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Abstract

Direct	 nitrous	 oxide	 (N2O)	 emissions	 during	 the	 biological	 nitrogen	 removal	 (BNR)	 processes	 can	 significantly	 increase	 the	 carbon	 footprint	 of	 wastewater	 treatment	 plant	 (WWTP)	 operations.	 Recent	 onsite

measurement	of	N2O	emissions	at	WWTPs	have	been	used	as	an	alternative	to	the	controversial	theoretical	methods	for	the	N2O	calculation.	The	full-scale	N2O	monitoring	campaigns	help	to	expand	our	knowledge	on	the	N2O

production	pathways	and	 the	 triggering	operational	conditions	of	processes.	The	accurate	N2O	monitoring	could	help	 to	 find	better	process	control	solutions	 to	mitigate	N2O	emissions	of	wastewater	 treatment	systems.

However,	quantifying	the	emissions	and	understanding	the	long-term	behaviour	of	N2O	fluxes	in	WWTPs	remains	challenging	and	costly.

A	review	of	the	recent	full-scale	N2O	monitoring	campaigns	is	conducted.	The	analysis	covers	the	quantification	and	mitigation	of	emissions	for	different	process	groups,	focusing	on	techniques	that	have	been	applied

for	the	 identification	of	dominant	N2O	pathways	and	triggering	operational	conditions,	 techniques	using	operational	data	and	N2O	data	 to	 identify	mitigation	measures	and	mechanistic	modelling.	The	analysis	of	various

studies	showed	that	there	are	still	difficulties	in	the	comparison	of	N2O	emissions	and	the	development	of	emission	factor	(EF)	databases;	the	N2O	fluxes	reported	in	literature	vary	significantly	even	among	groups	of	similar

processes.	The	results	indicated	that	the	duration	of	the	monitoring	campaigns	can	impact	the	EF	range.	Most	N2O	monitoring	campaigns	lasting	less	than	one	month,	have	reported	N2O	EFs	less	than	0.3%	of	the	N-load,

whereas	studies	lasting	over	a	year	have	a	median	EF	equal	to	1.7%	of	the	N-load.	The	findings	of	the	current	study	indicate	that	complex	feature	extraction	and	multivariate	data	mining	methods	can	efficiently	convert

wastewater	operational	and	N2O	data	into	information,	determine	complex	relationships	within	the	available	datasets	and	boost	the	long-term	understanding	of	the	N2O	fluxes	behaviour.	The	acquisition	of	reliable	full-scale

N2O	monitoring	data	is	significant	for	the	calibration	and	validation	of	the	mechanistic	models	of-describing	the	N2O	emission	generation	in	WWTPs.	They	can	be	combined	with	the	multivariate	tools	to	further	enhance	the

interpretation	of	the	complicated	full-scale	N2O	emission	patterns.	Finally,	a	gap	between	the	identification	of	effective	N2O	mitigation	strategies	and	their	actual	implementation	within	the	monitoring	and	control	of	WWTPs

has	been	identified.	This	study	concludes	that	there	is	a	further	need	for	i)	long-term	N2O	monitoring	studies,	ii)	development	of	data-driven	methodological	approaches	for	the	analysis	of	WWTP	operational	and	N2O	data,	and

iii) better	understanding	of	the	trade-offs	among	N2O	emissions,	energy	consumption	and	system	performance	to	support	the	optimization	of	the	WWTPs	operation.
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1	Introduction
Wastewater	treatment	plants	(WWTPs)	produce	substantial	anthropogenic	nitrous	oxide	(N2O)	amounts	(Law	et	al.,	2012).	N2O	emissions	from	wastewater	treatment	processes	have	increased	by	44%	from	1990	to	2014	(US

EPA,	2016).	Moreover,	they	are	responsible	for	up	to	26%	of	the	greenhouse	gas	(GHG)	emissions	of	the	whole	water	supply	chain	(including	drinking	water	supply,	wastewater	collection	and	treatment,	effluent	discharge,	sludge

processing	and	disposal)	 (Lane	et	al.,	2015).	Therefore,	 the	evaluation	of	 the	environmental	 impact	of	WWTPs	 is	gaining	 increasing	attention	worldwide	 (Guo	et	al.,	2017;	Harris	 et	 al.,	 2015a,bHarris	et	al.,	2015;	Law	 et	 al.,	 2012;

Mannina	et	al.,	2016;	Massara	et	al.,	2017).	N2O	has	an	approximately	300	times	higher	GHG	effect	than	CO2	(IPCC,	2013).	Compared	to	other	unregulated	combined	halocarbon	emissions,	reducing	the	anthropogenic	N2O	emissions	in

the	atmosphere	plays	the	most	significant	role	in	preventing	the	ozone	layer	depletion	(Daniel	et	al.,	2010;	Portmann	et	al.,	2012).

Stricter	environmental	regulations	are	being	imposed	on	WWTPs,	while	the	need	to	control	the	energy	consumption	costs,	pushes	the	plant	managers	towards	the	deployment	of	more	energy	and	cost	efficient	operational

strategies	(Batstone	et	al.,	2015;	Ghoneim	et	al.,	2016).	The	integration	of	additional	sustainability	metrics	(e.g.	GHG	emissions,	resource	recovery)	for	the	evaluation	of	the	WWTP	performance	is	also	gaining	attention	(Flores-Alsina	et



al.,	2014;	Cornejo	et	al.,	2016).	Recent	studies	have	revealed	that	the	direct	N2O	emissions	of	biological	processes	in	WWTPs	can	increase	the	operational	carbon	footprint	by	∼78%	(Daelman	et	al.,	2013a)	or	even	∼83%	(Desloover	et

al.,	2011).	Moreover,	the	new	technology	adoption	in	WWTPs	requires	the	consideration	of	trade-offs	between	direct	and	indirect	GHG	emissions	to	ensure	that	it	will	not	result	in	increase	of	the	overall	carbon	footprint.	Since	the	GHG

emissions	have	a	major	contribution	to	the	overalltotal	environmental	impact	of	WWTPs,	they	should	be	considered	as	part	of	the	decision-making	process	for	the	improvement	of	the	technological	and	operational	plant	performance

