	do	this	evaluation.In	the	teacher	forcing	(TF)	task,	a	new	rn	is	generated	by	replacing	input	Dtr	with	a	testing	set	Dte:={(xn)}n=qSte,q0.998	for	the	single	scattering	albedo.	These	high
correlations	give	us	confidence	that	the	neural	networks	are	able	to	predict	the	optical	properties	with	very	high	accuracy.The	neural	networks	predict	the	optical	properties	very	accurately,	but	for	atmospheric	modelling	applications	we	require	accurate	radiative	fluxes	through	the	atmosphere	and	at	the	surface.	To	assess	whether	the	accuracy	of
the	neural	networks	is	sufficient,	we	use	our	implementation	of	the	neural	networks	in	RTE+RRTMGP	to	calculate	radiative	fluxes	based	on	the	optical	properties	predicted	by	the	neural	networks.The	errors	of	the	radiative	fluxes	based	on	the	neural	network-predicted	optical	properties	generally	decrease	as	the	complexity	of	the	neural	networks
increases	(figure	2).	Mean	flux	errors	differ	only	slightly,	whereas	the	spread	of	the	flux	errors	is	clearly	smaller	for	the	more	complex	networks.	This	indicates	that	reducing	the	size	of	the	neural	networks	used	to	predict	optical	properties	does	not	introduce	a	significant	bias	in	the	radiative	fluxes,	but	results	in	larger	flux	errors	for	individual
atmospheric	profiles	because	smaller	networks	predict	less	accurate	optical	properties.	Figure	2.	For	all	network	sizes,	vertical	profiles	of	the	errors	of	the	radiative	fluxes	and	heating	rates	based	on	the	neural	network-predicted	optical	properties	with	respect	to	the	radiative	fluxes	based	on	the	optical	properties	from	RRTMGP.	Shown	are	the	mean
(solid)	and	twice	the	standard	deviation	(dashed)	of	the	error,	for	the	downwelling	(a)	and	upwelling	(b)	longwave	radiation,	longwave	heating	rates	(c),	the	downwelling	(d)	and	upwelling	(e)	shortwave	radiation	and	shortwave	heating	rates	(f	).	A	zenith	angle	of	42°	and	an	albedo	of	0.07	is	used	for	the	shortwave	fluxes.	(Online	version	in	colour.)
Download	figureOpen	in	new	tabDownload	PowerPointOur	average	errors	in	the	downwelling	surface	fluxes	and	upwelling	top	of	atmosphere	fluxes	with	respect	to	RRTMGP	(figure	2)	are	similar	to	or	smaller	than	the	average	errors	of	RRTMGP	with	respect	to	the	line-by-line	radiative	transfer	model	(LBLRTM)	[27],	as	reported	by	[14]	for	the
original	set	of	RFMIP	profiles.	However,	the	accuracy	of	our	neural	network-approach	may	be	lower	for	individual	atmospheric	profiles,	especially	with	the	smallest	networks.	Since	the	neural	networks	are	trained	against	RRTMGP,	the	similar	mean	errors	suggest	that	further	increasing	the	predictive	skill	of	the	networks	will	not	improve	the
radiative	fluxes	much	on	average,	as	the	flux	errors	compared	to	the	‘ground	truth’	will	then	be	dominated	by	the	errors	of	RRTMGP	with	respect	to	LBLRTM.The	errors	of	shortwave	radiative	heating	rates,	which	are	proportional	to	the	divergence	of	the	radiative	fluxes,	are	within	about	0.05 K d−1	in	troposphere	and	most	of	the	stratosphere,	which
is	similar	to	the	accuracy	of	RRTMGP	with	respect	to	LBLRTM	[14].	However,	the	shortwave	heating	rates	errors	of	the	smallest	networks	are	over	0.05 K d−1	near	the	top	of	the	atmosphere,	which	is	larger	than	the	error	of	RRTMGP	with	respect	to	LBLRTM.	The	longwave	radiative	heating	rates	have	errors	within	1 K d−1	for	most	of	the	profile,
which	is	higher	than	the	error	of	RRTMGP	with	respect	to	LBLRTM,	and	the	smaller	networks	give	significantly	larger	errors	at	the	surface.	The	largest	longwave	heating	rates	errors	presumably	occur	mostly	where	the	temperature	gradients	of	the	perturbed	profiles	are	very	large,	in	which	case	we	find	that	the	absolute	heating	rates	of	RRTMGP
may	be	over	102 K d−1.Additionally,	we	determine	the	absolute	errors	of	the	downwelling	radiative	surface	fluxes	per	spectral	band,	which	help	to	assess	to	what	extent	a	single	band	contributes	to	the	broadband	flux	errors.	The	accuracy	of	the	radiative	fluxes	per	band	may	also	be	of	interest	for	predictions	of	UV-index	[28]	or	photosynthetically
activate	radiation	(PAR).	The	maximum	errors	of	the	flux	per	band	range	between	0.026 W m−2	and	0.39 W m−2	in	the	longwave	spectrum	and	between	0.025 W m−2	and	0.18 W m−2	in	the	shortwave	spectrum	(figure	3),	depending	on	network	size.	Using	the	neural	network-predicted	optical	properties,	we	can	thus	calculate	the	radiative	fluxes	of
each	spectral	band	with	errors	below	0.5 W m−2.	Figure	3.	For	both	longwave	(a)	and	shortwave	radiation	(b)	and	for	all	network	sizes,	violin	plots	of	the	absolute	errors	per	spectral	band	of	the	downwelling	surface	fluxes	with	respect	to	RRTMGP.	The	radiative	flux	per	spectral	band	is	the	integral	of	the	radiative	fluxes	over	the	16 g-points	of	each
band.	For	each	network	size,	the	minimum	errors	in	(b)	are	on	the	order	of	10−13	and	correspond	to	the	spectral	band	with	the	shortest	wavelength,	which	is	almost	completely	absorbed	in	the	stratosphere.	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointWe	have	demonstrated	that	neural	networks	can	accurately
reproduce	optical	properties	determined	from	RRMTGP’s	lookup	tables	but	the	approach	is	only	useful	if	it	can	accelerate	radiation	computations.	To	evaluate	the	difference	in	runtime	between	RRTMGP	and	the	neural	network-solver,	we	generate	11	additional	sets	of	100	profiles	from	the	RFMIP	profiles.	The	optical	properties	of	these	sets	are