(Sun	et	al.,	2017bSun	et	al.,	2017a,b;	Frutos	et	al.,	2018;	Conthe	et	al.,	2018).	Therefore,	research	has	been	conducted	in	the	past	years	to	identify	and	suggest	strategies	leading	to	N2O	mitigation	during	the	biological	nutrient	removal

(BNR)	 processes	 (Desloover	 et	 al.,	 2012;	Duan	 et	 al.,	 2017;	 Law	 et	 al.,	 2012).	 Different	 operating	 parameters,	 such	 as	 dissolved	 oxygen	 (DO),	 pH,	 ammonium	 (NH4+)	 and	 nitrite	 (NO2−)	 concentration,	 configuration	 types	 and

environmental	conditions	(e.g.	temperature),	can	affect	the	N2O	production	in	WWTPs	(Desloover	et	al.,	2012;	Kampschreur	et	al.,	2009b;	Massara	et	al.,	2017).	The	exact	 triggering	operational	and	environmental	conditions	 that

govern	the	N2O	generation	are	still	under	investigation	by	researchers	and	operators	(Wan	et	al.,	2019).	Additionally,	the	exact	mechanisms	that	determine	the	N2O	generation	are	not	fully	understood,	thus	hindering	the	establishment

of	mitigation	measures	(Duan	et	al.,	2017).	Consequently,	the	long-term	dynamics	of	N2O	emissions	in	full-scale	WWTPs	cannot	be	fully	explained,	even	for	conventional	processes	(e.g.	plug-flow	(PF)	reactors)	(Daelman	et	al.,	2015).

Different	data,	sampling	techniques	and	analytical	tools	have	been	employed	in	existing	full-scale	N2O	studies.	The	objectives	of	the	current	review	paper	are	to:	i)	evaluate	recent	findings	from	N2O	monitoring	campaigns	in

terms	of	N2O	EFs,	dominant	pathways	and	mitigation	measures	for	different	groups	of	full-scale	configurations	and	reactor	types,	ii)	examine	the	discrepancies	among	the	methods	applied	in	different	monitoring	campaigns,	and	iii)

evaluate	the	data	provided	by	studies	investigating	N2O	emissions	 in	WWTPs.	The	current	study	critically	assesses	how	the	 findings	of	 the	research	on	N2O	emissions	have	been	extrapolated	 in	different	 full-scale	process	groups.

Moreover,	this	work	evaluates	the	methods	that	have	been	applied	at	full-scale	systems	for	the	N2O	quantification,	control	and	mitigation.	Finally,	the	research	gaps	that	need	to	be	addressed	in	future	studies	are	highlighted.

2	The	impetus	for	quantifying	the	N2O	emissions	in	WWTPs
2.1	EF	benchmarks

EF	quantification	in	conventional	and	advanced	wastewater	treatment	processes	is	essential	to	assess	and	reduce	the	resulting	environmental	impact	(Foley	et	al.,	2015).	Current	methods	for	the	theoretical	calculation	of	N2O

EFs	 at	WWTPs	 rely	 on	 fixed	 (Palut	 and	Canziani,	 2007)	 or	 country-specific	EFs	 and	 similar	 over-simplified	 approaches	 (Singh	and	Maurya,	 2016).	 These	methods	 underestimate	 the	 actual	 emissions	 and	 are	 considered	 unreliable

(Cadwallader	and	VanBriesen,	2017),	since	they	are	not	representative	for	different	process	configurations,	operational	and	environmental	conditions.	Therefore,	a	main	target	of	the	studies	analysed	in	this	paper	was	to:	i)	develop	ana

N2O	emission	database	from	different	mainstream	(Ahn	et	al.,	2010b,	2010a)/sidestream	(Kampschreur	et	al.,	2008;	Weissenbacher	et	al.,	2010)	processes	and	innovative	configurations	(Desloover	et	al.,	2011),	and	ii)	identify	N2O	EFs	from

processes	located	in	previously	unreported	regions	with	different	environmental	conditions	(Wang	et	al.,	2011).

2.2	N2O	pathways	and	triggering	operational	conditions
The	majority	of	the	full-scale	N2O	monitoring	campaigns	were	driven	by	the	need	to	expand	the	knowledge	on	the	N2O	generation	 in	wastewater	treatment	systems.	Several	studies	have	highlighted	that	 it	 is	 important	to

understand	the	dominant	N2O	generation	pathways	in	full-scale	processes	and	investigate	the	effect	of	specific	operational	conditions	triggering	specific	enzymatic	reactions	linked	with	elevated	EFs	in	full-scale	biological	systems

(Bollon	et	al.,	2016a;	Pan	et	al.,	2016;	Wang	et	al.,	2016b).

The	N2O	 production	 during	 wastewater	 treatment	 involves	 several	 microbiological	 reactions	 during	 both	 autotrophic	 and	 heterotrophic	 processes	 that	 require	 either	 aerobic	 or	 anoxic	 conditions.	 Three	main	 biological

pathways	 have	 been	 identified	 in	 BNR	 systems;	 hydroxylamine	 (NH2OH)	 oxidation,	 nitrifier	 denitrification	 and	 heterotrophic	 denitrification	 (Kampschreur	 et	 al.,	 2009b).	 The	 NH2OH	 oxidation	 pathway	 is	 mainly	 catalysed	 by	 the

autotrophic	ammonia	oxidizing	bacteria	(AOB)	and	ammonia-oxidizing	archaea	(AOA).	However,	several	studies	have	shown	that	the	contribution	of	AOA	to	N2O	emissions	in	wastewater	is	expected	to	be	low	(Hooper,	1968;	Ritchie	and

Nicholas,	1972;	Law	et	al.,	2012).	Caranto	et	al.	(2016)	have	recently	showed	that	N2O	can	also	be	the	main	product	of	anaerobic	NH2OH	oxidation	catalysed	by	the	cytochrome	P460	in	N.	europaea.	The	latter	can	be	considered	as	evidence

of	biological	N2O	generation	under	limited	DO	and	high	NH3	concentrations	(i.e.	Law	et	al.,	2012),	or	as	potential	explanation	for	the	high	N2O	emissions	observed	during	the	transition	from	aerobic	to	anoxic	conditions.	White	and

Lehnert	(2016)	have	also	suggested	that	N2O	can	be	directly	produced	during	the	NH2OH	oxidation	(mediated	by	the	NH2OH	oxidoreductase	(HAO)	enzyme)	under	aerobic	conditions,	whereas	the	NO2−	detected	can	result	as	by-product

of	the	nitric	oxide	(NO)	oxidation.	The	AOB	can	also	reduce	NO2−	to	NO	(by	the	aid	of	nirk)	and,	subsequently,	NO	to	N2O	(catalysed	by	norB)	mainly	under	oxygen-limiting	conditions	via	the	other	nitrification-related	pathway	(nitrifier

denitrification)	(Poth	and	Focht,	1985).	During	denitrification,	the	heterotrophic	denitrifiers	are	responsible	for	the	reduction	of	NO3−/NO2−	to	nitrogen	gas	(N2).	N2O	is	an	intermediate	of	denitrification	(Schulthess	and	Gujer,	1996).	With

the	NO	reductase	(NOR)	as	catalyst,	NO	is	reduced	to	N2O	(Hochstein	and	Tomlinson,	1988).	NO	can	also	result	as	by-product	of	the	incomplete	NH2OH	oxidation	and	then	serve	as	a	substrate	during	denitrification	(Hooper	and	Terry,

1979).	If	the	denitrification	process	continues	undisturbedly,	N2O	is	reduced	to	N2	in	the	final	denitrification	step	(catalyzed	by	the	N2O	reductase	(N2OR)).	Consequently,	the	heterotrophic	denitrification	process	can	act	either	as	a	sink

or	as	a	source	of	N2O	(Robertson	and	Tiedje,	1987).	Under	elevated	NH2OH	and	NO2−	concentrations,	abiotic	yet	biologically-driven	N2O	pathways	can	also	constitute	important	contributors	to	the	N2O	emissions	(Soler-Jofra	et	al.,	2016;

Terada	et	al.,	2017;	Harper	et	al.,	2015).	Inside	nitritation	reactors	for	example,	the	abiotic-biotic	pathway	of	nitrosation	is	possible;	NO2−	can	react	with	the	biologically	produced	NH2OH	and	form	N2O	as	end-product	(Zhu-Barker	et	al.,



2015).

Based	on	the	existing	knowledge	on	the	N2O	production	pathways,	recent	reviews	on	N2O	emissions	from	wastewater	treatment	processes	have	concluded	that	the	key	operational	variables	responsible	for	the	N2O	generation

include	but	are	not	limited	to	the	following:	i)	low	DO,	NO2−	or	free	nitrous	acid	(HNO2)	accumulation	and	changes	in	the	NH4+	concentration	in	the	nitrifying	zones,	ii)	limitation	of	organic	substrate	(i.e.	low	chemical	oxygen	demand

to	N	(COD:N)	ratio),	as	well	as,	NO2−	accumulation	in	the	denitrifying	zones,	iii)	alternation	of	anoxic/aerobic	conditions,	and	iv)	abrupt	changes	in	the	processes	and	system	shocks	(Duan	et	al.,	2017;	Guo	et	al.,	2017;	Law	et	al.,	2012;

Massara	et	al.,	2017).

Therefore,	N2O	emissions	can	occur	because	of	diverse	contributing	factors	and	enzymatic	reactions.	However,	these	parameters	and	reactions	can	occur	simultaneously,	dynamically	and	beyond	operators’	control	in	full-scale

systems,	whereas	small	changes	(e.g.	DO	changes)	can	significantly	affect	the	N2O	formation.	Previous	studies	on	full-scale	monitoring	campaigns	intended	to:	i)	identify	the	most	important	operating	conditions	(e.g.	aeration	rate,	DO,

NO2−	concentration,	pH,	etc.)	and	correlate	them	with	the	N2O	generation	(Brotto	et	al.,	2015;	Rodriguez-Caballero	et	al.,	2014),	ii)	reveal	the	effects	of	seasonal	variations	on	the	N2O	formation	(Yan	et	al.,	2014),	and	iii)	identify	the	key

pathways	for	the	N2O	production	(Wang	et	al.,	2016b).

2.3	N2O	mitigation	strategies
Another	key	objective	of	 the	N2O	monitoring	 campaigns	performed	 in	 the	past	 years,	 particularly	 significant	 for	 the	WWTP	operators,	was	 the	development	of	 operational	 strategies	 for	 the	minimization	of	 the	 emissions

(Desloover	et	al.,	2012).	Therefore,	several	authors	have	suggested	N2O	mitigating	measures	based	on	the	findings	of	full-scale	N2O	monitoring	campaigns	(i.e.	Chen	et	al.,	2016;	Mampaey	et	al.,	2016;	Pan	et	al.,	2016;	Wang	et	al.,	2016b).	The

proposed	strategies	to	control	N2O	emissions,	are	analysed	in	the	following	sections.

3	EF	estimation	using	full-scale	N2O	monitoring	data
This	 section	 emphasizes	 the	 need	 to	 increase	 the	 comparability	 amongst	 different	 studies	 that	 report	 N2O	 emissions.	 Moreover,	 it	 investigates	 potential	 trends	 in	 the	 EFs	 for	 certain	 groups	 of	 processes	 and

summarizessummarises	 the	data	 requirements	 for	 the	EF	assessment	 in	WWTPs.	 In	cases	where	 the	EFs	were	 reported	with	 respect	 to	units	other	 than	 the	 influent	 total	nitrogen	 (TN)	or	 the	 influent	NH4+	 content,	 appropriate

conversions	were	made	(where	possible)	(see	the	supplementary	material	A	–	Table	A2).