evaluated	sequentially	and	the	runtimes	of	the	last	10	sets	are	averaged.	The	runtime	of	the	first	set	is	neglected	to	allow	some	spin-up	time,	mainly	for	the	initialization	of	BLAS.	Since	the	neural	networks	run	in	single	precision,	we	also	run	RRTMGP	in	single	precision	for	this	benchmark	to	have	a	fairer	comparison.	However,	it	must	be	noted	that
the	shortwave	solver	of	RTE	currently	only	works	in	double	precision.	The	benchmarks	are	performed	on	a	single	core	(compute	node:	2 × 12-core	Intel	Xeon	E5-2690	v3,	2.6 GHz,	64 GB	memory)The	neural	network-based	gas	optics	parametrization	is	up	to	about	four	times	faster	than	RRTMGP,	depending	on	size	of	the	networks	(figure	4).	The	speed-
up	of	the	neural	network-solver	generally	decreases	for	increasing	network	complexity.	This	is	as	expected,	because	the	number	of	matrix	multiplications	scales	with	the	number	of	layers	and	because	the	size	of	the	matrices,	and	thus	the	computational	effort	required	for	the	matrix	multiplications,	scales	with	the	number	of	nodes	per	layer.	The
choice	of	a	network	size	thus	depends	on	the	acceptable	accuracy	for	a	particular	range	of	atmospheric	conditions.	If	the	neural	networks	would	be	trained	for	the	full	range	of	all	19	gases	specified	in	RFMIP,	or	for	the	even	larger	set	of	gases	treated	by	RRTMGP,	they	would	have	much	more	input	nodes	and	likely	also	need	more	nodes	in	the	hidden
layer,	which	would	reduce	the	speed-up	achieved	by	our	neural	network	approach.	Figure	4.	For	all	network	sizes,	the	speed-up	of	the	neural	networks-solveragainst	the	mean	absolute	errors	of	the	radiative	heating	rates	(a),	the	upwelling	top-of-atmosphere	flux	(b)	and	the	downwelling	surface	flux	(c),	for	shortwave	(blue)	and	longwave	(red)
radiation.	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointThe	NWP-tuned	networks	are	trained	for	a	wide	range	of	atmospheric	conditions,	but	in	typical	LES	simulations	we	may	expect	only	a	narrow	range	of	conditions.	For	this	reason,	we	investigate	whether	smaller	and	therefore	faster	network	suffice	when	the
networks	are	trained	for	the	narrow	range	of	atmospheric	conditions	in	a	single	LES	simulation.	The	predicted	optical	properties	of	LES-tuned	neural	networks	(Cabauw,	RCEMIP)	are	also	very	accurate.	To	further	test	the	LES-tuned	neural	networks,	we	sample	100	random	atmospheric	profiles	each	from	the	Cabauw	and	RCEMIP	simulations	and
calculate	profiles	of	optical	properties	with	the	Cabauw	and	RCEMIP	sets	of	neural	networks,	respectively.	For	the	Cabauw	networks,	we	generally	observe	an	improvement	in	the	accuracy	of	the	radiative	heating	rates,	the	downwelling	surface	fluxes	and	the	upwelling	top-of-atmosphere	fluxes	(figure	5)	due	to	the	LES	tuning.	This	improvement	is
especially	large	in	the	shortwave	spectrum,	where	for	some	networks	sizes	the	MSE	of	the	surface	and	top-of-atmosphere	fluxes	are	over	an	order	of	magnitude	lower	with	the	Cabauw	networks	than	with	the	NWP	networks.	The	lower	MSE	of	the	Cabauw	neural	networks	show	that	with	LES	tuning,	we	can	use	relatively	small	networks	(e.g.	1L-32)	to
achieve	similar	or	even	higher	accuracy	than	the	more	complex	networks	(2L-64_64,	3L-32_64_128)	of	the	NWP	set,	which	results	in	a	larger	speed-up	compared	to	RRTMGP	(figure	3).	With	the	RCEMIP	neural	networks,	we	also	observe	a	general	increase	in	the	accuracy	of	the	shortwave	and	longwave	fluxes	and	heating	rates,	(figure	5),	but	the



improvements	are	often	less	than	with	the	Cabauw	networks.	It	should	be	noted	that	the	improvement	in	accuracy	achieved	by	LES-tuning	is	not	fully	consistent.	Especially	with	the	smaller	networks,	the	accuracy	of	the	LES-networks	may	be	slightly	lower	than	the	accuracy	of	the	NWP-tuned	networks.	Figure	5.	For	all	network	sizes	of	the	NWP,
Cabauw	and	RCEMIP	networks,	the	mean	absolute	errors	with	respect	to	RRTMGP	of	the	radiative	heating	rates	(a,d),	upwelling	radiative	fluxes	at	the	top	of	atmosphere	(b,e)	and	downwelling	radiative	fluxes	at	the	surface	(c,f	)	for	the	longwave	(a–c)	and	shortwave	(d–f	)	spectrum.	Radiative	fluxes	and	heating	rates	are	based	on	100	random	profiles
of	the	Cabauw	simulation	(NWPCabauw,	Cabauw)	or	the	RCEMIP	simulation	(NWPRCEMIP,	RCEMIP).	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointThe	mean	absolute	errors	of	the	NWP	networks	on	the	profiles	of	the	Cabauw	(figure	5)	and	RCEMIP	(figure	5)	simulations	are	frequently	larger	than	the	errors	of	the
NWP	networks	on	the	RFMIP-based	profiles	(figure	2).	This	might	be	an	indication	that	not	all	atmospheric	conditions	occurring	in	the	Cabauw	and	RCEMIP	simulations	are	well-enough	represented	in	the	training	data	based	on	the	RFMIP	profiles,	but	the	lower	errors	of	NWP	networks	on	the	RFMIP-based	profiles	may	also	be	a	sign	of	overfitting
due	to	insufficiently	independent	training	and	testing	data.	Nevertheless,	given	that	the	mean	absolute	errors	are	well	within	0.5 W m−2	we	are	still	confident	that	the	NWP	neural	networks	can	be	accurately	used	on	a	relatively	wide	range	of	atmospheric	conditions.We	developed	a	new	parametrization	for	the	gas	optics	by	training	multiple	neural
networks	to	emulate	the	gaseous	optical	properties	calculations	of	RRTMGP	[14].	The	neural	networks	are	able	to	predict	the	optical	properties	with	high	accuracy	and	errors	of	the	radiative	fluxes	based	on	the	predicted	optical	properties	are	mostly	within	2 W m−2.	The	resulting	radiative	heating	rates	are	also	accurate,	especially	in	the	shortwave