Fig.	1	shows	the	percentage	of	past	full-scale	N2O	monitoring	campaigns	with	reference	to	the	treatment	configurations	applied	each	time.	All	processes	considered	in	Fig.	1	are	given	in	the	supplementary	material	B	(Tables

B1	and	B2).	Distinct	mainstream	process	configurations	 include,	modified	Ludzack-Ettinger	 (MLE)	reactors,	conventional	activated	sludge	 (CAS)	systems	 (only	aerobic	 reactors),	A2/O	 (anaerobic/anoxic/aerobic)	processes	and	A/O

(anoxic/aerobic)	reactors.	Additionally,	oxidation	ditch	(OD)	reactor	types	and	sequence	batch	reactor	(SBR)	types	have	been	considered	as	distinct	process	groups.	Sidestream	processes	that	include	partial-nitritation	reactors,	1-step

and	2-step	partial-nitritation-anammox	configurations)	are	considered	a	distinct	process	group	in	Fig.	1.	The	processes	that	do	not	belong	to	the	aforementioned	process	groups	are	categorized	separately	(i.e.	Baresel	et	al.,	2016;	Mello

et	al.,	2013;	Wang	et	al.,	2016a).	Details	for	all	the	processes	are	provided	in	the	supplementary	material.

Most	 of	 the	 process-focused	monitoring	 campaigns	 include,	 CAS	 systems	 (∼12%),	 (MLE)	 configurations	 (∼12%),	 A2/O	 configurations	 (∼10%),	 oxidation	 ditches	 (ODs)	 (∼8%)	 and	 sidestream	 partial-nitritation	 reactors	 or

anammox	systems	(∼11%)	(Fig.	1).	Overall,	these	studies	refer	to	a	wide	range	of	configurations	(i.e.	Aboobakar	et	al.,	2013;	Brotto	et	al.,	2015;	Castro-Barros	et	al.,	2015;	Sun	et	al.,	2017a,bSun	et	al.,	2017a)	that	have	been	monitored

mainly	for	short	periods	(i.e.	Ahn	et	al.,	2010b;	Bellandi	et	al.,	2018;	Foley	et	al.,	2010;	Pan	et	al.,	2016)	with	varying	methodology	(e.g.	different	gaseous	sampling	and	analytical	measurement	protocols)	(Daelman	et	al.,	2015;	Ren	et

al.,	2013).

Fig.	1	The	number	of	monitoring	campaigns	reported	in	literature	per	process	group;	A/O:	Anoxic/oxic	reactor,	A2/O:	anaerobic-anoxic-oxic	reactor,	CAS:	conventional	activated	sludge,	MLE:	Modified	Ludzack-Ettinger	reactor,	OD:	oxidation	ditch,	SBR:

sequencing	batch	reactor,	PN	and	PN/A:	partial-nitritation	and	partial-nitritation-anammox	(1	and	2-stage).

alt-text:	Fig.	1



EF	comparability	limitations	and	benchmarking	amongst	the	various	processes	will	be	discussed	in	the	following	sections.	However,	as	a	general	remark,	the	identification	of	potential	emission	patterns	and	the	EF	classification

for	specific	groups	of	processes	is	still	challenging,	mainly	due	to	differences	in	monitoring	strategies,	operational	conditions	and	length	of	monitoring	periods	among	the	existing	studies.	Additionally,	there	is	still	little	real-field	data

regarding	N2O	emissions	for	several	conventional	and	advanced	biological	processes	(e.g.	trickling	filters,	denitrifying	packed	bed	reactors,	biofilm	or	hybrid	partial-nitritation	anammox	systems,	etc.).

3.1	EF	of	secondary	and	sidestream	treatment	processes
The	N2O	emissions	of	the	full-scale	wastewater	treatment	processes	reported	in	past	studies	vary	significantly;	e.g.	ranging	from	0.0025%	of	the	TN-load	for	a	mainstream	MLE	reactor	(Spinelli	et	al.,	2018)	to	5.6%	of	the	TN-

load	for	a	mainstream	aerobic/anoxic	settling	SBR	reactor	(Sun	et	al.,	2013).	Overall,	the	potential	of	N2O	emissions	from	sidestream	reactors	(ranging	from	0.17%	to	5.1%	of	the	influent	N-load	–	supplementary	material	B,	Table	B1)	is

considered	 higher	 compared	 to	 the	 mainstream	 BNR	 processes.	 The	 latter	 is	 mainly	 because	 the	 nitritation/nitrification	 occurring	 during	 sidestream	 treatment	 is	 linked	 with	 higher	 ammonia	 oxidation	 rate	 (AOR)	 and	 NO2−

accumulation	(Desloover	et	al.,	2011;	Gustavsson	and	la	Cour	Jansen,	2011;	Kampschreur	et	al.,	2008).	Fig.	2	shows	boxplots	of	the	observed	EFs	(with	respect	to	the	influent	N-load)	based	on	the	treatment	step.	The	width	of	the	shaded	area

surrounding	the	boxplots	represents	the	data	kernel	density	distribution	of	the	EFs.	Specific	information	for	the	mainstream	and	sidestream	technologies	included	in	Fig.	2	can	be	found	in	in	the	supplementary	material	(Tables	A1,	B1

and	B2).	Average	N2O	emissions	for	the	studied	mainstream	processes	is	equal	to	∼0.87%	of	the	N-load,	whereas	the	majority	of	the	quantified	EFs	are	below	0.27%	of	the	influent	N-load	according	to	Fig.	2.	On	the	other	hand,	Fig.	2

shows	that	N2O	EFs	resulting	from	the	treatment	of	the	anaerobic	digestion	supernatant	(sidestream	process)	are	highly	concentrated	just	below	the	median	(2%	of	the	N-load).	On	average,	∼2.1%	of	the	N-load	is	emitted	as	N2O	in

sidestream	processes	(supplementary	material	B,	Table	B2).	According	to	a	life	cycle	assessment	(LCA)	study	quantifying	the	direct	GHG	emissions	for	a	WWTP	in	Austria,	the	sidestream	DEMON	process	contributed	by	over	90%	to	the

total	 direct	N2O	 emissions	 compared	 to	 the	mainstream	BNR	 (Schaubroeck	 et	 al.,	 2015).	 However,	 examples	 of	 full-scale	 sidestream	 Anammox	 processes	 with	 EFs	 lower	 than	 1%	 exist	 in	 the	 literature	 and	 demonstrate	 that	 the

configuration	and	efficient	operational	strategies	can	mitigate	a	significant	percentageamount	of	the	N2O	produced	(Joss	et	al.,	2009;	Weissenbacher	et	al.,	2010).

Fig.	3	shows	the	EF	boxplots	of	various	processes	applied	in	WWTPs.	In	total	51	systems	were	considered	in	Fig.	3	(supplementary	material,	Tables	A1	and	B2).	A	general	remark	is	that	the	N2O	EF	for	the	majority	of	the	different

process	groups	 shown	 in	Fig.	3	 varies	 from	0.01	 to	2%	of	 the	N-load.	Discrepancies	 in	 the	 emission	 loads	 are	 observed	 in	 the	majority	 of	 the	different	 process	groups	 and	 can	be	partially	 attributed	 to	 the	different	 site-specific

operational	characteristics	and	control	parameters.	This	indicates	that	that	apart	from	the	reactor	configuration,	emission	fluxes	depend	also	on	the	operational/environmental	conditions	and	preferred	enzymatic	pathways	(Wan	et	al.,

2019).

Fig.	2	Boxplots	of	the	of	the	reported	EFs	with	respect	to	the	stage	of	the	treatment	processes	(i.e.	mainstream	or	sidestream)	using	violin	plot	outlines.	The	rectangles	represent	the	interquartile	range.	The	median	is	denoted	by	the	black	horizontal	line	dividing	the	box	in	two	parts.

The	dots	represent	the	values	exceeding	1.5	times	the	interquartile	range.	The	upper	and	lower	whiskers	stand	for	values	higher	or	lower	the	interquartile	range,	respectively	(within	1.5	times	the	interquartile	range	above	and	below	the	75th	and	25th	percentile,	respectively).	The

violin	plot	outlines	show	the	kernel	probability	density	of	the	EF	in	mainstream	and	sidestream	processes;	the	width	of	the	shaded	area	represents	the	proportion	of	the	data	located	there.
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Fig.	3	Boxplots	visualizing	the	EF	range	for	the	different	groups	of	mainstream	processes.	The	rectangles	represent	the	interquartile	range.	The	median	is	denoted	by	the	black	horizontal	line	dividing	the	box	in	two	parts.	The	dots	represent	values	exceeding	1.5	times	the



Mainstream	SBRs	are	generally	associated	with	higher	N2O	emissions	compared	to	the	other	process	groups.	EFs	range	between	2%	of	the	influent	TKN-load	for	an	SBR	operating	under	aerated	feeding,	aerobic,	settling	and

decanting	sequences	(Foley	et	al.,	2010)	and	5.6%	of	the	influent	TN-load	for	an	SBR	operating	under	aerated	feeding,	aerobic	and	anoxic	settling	and	decanting	sequences	(1 h	each).	High	N2O	fluxes	in	SBRs	are	attributed	to	sudden

changes	in	the	concentrations	of	NH4+	and	NO2−	within	the	cycle	(compared	to	other	configurations)	or	to	accumulated	dissolved	N2O	during	anoxic	settling	and	decanting	in	the	subsequent	aerobic	phase	(Pijuan	et	al.,	2014).

OD	reactor	types	have	been	linked	with	relatively	low	N2O	emissions	(average	equal	to	0.14%	of	the	N-load),	probably	due	to	the	strong	dilution	of	the	reactor	concentrations	(very	high	recycling	rates)	and	less	sensitivity	to

system	shocks.	One	exception	is	the	study	of	Daelman	et	al.	(2015)	who	monitored	a	covered	anaerobic/anoxic/oxic	plug-flow	reactor	followed	by	two	parallel	Carrousel	reactors	for	1	year	and	found	that	the	system	had	EF	equal	to	2.8%

of	the	N-load.	The	authors	argued	that	in	the	Carrousel	reactor,	the	surface	aerators	led	to	zones	with	limited	oxygen	concentration	to	allow	for	complete	nitrification	(leading	to	nitriteNO2−	accumulation),	whereas	the	anoxic	zones

were	also	limited	to	allow	for	complete	denitrification.

CAS	systems	shown	in	Fig.	3	consist	of	aerobic	reactors	(1-step	feed	or	multiple	step-feed)	without	dedicated	anoxic	zones	for	denitrification.	They	are	characterised	by	average	EF	equal	to	0.27%	of	the	N-load,	whereas	the

NH4+	removal,	ranges	between	38%	and	53%.	Peak	loads	and	recirculation	of	the	anaerobic	supernatant	can	be	responsible	for	the	N2O	fluxes	observed	in	CAS	systems,	whereas	high	aeration	rates	have	been	reported,	enhancing	N2O

stripping	(Chen	et	al.,	2016).

MLE	configurations	have	a	median	EF	equal	to	0.857%	of	the	N-load.	MLE	processes	with	high	EFs	(up	to	4%	of	the	N-load)	have	been	reported	by	Foley	et	al.	(2010).	Low	EFs	in	MLE	configurations	(i.e.	0.003%,	0.065%)	have

been	observed	in	reactors	with	diluted	influent	concentrations	due	to	groundwater	infiltration	(Bellandi	et	al.,	2018),	nitrification	efficiency	less	than	73%	(Ahn	et	al.,	2010b)	and	low	TN	removal	(∼59%)	due	to	COD/TN < 1.9	(Spinelli	et	al.,

2018).	Low	EF	in	MLE	reactors	ranging	from	0.003%	to	0.065%	of	the	NH4+	load	have	been	also	reported	in	the	studies	of	Caivano	et	al.	(2017)	and	Bellandi	et	al.	(2018);	however,	conversion	of	these	EF	to	%	N-load	was	not	possible	and

were	not	included	in	Fig.	3.