spectrum.	Radiative	heating	rate	errors	may	be	over	4 K d−1	in	the	longwave	spectrum,	mainly	near	the	surface,	but	we	expect	these	errors	to	decrease	rapidly	after	adjustment	of	the	surface	and	air	temperatures.The	neural	network-based	gas	optics	parametrization	tested	in	this	study	is	up	to	about	four	times	faster	than	RRTMGP,	depending	on
network	size.	The	larger	networks	achieve	lower	speed-ups	than	the	small	networks,	but	result	in	more	accurate	radiative	fluxes	and	heating	rates,	clearly	showing	a	trade-off	between	accuracy	and	computational	speed.	To	further	investigate	this	trade-off,	we	trained	two	additional	sets	of	neural	networks;	each	is	tuned	for	the	narrow	range	of
conditions	of	a	single	LES	simulation	(Cabauw,	RCEMIP).	In	general,	these	LES-tuned	networks	are	more	accurate	on	profiles	of	their	respective	simulations	than	the	NWP	networks,	especially	for	shortwave	radiation.	This	indicates	that	with	LES	tuning,	smaller	and	therefore	faster	neural	networks	suffice	to	achieve	a	desired	accuracy.Given	that
RRTMGP	uses	linear	interpolation	from	look-up	tables	to	compute	optical	properties	[14],	the	computational	efficiency	of	our	neural	network-based	parametrization	may	be	surprising.	We	attribute	the	speed-ups	achieved	by	our	parametrization	to	a	large	extent	to	the	case-specific	tuning,	i.e.	considering	only	a	few	gases	or	greatly	limiting	the	range
of	atmospheric	conditions	(Cabauw	and	RCEMIP	only),	which	reduces	the	problem	size	for	which	the	neural	networks	have	to	be	trained.	Furthermore,	the	matrix	computations	required	to	solve	the	neural	networks	allow	the	use	of	machine-specific	optimized	BLAS	libraries	and	reduces	the	memory	use	and	access	at	the	expense	of	floating-point
operations.The	speed-ups	we	achieve	are	less	than	those	achieved	by	end-to-end	approaches	that	emulate	full	radiative	transfer	parametrizations	[8–11],	which	may	be	up	to	80	times	faster	than	the	original	radiative	transfer	schemes.	An	advantage	of	our	machine-learning	approach	is	that	it	still	respects	the	governing	radiative	transfer	equations,	at
the	cost	of	having	to	perform	the	spectral	integration	by	predicting	optical	properties	and	calculating	fluxes	for	all	g-points.	A	promising	future	approach	would	be	the	application	of	machine	learning	to	optimize	the	spectral	integration.	With	such	a	machine	learning	approach	the	radiative	transfer	equations	will	still	be	solved,	while	the	number	of
quadrature	points	may	be	reduced,	e.g.	by	training	neural	networks	to	predict	broadband	fluxes	from	a	small	set	of	g-point.	This	would	speed-up	both	the	computations	of	both	optical	properties	and	the	resulting	radiative	fluxes.	The	benefit	of	case-specific	neural	network-training	also	raises	the	question	to	what	extent	RRMTGP	can	be	accelerated	by
reducing	the	number	of	input	gases,	which	may	result	in	smaller	lookup	tables	and	fewer	computations.	This	was	not	investigated	in	this	study,	but	the	use	of	case-specific	lookup	tables	in	RRTMGP	would	be	interesting	for	further	studies.The	original	RTE+RRTMGP	code	is	available	at	.	A	c++	version	of	RTE+RRTMGP	that	includes	including	our
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is	likely	to	increase	as	we	progress	into	times	of	changing	climate	and	perhaps	more	frequent	extreme	conditions	[1].	Any	methodological	developments	that	can	improve	our	ability	to	make	the	optimal	decisions	in	the	face	of	meteorological	uncertainty	are	likely	to	have	a	real	impact	on	all	areas	that	use	weather	forecasts.Since	the	inception	of
meteorology	as	a	mathematical	science,	driven	by	the	likes	of	Abbe	[2],	Bjerknes	[3]	and	Richardson	[4],	numerical	modelling	has	been	the	core	methodology	of	weather	forecasting.	In	2015,	Bauer	et	al.	[5]	reviewed	the	progress	of	numerical	forecasting	methods	in	the	quiet	revolution	of	numerical	weather	prediction	(NWP),	and	explained	how
improvements	in	physical	process	representation,	model	initialization,	and	ensemble	forecasting	have	resulted	in	average	forecast	skill	improvements	equivalent	to	1	day’s	worth	per	decade—implying	that	in	2020	our	5	day	forecasts	have	approximately	the	same	skill	as	the	1	day	forecasts	of	1980.However,	the	continuation	of	these	gains	requires
ever	more	computational	resources.	For	example,	in	pursuit	of	higher	resolution	models,	halving	grid	cell	length	in	three	dimensions	requires	eight	times	the	processing	power,	but	due	to	model	biases	and	initial	condition	uncertainty,	corresponding	improvements	in	forecasting	skill	are	not	guaranteed.	At	the	same	time,	as	society	progresses	we	are
placing	greater	emphasis	on	efficiency	and	safety	in	everything	we	do.	In	order	for	businesses	to	operate	efficiently	and	in	order	to	keep	the	public	safe	from	meteorological	hazards,	there	should	be	great	emphasis	on	improving	the	functionality	of	weather	forecasts	as	decision	support	tools—and	that	means	bridging	the	gap	between	deterministic
NWP	model	outputs	(including	sparse	ensembles	from	these)	and	fully	probabilistic	forecasting	approaches	suitable	for	supporting	decision	making	through	the	use	of	decision	theory	[6,7].	In	essence,	statistical	approaches	are	key	to	optimal,	transparent	and	consistent	decision	making.At	the	same	time,	while	NWP	methodology	has	evolved	gradually
over	the	last	century	(hence	the	quiet	revolution),	the	last	decade	has	seen	significant	developments	in	machine	learning	and	its	rise	into	the	scientific	limelight,	with	promising	results	being	demonstrated	in	a	wide	range	of	applications	(e.g.	[8–10]).	The	catalyst	for	this	new	wave	of	machine	learning	can	perhaps	be	attributed	to	the	results	of
Krizhevsky	et	al.	[11]	in	the	large	scale	visual	recognition	challenge	(ILSVRC)	of	2012,	who	demonstrated	for	the	first	time	that	deep	neural	networks—with	their	ability	to	automatically	learn	predictive	features	in	order	to	maximize	an	objective	function—could	outperform	existing	state-of-the-art	image	classifiers	based	on	hand-crafted	features,
which	had	been	the	established	approach	for	previous	decades.	The	parallels	between	the	hand-crafted	features	in	image	classification,	and	the	human	choices	that	are	made	in	all	kinds	of	data	processing	pipelines—including	weather	forecasting—have	inspired	exploration	into	new	applications	of	machine	learning.	In	meteorology,	could	these	tools
relieve	pressure	from	current	model	development	and	data	processing	bottlenecks	and	deliver	a	step-change	in	the	rate	of	progress	in	forecasting	skill?Initial	efforts	using	machine	learning	in	the	context	of	post-processing	NWP	model	output	have	shown	promising	results	(e.g.	[12–14])	in	both	probabilistic	and	deterministic	settings.	We	believe	that
the	greatest	value	of	machine	learning	in	weather	forecasting	lies	in	the	probabilistic	capabilities	of	these	methods:	not	only	do	they	have	the	potential	to	learn	to	improve	forecasting	skill	empirically	but	also	to	bridge	the	gap	between	traditionally	deterministic	forecasting	approaches	(i.e.	NWP)	and	the	probabilistic	requirements	of	robust	decision
support	tools.To	this	end,	in	this	paper,	we	demonstrate	our	framework	for	probabilistic	weather	forecast	post-processing	using	machine	learning.	We	have	designed	this	framework	to	be	suitable	for	use	by	operational	meteorologists,	and	therefore,	unlike	other	studies	that	we	are	currently	aware	of,	our	proposed	solution	incorporates	forecast	data
from	all	available	model	solutions	(i.e.	multiple	NWP	model	types,	and	all	available	forecast	lead	times).	The	framework	aggregates	the	available	forecast	information	into	a	single	well-calibrated	predictive	distribution,	providing	probabilities	of	weather	outcomes	for	each	hour	into	the	future.	Our	application	is	road	surface	temperature	forecasting—a
univariate	output—using	archived	operational	data	from	the	UK	Met	Office.	In	this	demonstration,	we	use	quantile	regression	forests	(QRF,	[15])	as	our	machine	learning	algorithm,	but	hope	to	convince	readers	that	our	overall	approach—flexible	quantile	regression	for	each	forecast,	followed	by	averaging	of	quantiles	across	forecasts,	and	finally
interpolating	the	full	predictive	distribution—provides	a	flexible	framework	for	probabilistic	weather	forecasting,	and	crucially	one	that	is	compatible	with	the	use	of	any	probabilistic	forecasting	models	(post-processed	or	otherwise).Our	framework	can	be	seen	as	an	overarching	aggregator	of	forecast	information,	emulating	part	of	the	role	of	the
operational	meteorologist,	who	must	otherwise	develop	a	sense	for	how	skilful	each	individual	forecast	is	through	experience,	and	mentally	combine	these	forecasts	in	order	to	make	probabilistic	statements	to	inform	decision	making.	These	include	judgements	of	uncertainty	such	as	a	‘most	likely	scenario’	and	a	‘reasonable	worst-case	scenario’	[16].
Figure	1	gives	an	example	of	how	complex	a	task	it	is	to	make	sense	of	the	available	forecast	information,	even	for	the	single	variable	of	road	surface	temperature	at	a	single	site.	Figure	1.	A	visualization	of	the	information	provided	by	numerical	weather	prediction	(NWP)	forecasts.	Each	coloured	line	represents	an	ensemble	member	from	a	different
model	type.	Observations	(solid	black	line)	go	as	far	as	time	zero	(vertical	dashed	line:	the	‘current	time’,	which	is	00:00	on	5	January	in	this	figure)	and	beyond	that,	if	a	statistical	approach	is	not	used,	it	is	down	to	individual	meteorologists	to	determine	the	likely	weather	outcomes	based	on	the	information	presented	by	the	models.	(Online	version	in
colour.)	Download	figureOpen	in	new	tabDownload	PowerPointWhile	methods	for	weather	forecast	post-processing	using	more	traditional	statistical	approaches	have	existed	for	some	time	(e.g.	[17–20]),	we	believe	our	machine	learning-based	approach	to	be	a	useful	contribution	to	the	field	as	interest	in	meteorological	machine	learning	grows.	The
development	of	our	framework	has	been	guided	by	the	needs	of	operational	weather	forecasting,	including	handling	sets	of	different	weather	forecasting	models	with	their	own	unique	ranges	of	lead	times.	Increasingly	these	forecasts	may	not	all	be	raw	NWP	forecasts,	but	are	themselves	likely	to	have	been	individually	post-processed	using	machine
learning	(e.g.	for	downscaling),	or	purely	statistical	spatio-temporal	forecasts.	It	is	therefore	a	strength	of	our	proposed	framework	that	we	can	post-process	any	number	of	models	of	any	type,	and	for	any	lead	times.The	key	considerations	in	designing	our	framework	were	that	we	wanted	to	develop	an	approach	that	was	flexible,	compatible	and	fast.