N2O	emission	fluxes	in	A2/O	configurations,	are	relatively	low,	in	the	majority	of	the	studies,	with	median	equal	to	0.1%	of	the	N-load.	One	exception	is	the	study	of	Wang	et	al.	(2016b);	they	monitored	an	A2/O	reactor	once	per

month	for	1	year	and	showed	that	the	EF	varied	from	0.1	to	3.4%	of	the	N-load	between	different	months.	The	DO	concentration	and	operating	conditions	varied	significantly	in	the	reactor	(i.e.	DO	ranged	from	0.6	to	6.8 	mg 	L−1).

Limited	N2O	monitoring	studies	exist	in	full-scale	sidestream	processes.	One-stage	granular	anammox	reactors	have	an	average	EF	of	1.1%	of	the	N-load.	The	same	two-stage	suspended	biomass	partial-nitritation	and	anammox

process	has	been	monitored	in	two	studies	(Kampschreur	et	al.,	2008;	Mampaey	et	al.,	2016).	In	these	studies,	the	average	EF	in	the	partial-nitritation	SHARON	reactor	was	∼2.8%	of	the	N-load	and	was	elevated	compared	to	full-scale

one-stage	anammox	reactors.	N2O	fluxes	quantification,	in	lab	and	pilot-scale	single-stage	granular	anammox	reactors	have	shown	EFs	ranging	from	0.1	to	12.19%	of	N-load	(Wan	et	al.,	2019).	Therefore,	more	studies	are	required	to

establish	reliable	ranges	of	EFs	in	sidestream	processes.

Differences	in	the	reported	N2O	fluxes	are	also	observed	in	studies	that	apply	similar	configurations	and	operational	conditions	(supplementary	material	B,	Tables	B1	and	B2).	For	example,	Kampschreur	et	al.	(2008)	and	Mampaey

et	al.	(2016)	monitored	the	N2O	emissions	in	the	same	two-step	SHARON-Anammox	reactor	system	and	observed	EFs	that	were	equal	to	1.7%	and	3.8%	of	the	N-load,	respectively.	Apart	from	slightly	different	DO	setpoints	(2	 mg	 L−1	in

the	work	of	Mampaey	et	al.	(2016)	and	2.5 	mg 	L−1	in	the	work	of	Kampschreur	et	al.	(2008),	the	operational	conditions	(i.e.	temperature,	influent	N-load,	system	treatment	efficiency,	hydraulic	retention	time	(HRT),	etc.;	Table	B1)	during

the	two	monitoring	periods	were	quite	similar.	The	main	identified	difference	was	the	increased	anoxic	liquid	N2O	formation	during	the	anaerobic	period	of	the	partial-nitritation	reactor	in	the	study	of	Mampaey	et	al.	(2016).	In	terms	of

monitoring	protocols,	Kampschreur	et	al.	(2008)	collected	grab-samples	for	approximately	3	days,	whereas	continuous	gas	monitoring	for	21	days	was	conducted	by	Mampaey	et	al.	 (2016).	Moreover,	the	air	 infiltration	in	the	covered

reactor	due	to	negative	pressure	was	not	considered	in	the	study	of	Kampschreur	et	al.	(2008).

The	aforementioned	examples	emphasize	the	difficulty	in	the	comparison	of	GHG	emissions	among	various	studies	and	development	of	EF	databases	for	process	groups.	The	benchmarking	of	GHG	emissions	of	different	plants

can	be	hampered	even	if	the	same	monitoring	protocol	is	applied	to	monitor	processes	belonging	to	the	same	group.	There	are	also	cases	where	emissions	have	been	measured	according	to	different	analytical	procedures	within	the

same	system;	fact	that	adds	further	difficulty	in	the	comparisons.	The	relatively	short	monitoring	periods	and	varying	monitoring	strategies	can	also	influence	the	comparability	and	accuracy	of	the	reported	EFs.	This	will	be	discussed

in	detail	in	the	following	sections.

3.2	Duration	of	monitoring	campaigns	and	seasonality
Seasonal	environmental	variabilities,	such	as	temperature,	can	influence	the	bacterial	community	structure	in	WWTPs	(Flowers	et	al.,	2013).	The	N2O	formation	and	emissions	during	the	BNR	are	expected	to	have	temporal

interquartile	range.	The	upper	and	lower	whiskers	represent	values	higher	or	lower	the	interquartile	range,	respectively	(within	1.5	times	the	interquartile	range	above	and	below	the	75th	and	25th	percentile,	respectively).

alt-text:	Fig.	3



variations.	Temperature	can	significantly	affect	the	AOB	specific	growth	rate	during	nitrification	(Van	Hulle	et	al.,	2010).	The	higher	temperature	also	decreases	the	N2O	solubility,	thus	intensifying	the	N2O	stripping	to	the	atmosphere

(Reino	et	al.,	2017).	On	the	other	hand,	Adouani	et	al.	(2015)	observed	that	the	N2O	emissions	increased	up	to	13%,	40%	and	82%	of	the	TN-removed	at	temperatures	equal	to	20 °C,	10 °C	and	5 °C,	respectively,	in	a	batch	reactor	fed	with

synthetic	wastewater.	The	latter	was	attributed	to	the	increased	sensitivity	of	the	N2O	reductase	activities	at	lower	temperatures	compared	to	other	denitrification	enzymes	and,	therefore,	to	incomplete	denitrification.	Other	seasonal

variations	(e.g.	influent	loading,	wet	and	dry	season)	can	also	impact	on	the	enzymatic	reactions	and	affect	the	emissions.	Vasilaki	et	al.	(2018)	observed	peaks	of	N2O	emissions	coinciding	with	precipitation	events,	at	low	temperatures,

in	an	OD	during	a	15-month	monitoring	campaign.	However,	further	investigation	is	required	to	understand	potential	seasonal	effects	on	the	N2O	emissions.