Flexible	in	the	sense	that	we	would	like	to	minimize	the	number	of	assumptions	made	that	would	constrain	the	form	of	our	probabilistic	forecasts,	and	largely	‘let	the	data	do	the	talking’,	as	tends	to	be	the	machine	learning	ethos.	Compatible	in	the	sense	that	we	would	like	our	framework	to	generalize	to	scenarios	in	which	NWP	model	outputs	are	not
the	only	forecast	available—this	is	likely	to	become	more	common	as	machine	learning	becomes	more	commonplace.	And	fast,	because	weather	forecasting	is	a	near-real-time	activity	and	any	post-processing	approach	has	to	be	able	to	keep	up.There	are	many	possible	approaches	for	post-processing	individual	weather	forecasts,	and	indeed	many
possible	approaches	for	producing	forecasts	in	the	first	place	(for	example,	spatio-temporal	statistical	models	[21],	or	more	recently	neural	network-based	approaches	[22],	in	addition	to	the	traditional	NWP	models).	By	using	quantiles	as	the	basis	on	which	we	combine	multiple	forecasts,	our	approach	is	compatible	with	any	forecast	from	which	well-
calibrated	predictive	quantiles	can	be	obtained,	either	from	the	forecast	model	directly	(if	probabilistic),	or	through	uncertainty	quantification	of	deterministic	models,	as	we	demonstrate	in	this	paper.	The	three	stages	of	our	framework’s	methodology	are	explained	in	the	following	subsections.For	our	application	to	road	surface	temperature
forecasting,	the	available	forecasts	come	from	a	set	of	NWP	models,	as	is	commonly	the	case.	Our	model	set	spans	from	long	range,	low-resolution	global	models	(glu,	glm)	through	medium	range,	medium	resolution	European	models	(eur_eu,	eur_uk)	to	shorter	range,	high-resolution	UK	specific	models	(ukv,	enuk)	including	a	6 h	nowcast	(pvrn).	Apart
from	the	‘enuk’	model,	which	itself	provides	an	ensemble	of	12	members	on	each	run,	the	other	models	provide	single	deterministic	forecasts.	While	all	of	these	models	provide	spatial	forecasts,	in	this	study	we	post-process	the	forecasts	for	specific	sites	in	order	to	focus	on	the	probabilistic	aspects.	Figure	1	shows	a	snapshot	of	the	set	of	model
forecasts	for	a	single	site.While	the	final	output	of	our	framework	is	a	full	predictive	distribution	summarizing	the	information	contained	in	the	entire	set	of	NWP	model	output,	the	first	step	is	to	convert	each	deterministic	forecast	into	an	individually	well-calibrated	probabilistic	forecast.	We	do	this	by	using	machine	learning	to	model	the	error	profile
of	each	deterministic	forecast	conditional	on	forecasting	covariates.	The	error	is	defined	as	ϵt,m=y−xt,m,2.1	where	xt,m	is	a	NWP	model	forecast	for	model	type	m	(e.g.	eur_uk)	and	lead	time	t	while	y	is	the	corresponding	observation.	For	our	surface	temperature	data,	lead	times	range	from	0	h	to	168	h.	Predictions	of	future	data	points	are	then
obtained	by	y^t,m=xt,m+ϵt,m.2.2Modelling	the	forecast	errors	rather	than	y	was	empirically	found	to	produce	better	predictions	using	significantly	less	training	data.	An	explanation	for	this	is	that	xt,m	is	used	as	a	complex	trend	removal	function	(e.g.	for	seasonality	and	other	non-stationary	effects),	thus	allowing	us	to	treat	ϵt,m	as	a	time-invariant
(stationary)	variable—the	stochastic	relationship	between	model	error	and	lead	time	is	quite	stable	across	absolute	time	(figure	2).	This	simplifying	assumption	may	not	hold	up	in	every	case,	and	we	would	recommend	checks	before	applying	it	to	other	variables	and	forecasting	tasks.	Modelling	the	forecast	errors,	ϵ,	also	has	the	benefit	of	providing
many	more	unique	ϵt,m	observations	for	training	than	is	provided	by	the	absolute	temperature	observations	yt,m.	This	is	because,	while	yt	is	identical	for	all	m	(only	one	absolute	temperature	observation	is	made	per	time	step),	ϵ	is	unique	for	each	t,	m	pair	because	each	unique	NWP	forecast	produces	its	own	unique	error.	The	recent	work	of
Taillardat	&	Mestre	[23],	and	Dabernig	et	al.	[24]	before	them,	shows	that	we	are	not	alone	in	successfully	using	an	error	modelling	approach.	Figure	2.	Plot	of	ϵt,m	for	m=glm	against	lead	hour	(1,	2,	…,	168)	for	a	random	sample	of	our	dataset	(spanning	multiple	months	of	absolute	time).	Each	point	is	ϵt,m	at	a	single	hourly	time	step.	The	red	line	is
a	smooth	estimate	of	the	mean.	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointFigure	2	shows	ϵt,m	for	m=glm	(global	long-range	forecast)	and	t = 0,	1,	…,	168.	Note	the	expected	general	increase	in	variance	with	increasing	lead	times	and	the	increase	in	the	location	of	the	mean	of	the	distribution	(red	line)
indicating	a	systematic	bias	in	the	forecast.	There	is	also	a	cyclic	trend	caused	by	the	interaction	between	lead	time	and	model	initialization	time.	This	particular	model	is	initialized	at	00:00	and	12:00	h,	so	we	see	increased	errors	on	a	12 h	cycle	starting	from	initialization.	This	is	because	temperature	errors	tend	to	be	larger	in	the	early	hours	of	the
afternoon	(when	effects	of	inaccurately	modelled	cloud	coverage	on	solar	irradiance	are	most	pronounced)	compared	to	the	early	evening	and	morning.In	order	to	learn	the	error	distribution	of	each	NWP	model	type,	we	use	QRF	[15]	as	implemented	in	the	‘ranger’	package	in	R	[25].	While	many	other	data	modelling	options	are	possible,	QRF	has	a
number	of	desirable	properties.	First,	it	has	the	flexibility	to	fit	complex	functions	with	minimal	assumptions.	For	data-rich	problems	such	as	ours,	not	specifying	a	parametric	distribution	allows	us	to	capture	the	true	complexity	of	the	error	distribution.	Second,	it	is	very	fast	in	both	training	and	prediction,	and	suitable	for	operational	settings	avoiding
user	input	such	as	convergence	checks	(e.g.	MCMC	or	gradient	descent-based	methods).	Third,	it	is	relatively	easy	to	understand	the	algorithm	and	has	only	a	few	hyper-parameters	to	tune,	which	makes	getting	reasonably	good	results	in	new	problems	quite	straightforward.For	a	detailed	explanation	of	the	QRF	algorithm	see	Athey	et	al.	[26]	or
Taillardat	et	al.	[14]	for	a	more	weather	oriented	description.	For	regression	problems	like	ours,	the	QRF	algorithm	(a	variant	of	the	popular	random	forest	algorithm)	consists	of	an	ensemble	of	regression	trees.	A	regression	tree	recursively	partitions	the	space	defined	by	the	covariates	into	progressively	smaller	non-overlapping	regions.	A	prediction
is	then	some	property/statistic	of	the	observations	contained	within	the	relevant	region.	Conventionally	for	each	tree,	the	prediction	is	the	sample	mean	of	the	observations	in	the	partition	corresponding	to	new	input	data.	Suppose	for	instance	that	a	regression	tree	is	grown	on	the	data	in	figure	2	and	that	our	aim	is	to	predict	the	mean	forecast	error
at	100 h.	Suppose	also	that	the	tree	had	decided	to	group	all	observations	in	t ∈ [98,	106]	into	the	same	partition.	Then	the	prediction	for	t = 100	would	simply	be	the	mean	of	all	observations	between	98	and	106	h.	For	a	QRF	however,	the	same	tree	would	instead	return	the	values	of	all	the	observations	between	98	and	106	h	as	an	empirical
distribution	from	which	quantiles	are	later	derived.	The	predictive	performance	of	random	forests	is	sensitive	to	how	the	covariate	space	is	partitioned.	The	splitting	rule,	which	governs	the	placement	of	partitioning	splits	as	each	tree	grows,	is	therefore	an	important	parameter,	as	are	tunable	hyper-parameters	that	we	discuss	in	the	next	paragraph.
Here,	we	use	the	variance	splitting	rule,	which	minimizes	the	intra-partition	variance	within	the	two	child	partitions	at	each	split.	A	key	aspect	of	the	random	forest	and	QRF	algorithm	is	that	each	tree	in	the	ensemble	is	grown	on	its	own	unique	bootstrapped	random	sample	of	the	training	data.	This	produces	a	forest	of	uncorrelated	trees,	which	when
aggregated	(called	bootstrap	aggregation	or	‘bagging’)	results	in	an	overall	prediction	that	is	less	prone	to	over-fitting	than	an	individual	decision	tree,	while	retaining	the	ability	to	learn	complex	functions.	To	produce	quantile	predictions,	the	QRF	returns	sample	quantiles	from	all	observations	contained	within	the	relevant	partition	of	each	individual
tree	in	the	forest.	In	doing	so	it	behaves	as	a	conditional	(on	the	covariates)	estimate	of	the	CDF.For	modelling	NWP	surface	temperature	errors,	the	tuning	of	QRF	hyper-parameters	as	well	as	the	selection	of	input	covariates	was	conducted	manually	with	the	aim	of	achieving	good	out-of-bag	quantile	coverage	(a	QRF	proxy	for	out-of-sample
performance)	across	all	lead	times.	This	was	achieved	using	visual	checks	such	as	figure	3,	which	indicates	that	on	average,	prediction	intervals	are	close	to	the	ideal	coverage	across	lead	times,	i.e.	90%	of	the	time	observations	will	fall	within	the	90%	prediction	interval.	However,	for	operational	set-ups	it	may	be	preferable	to	use	a	more	formal
optimization	procedure,	such	as	Bayesian	optimization.	We	found	that	using	just	lead	time,	t,	and	model	type,	m,	as	covariates	gave	the	best	calibration	results,	presumably	aided	by	the	parsimonious	nature	of	this	simple	representation.	The	chosen	hyper-parameters	were	mtry = 1	(this	is	the	number	of	covariates	made	available	at	random	to	try	at
each	split),	min.node.size = 1	(this	limits	the	size	of	the	terminal	nodes/final	partitions	of	each	tree—in	this	case,	there	is	no	limit	on	how	small	these	can	be),	sample.fraction	=	128/nrow(training	data)	(this	is	the	size	of	the	bootstrap	sample	of	the	training	data	provided	to	each	tree),	and	num.trees = 250	(this	is	the	number	of	trees	in	the	forest).	The
use	of	a	relatively	small	sample	size	(128	observations	for	each	tree,	out	of	a	total	of	around	50 000	observations	in	a	14	day	run-in	period)	and	a	minimum	node	size	of	one	(trees	grown	to	full	depth)	was	found	to	produce	the	best	out-of-bag	coverage	at	a	minimal	run	time.	Our	mtry	setting	meant	that	one	of	our	two	covariates	(t	and	m)	was	made
available	at	random	to	each	tree	at	each	split.	If	another	objective	had	been	prioritized	(e.g.	to	minimize	mean	squared	error,	rather	than	optimize	coverage)	the	optimal	hyper-parameters	would	be	different.	Figure	3.	Coverage	of	the	50%,	80%,	90%	and	95%	QRF	prediction	intervals	on	out-of-bag	data	from	one	training	scenario	(though	the	picture	is
indicative	of	other	scenarios).	The	coverage	is	the	proportion	of	observations	that	fall	within	each	prediction	interval,	and	should	match	the	interval	(i.e.	with	95%	of	observations	falling	within	the	95%	prediction	interval)	in	a	well-calibrated	set-up.	(Online	version	in	colour.)	Download	figureOpen	in	new	tabDownload	PowerPointOnce	the	QRF	has
been	trained,	each	NWP	forecast	can	be	converted	to	a	probabilistic	forecast	by	adding	to	it	the	predicted	error	distribution	(2.2).	Unlike	the	deterministic	NWP	forecast,	the	prediction	is	now	a	probability	distribution,	constructed	through	a	conditional	bootstrap	of	ϵt,m	via	the	QRF	algorithm.	Prediction	intervals	are	obtained	as	quantiles	of	this
distribution	as	illustrated	in	figure	4.	Figure	4.	A	deterministic	NWP	forecast	for	m=glm	that	has	been	converted	to	a	probabilistic	forecast	using	equation	(2.2).	The	80%	and	95%	prediction	intervals	are	shown	as	overlain	grey	ribbons,	while	the	solid	grey	line	is	the	median	(which	differs	little	from	the	NWP	forecast	here).	(Online	version	in	colour.)