The	monitoring	periods	of	the	full-scale	campaigns	for	all	the	processes	considered	in	this	analysis	are	summarized	in	supplementary	material	B,	Tables	B1	and	B2.	Fig.	4	shows	the	EF	for	mainstream	technologies	based	on	the

length	of	the	monitoring	period.	Only	studies	that	have	reported	EFs	in	terms	of	the	influent	N-load	have	been	considered	(supplementary	material	A	-	Table	A1).	The	monitoring	campaigns	have	been	categorized	into	3	distinct	groups,

based	on	their	duration,	i)	short-term	campaigns	performed	in	a	limited	period	of	time	(less	than	1	month),	ii)	medium-term	monitoring	campaigns	that	last	morelonger	than	one	month	but	have	not	captured	all	the	temperature	ranges

observed	in	the	system,	and	ii)	 long-term	monitoring	campaigns	that	 last	at	 least	1	year.	Both	continuous	and	discontinuous	monitoring	studies	have	been	included	in	the	analysis.	In	the	discontinuous	N2O	monitoring	studies,	 the

gaseous	N2O	fluxes	have	been	grab-sampled	(i.e.	via	gas-bags,	closed	chambers	etc.)	and	subsequently	quantified	using	analytical	methods	in	the	lab	(offline	monitoring)	or	intermittently	sampled	(i.e.	with	floating	chambers	for	1–2

days/month)	but	quantified	continuously	on-site	(i.e.	via	GHG	analyzers)	 (online	monitoring).	Most	discontinuous	monitoring	campaigns	had	monthly	or	bi-monthly	sampling	frequency.	The	only	exception	 is	 the	study	of	 (Ahn	et	al.,

2010b)Ahn	et	al.,	(2016b)	who	monitored	several	systems	in	only	two	distinct	seasons	(warmest	and	coldest	temperatures).	Discontinuous	studies	with	sampling	extending	over	1-month	period,	have	been	categorized	as	medium-term	or

long-term	based	on	the	duration	of	the	study	(less	or	more	than	1	year).	In	continuous	monitoring	campaigns	N2O	fluxes	have	been	collected	continuously	(i.e.	via	chambers)	and	quantified	online,	on-site	(i.e.	via	GHG	analysers).

About	30%	of	the	EFs	shown	in	Fig.	4	are	based	on	monitoring	periods	lasting	less	than	two	days	(Foley	et	al.,	2010;	Filali	et	al.,	2013;	Samuelsson	et	al.,	2018).	Annual	EF	variation	has	been	investigated	discontinuously	(monthly	or

bimonthly	sampling	frequency)	in	approximately	10%	of	these	systems	(i.e.	Sun	et	al.,	2015;	Wang	et	al.,	2016b),	whereas	long-term	(≥1	year)	continuous	monitoring	campaigns	have	been	performed	only	in	two	of	the	examined	works

(Daelman	et	al.,	2015;	Kosonen	et	al.,	2016).	SBRs	have	been	excluded	in	order	to	avoid	further	biases	in	the	results,	since	the	reported	average	N2O	emissions	are	significantly	higher	than	the	average	EF	of	other	mainstream	N-removal

configurations.	Sidestream	technologies	have	been	also	excluded	because	they	have	not	been	monitored	long-term	to	examine	seasonal	effects.	The	average	EF	is	equal	to	0.8%	(median	0.2%)	and	0.3%	(median	0.1%)	of	the	N-load	for

the	systems	monitored	short-term	and	medium-term	(but	without	capturing	the	whole	spectrum	of	seasonality	effects),	respectively.	The	studies	investigating	seasonal	trends	of	N2O	emissions	reported	an	average	EF	of	1.5%	(median

1.7%)	of	the	N-load.

Daelman	et	al.	(2013b)	demonstrated	that	short-term	campaigns,	in	the	system	investigated,	are	likely	to	produce	unreliable	EF	estimates	independently	of	the	monitoring	approach.	Additionally,	the	authors	found	that	short-term

campaigns	have	a	high	probability	to	underestimate	actual	emissions.	According	to	Fig.	4,	the	highest	gaseous	N2O	loads	belong	to	long-term	continuous	or	discontinuous	monitoring	campaigns.

Long-term	and	medium-term	campaigns	have	also	shown	a	high	variability	of	 the	 reported	N2O	emissions.	Amongst	 the	examined	studies,	Daelman	et	 al.	 (2015)	 implemented	 the	 longest	 continuous	 real-field	 campaign	 that

reinforced	the	existence	of	seasonal	emission	variability.	Seasonality	is	also	supported	by	the	findings	of	several	other	studies	(Brotto	et	al.,	2015;	Sun	et	al.,	2013;	Yan	et	al.,	2014).	Bollon	et	al.	(2016a)Bollon	et	al.,	(2016b)	and	Bollon	et	al.

(2016b)Bollon	et	al.,	2016a)	studied	a	sidestream	nitrifying	and	post-denitrifying	biofiltration	system,	respectively,	by	performing	two	monitoring	campaigns;	one	in	summer	at	22.5 °C	and	one	in	winter	at	temperatures	lower	than	14 °C.

Their	results	indicated	a	significant	seasonal	variation	of	the	N2O	formation.	The	EF	of	the	nitrifying	filters	was	equal	to	2.3%	of	the	NH4+	removed	during	the	summer	campaign,	and	4.9%	of	the	NH4+	removed	during	the	winter

campaign.	The	dissolved	N2O	concentration	in	the	post-denitrifying	biofilter	effluent	was	equal	to	1.3%	in	summer	and	0.2%	in	winter	with	respect	to	the	NO3−	uptake.

Short-term	monitoring	periods	are	likely	to	miss	underlying	seasonal	variations	in	the	N2O	formation	(or	be	affected	by	short-term	process	perturbations),	and,	consequently,	complicate	the	direct	cross-comparisons	between

different	studies	and	their	findings.	For	instance,	the	monitoring	of	an	A2/O	process	for	nine	months	(grab-samples	taken	once	per	month)	led	to	an	average	EF	equal	to	0.08%	of	the	influent	TN	(Yan	et	al.,	2014),	whereas	a	similar	A2/O

process	monitored	for	two	days	(by	taking	grab-samples)	presented	an	EF	of	0.85%	of	the	influent	TKN	(Foley	et	al.,	2010).	Wang	et	al.	(2016b)	showed	that	the	EF	from	a	PF	A2/O	reactor	was	characterized	by	significant	seasonality	and

Fig.	4	EF	values	with	respect	to	the	length	of	the	monitoring	period	for	mainstream	treatment	technologies.
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varied	from	0.01%	to	3.5%	of	the	influent	TN;	within	the	range	of	EFs	reported	in	the	studies	by	Yan	et	al.	(2014)	and	Foley	et	al.	(2010).	It	can	be	concluded	that	the	EF	differences	between	similar	configurations	shown	in	Figs.	2	and	3,

are	strongly	affected	fromby	the	seasonality	of	the	emissions.