Download	figureOpen	in	new	tabDownload	PowerPointThe	next	step	is	to	combine	these	predictive	distributions	from	each	NWP	model	output	into	a	single	distribution	that	is	suitable	for	use	in	decision	support.	The	challenge	is	to	combine	the	forecasts	in	a	probabilistically	coherent	manner,	with	the	goal	of	producing	a	single	well-calibrated	and
skilful	predictive	distribution.A	popular	approach	for	combining	probabilistic	models	is	Bayesian	model	averaging	(BMA),	and	its	use	in	the	statistical	post-processing	of	weather	forecasts	has	precedent	(e.g.	[17,27,28]).	Basic	BMA	produces	a	combined	distribution	as	a	weighted	sum	of	PDFs.	However,	in	order	to	satisfy	the	requirements	of	our
framework,	we	propose	an	alternative	approach	using	quantile	averaging,	whereby	each	quantile	of	the	combined	distribution	is	taken	as	the	mean	of	the	same	quantile	estimated	by	each	individual	model.	An	illustrative	comparison	of	equal-weighted	BMA	and	quantile	averaging	is	shown	in	(figure	5).	For	the	purposes	of	our	framework,	we	found
BMA	to	be	unsuitable	for	the	following	three	reasons:	(1)	achieving	good	calibration	of	the	combined	distribution	produced	by	BMA	requires	optimization	of	the	intra-model	variance,	i.e.	the	spread	of	each	individual	model’s	error	profile.	In	our	case,	where	each	model’s	error	profile	has	been	learned	independently	by	QRF,	and	is	already	well-
calibrated,	combining	these	through	BMA	produces	an	over-dispersed	predictive	distribution	due	to	the	inclusion	of	the	inter-model	variance	in	addition	to	the	already	calibrated	intra-model	variances.	(2)	In	turn,	this	makes	BMA	rather	incompatible	with	input	models	that	are	individually	well-calibrated	(e.g.	statistical	nowcasts),	and	therefore
incompatible	with	a	general	framework	like	ours.	(3)	The	use	of	BMA	across	all	models	and	lead	times	is	complicated	by	the	fact	that	there	are	not	an	equal	number	of	forecasts	available	for	each	lead	time.	This	means	that	the	inter-model	variance	is	intrinsically	inconsistent	across	lead	times,	even	dropping	to	zero	at	our	longest	ranges,	where	only	a
single	deterministic	forecast	is	available	(e.g.	figure	1).	This	decrease	in	inter-model	variance	with	increasing	forecast	range	trends	opposite	to	the	true	uncertainty,	which	intuitively	should	increase	with	forecast	range.	This	is	a	quirk	of	NWP	forecast	availability	and	one	that	probabilistic	post-processing	must	overcome.	Figure	5.	Synthetic	example	of
combining	two	probabilistic	forecasts	using	Bayesian	model	averaging	(BMA)	and	quantile	averaging	(QA),	after	[29].	Download	figureOpen	in	new	tabDownload	PowerPointOur	framework	overcomes	this	instability	in	inter-model	variance	by	using	quantile	averaging	(also	known	as	the	‘Vincentization’	method	[30,31])	to	combine	forecasts	that	are
already	well-calibrated	for	coverage	(owing	to	their	QRF	error	profiles,	in	our	case).	Using	this	approach,	we	construct	our	combined	forecast	distribution	from	the	quantile	predictions	of	our	individual	QRF	post-processed	forecasts.	To	produce	each	predicted	quantile	of	the	combined	distribution,	Vincentization	simply	takes	the	mean	of	the	set	of
estimates	of	the	same	quantile	by	each	individual	forecast.	As	explored	by	Ratcliff	[32],	Vincentization	produces	a	combined	distribution	with	mean,	variance,	and	shape	all	approximately	equal	to	the	average	mean,	variance,	and	shape	of	the	individual	distributions	(as	we	see	in	figure	5).	Vincentization	therefore	provides	similar	functionality	to
parameter	averaging	of	parametric	distributions,	but	for	non-parametric	distributions	such	as	ours.	Within	our	framework,	Vincentization	effectively	integrates	out	the	inter-model	variance	(by	taking	the	mean	across	models),	and	in	doing	so	preserves	the	calibration	of	the	individual	QRF	post-processed	forecasts,	avoiding	the	overinflation	issues	that
BMA	would	produce.	Vincentization	is	therefore	one	possible	solution	to	the	issue	of	combining	calibrated	probability	distributions	without	loss	of	calibration	[28].	However,	the	method	by	which	probability	distributions	are	combined	can	have	important	implications	for	decision-support	forecasting,	and	while	quantile	averaging	satisfies	our	general
requirements	for	this	framework,	we	do	not	discount	that	alternative	approaches	may	be	preferable	depending	on	the	application.Our	quantile	averaged	forecast	benefits	from	stability	owing	to	the	law	of	large	numbers—any	quantile	of	the	forecast	distribution	represents	an	average	of	the	estimates	of	that	quantile	across	the	available	individual
forecasts.	This	approach	is	therefore	more	akin	to	model	stacking	procedures,	as	used	in	ensemble	machine	learning	to	improve	prediction	accuracy	by	reducing	prediction	variance	[33].	Indeed,	this	same	logic	is	behind	the	bootstrap	aggregation	(bagging)	procedure	of	the	random	forest	algorithm:	by	averaging	the	predictions	of	multiple	individual
predictors—each	providing	a	different	perspective	on	the	same	problem—the	variance	of	the	aggregate	prediction	is	reduced,	resulting	in	improved	prediction	accuracy	at	the	expense	of	some	increased	bias	[34].	Crucially	for	our	framework,	unlike	a	BMA	approach	which	retains	the	inter-model	variance,	the	calibration	of	our	quantile	averaged
output	is	invariant	to	the	number	of	forecasts	available	at	each	timestep.	This	is	key	for	temporally	coherent	forecast	calibration	across	all	lead	times.Our	error	modelling	approach	does	require	one	extra-step	of	processing	in	order	to	handle	model	types	which	themselves	have	multiple	interchangeable	ensemble	members.	The	‘enuk’	model	(figure	1)
is	our	example	of	this,	having	twelve	non-unique	members.	In	such	cases,	the	apparent	error	profile	for	the	model	type	as	a	collective	gets	overinflated	by	the	inter-member	variance.	Our	solution	to	this	is	to	label	each	ensemble	member	by	its	rank	(at	each	time	step).	This	splits	our	12-member	‘enuk’	ensemble	into	12	unique	model	types	in	the	eyes
of	the	QRF.	This	approach	produces	well-calibrated	error	profiles	(though	with	significant	offset	bias	in	the	extreme	ranking	members,	as	would	be	expected).While	quantile	averaging	provides	an	effective	way	of	combining	multiple	probabilistic	forecast	distributions,	it	leaves	us	with	only	a	set	of	quantiles	rather	than	the	full	predictive	distribution.
This	distribution	is	desirable	because	it	allows	us	to	(a)	answer	important	questions	such	as	‘what	is	the	probability	that	the	temperature	will	be	below	0°C?’	and	(b)	evaluate	the	skill	of	the	probabilistic	forecast	using	a	range	of	proper	scoring	rules	(although,	depending	on	the	end	use,	some	proper	scoring	rules	could	be	calculated	directly	from
quantile	predictions,	e.g.	the	quantile	score	[35]	or	the	interval	score	[36]).To	obtain	the	full	predictive	distribution,	we	interpolate	between	the	quantiles	of	our	combined	forecast	in	order	to	construct	a	full	CDF	using	the	method	of	Quiñonero-Candela	et	al.	[37],	which	has	previously	been	applied	to	precipitation	forecasting	[38]	and	is	available	in	the
R	package	qrnn	[38].	The	method	linearly	interpolates	between	the	given	quantiles	of	the	CDF	(our	combined	quantiles	from	Vincentization),	and,	beyond	the	range	of	given	quantiles,	extrapolates	down	to	P(X ≤ x) = 0	and	up	to	P(X ≤ x) = 1	assuming	tails	that	decay	exponentially	with	a	rate	that	ensures	the	corresponding	PDF	sums	to	one	(figure	6a;
for	details	see	pp.	8	and	9	of	Quiñonero-Candela	et	al.	[37]).	Using	this	approach	allows	us	to	construct	a	full	predictive	distribution	from	the	Vincentized	quantiles	of	our	individual	QRF	post-processed	forecasts.	Depending	on	the	application	at	hand,	suitable	forecast	information	might	be	obtained	by	querying	the	CDF	of	the	predictive	distribution
directly	at	each	time	step,	but	in	our	application	here,	we	go	the	extra	step	of	simulating	temperature	outcomes	at	each	timestep	by	randomly	sampling	from	the	CDF	(figure	6b).	This	is	the	final	step	of	our	framework—taking	us	from	a	set	of	disparate	NWP	forecasts	to	a	full	predictive	distribution	of	weather	outcomes.	Figure	6.	Interpolated	CDF	of
the	combined	predictive	distribution	(a),	and	corresponding	road	surface	temperature	simulation	(b)	for	a	particular	50 h	ahead	forecast.	Download	figureOpen	in	new	tabDownload	PowerPointTo	evaluate	our	framework,	we	applied	it	to	200	randomly	time-sliced	and	site-specific	forecasting	scenarios	extracted	from	our	UK	Met	Office	road	surface
temperature	dataset,	which	we	have	aggregated	to	hourly	time	steps.	Each	scenario	has	its	own	training	window	of	14	days,	providing	approximately	50 000	data	points	of	ϵt,m	to	train	the	QRF,	immediately	followed	by	its	own	evaluation	window	extending	as	far	as	the	longest	range	NWP	forecast	(up	to	168 h/7	days),	which	is	akin	to	the	area	to	the
right	of	the	vertical	dashed	line	in	figure	1.	While	there	are	only	336 h	in	a	14	day	training	window,	the	number	of	NWP	models	and	their	regular	re-initialization	schedule,	means	that	approximately	150	forecasts	are	made	for	any	hour	by	the	time	it	is	observed.	While	we	only	use	the	current	forecasts	from	each	model	type	to	generate	our	predictions,
the	training	benefits	from	every	historical	forecast	within	the	window.Figure	7	shows	an	example	prediction	of	up	to	168	h	into	the	future	for	a	particular	scenario.	This	is	just	one	of	the	200	random	scenarios	used	in	our	overall	evaluation.	Although	the	prediction	at	each	hour	ahead	is	a	full	probability	distribution,	here	we	present	prediction	intervals
as	well	as	a	simulation	of	1000	temperature	values	from	it.	The	samples	were	used	to	derive	the	probability	of	the	temperature	being	below	0°C	as	the	proportion	of	values	less	than	zero.	Different	stakeholders	will	require	their	own	unique	predictive	quantities,	and	by	providing	a	full	predictive	distribution,	our	framework	should	cater	for	a	wide
variety	of	requirements.	Figure	7.	An	example	of	the	output	of	our	post-processing	framework.	(a)	The	probabilistic	forecast	is	visualized	by	the	80%	and	95%	prediction	intervals.	(b)	Simulations	from	the	full	predictive	distribution	as	grey	dots,	while	the	red	line	(right-hand	y-axis)	shows	the	probability	of	temperature	being
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