3.3	Monitoring	and	sampling	methods
Several	authors	have	highlighted	that	the	sampling	methodology	can	influence	the	EF	quantification	(Daelman	et	al.,	2013b;	Aboobakar	et	al.,	2013;	Wang	et	al.,	2016a;	Kosonen	et	al.,	2016;	Hwang	et	al.,	2016).	For	instance,	several

sources	of	uncertainty	in	chamber	techniques	similar	to	the	techniques	applied	in	the	wastewater	sector,	have	been	identified	in	GHG	monitoring	campaigns	of	running	waters	(Duchemin	et	al.,	1999;	Lorke	et	al.,	2015;	Matthews	et	al.,

2003;	Vachon	et	al.,	2010).	A	detailed	analysis	of	the	potential	uncertainties	related	to	the	different	sampling	methods	was	out	of	the	scope	of	this	review.	However,	it	is	important	to	underline	that	further	research	is	needed	to	reveal	the

influence	of	different	sampling	methods	and	facilitate	the	benchmarking	of	EF	values	for	different	groups	of	processes.

This	section	focuses	on	the	sampling	method	(continuous	and	discontinuous).	The	main	characteristics	of	the	sampling	strategies	are	shown	in	supplementary	material	B,	Table	B1	and	B2.

Fig.	5	 illustrates	 the	boxplot	of	 the	average	EF	of	mainstream	processes	 for	cases	of	 continuous	gaseous	monitoring	using	a	gas	analyzeranalyser	 versus	 the	boxplot	 for	 studies	with	 intermittent	 sampling	campaigns.	Only

medium-term	and	long-term	studies	have	been	considered	in	the	analysis	(supplementary	material	A	–	Table	A1).	Mainstream	processes	monitored	discontinuously	exhibited	an	average	EF	of	0.44%	of	the	N-load	(median	EF	was	0.2%	of

the	N-load),	whereas	processes	monitored	continuously	with	gas	analyzersanalysers	had	an	average	EF	equal	to	1.2%	of	the	N-load	(median	EF	is	1.1%).	The	majority	of	the	process	monitored	intermittently	(once	or	twice	per	month)

have	collected	grab-samples	of	N2O	 fluxes	 (supplementary	material	B,	Table	B2).	Offline	grab	 sampling	 is	 often	 characterised	by	 time	 limitations;	 usually	 the	 sampling	 occurs	during	WWTP	operating	 times	 and	provides	discrete

measurements	(e.g.	Wang	et	al.,	2011)	that	are	unable	to	capture	the	whole	spectrum	of	diurnal	variabilities	(Daelman	et	al.,	2015;	Wang	et	al.,	2016a).	Additionally,	the	temporal	variability	of	N2O	emissions	is	highly	dynamic	(i.e.	Daelman

et	al.,	2015)	and	strongly	affected	by	operational	conditions.	Therefore,	low-frequency,	long-term	sampling	might	not	capture	adequately	the	whole	range	of	N2O	emissions	induced	by	short-term	changes	in	operational	conditions	and

pollutant	 concentrations.	 Overall,	 the	 differences	 can	 be	 attributed	 to	 the	 case-specific	 nature	 of	 the	 EF,	 as	 well	 as	 to	 the	 restrictions	 concerning	 the	 duration	 and	 frequency	 of	 the	 discontinuous	 campaigns	 (difficulty	 in

performingcollecting	grab-samples	for	longer	periods	-	whole	days,	night	time,	weekends,	etc.).

3.4	Towards	benchmarking	of	EFs:	progress	and	limitations
The	amount	of	quantified	emissions	is	highly	affected	by	a	variety	of	parameters	(e.g.	process	type,	WWTP	characteristics,	monitoring	strategy,	duration	of	monitoring	campaign,	etc.).	Therefore,	estimating	the	N2O	EFs	 in

WWTPs	with	either	offline	or	online	monitoring	campaigns	remains	challenging.	In	this	section,	efforts	have	been	focused	on	the	classification	of	EFs	for	different	groups	of	processes	based	on	the	NH4+	removal	efficiency	and	the

influent	flow-rate.	Additionally,	anan-	N2O	monitoring	framework	for	the	development	of	comparable	EFs	for	the	wastewater	sector	is	also	discussed.

Fig.	6	shows	the	EF	(with	respect	to	the	influent	N-content)	for	mainstream	processes	and	the	achieved	NH4+	removal	efficiency	(%).	The	different	processes	are	represented	by	different	colours.	A	detailed	list	of	the	examined

studies	is	provided	in	the	supplementary	material	B	(Table	B2).	Triangles	show	that	seasonal	effects	have	been	investigated	in	the	respective	process,	whereas	circles	represent	short-term	studies	that	have	not	investigated	seasonality.

Fig.	5	Boxplots	of	the	average	EF	with	respect	to	the	method	of	gaseous	sampling	for	medium-term	and	long-term	studies	(D:	discontinuous	monitoring,	C:	continuous	monitoring)	for	mainstream	treatment	processes.	The	rectangles	represent	the	interquartile	range.	The	median	is

represented	by	the	black	horizontal	line	dividing	the	box	in	two	parts.	The	dots	represent	values	exceeding	1.5	times	the	interquartile	range.	The	upper	and	lower	whiskers	represent	values	higher	or	lower	the	interquartile	range,	respectively	(within	1.5	times	the	interquartile	range

above	and	below	the	75th	and	25th	percentile,	respectively).

alt-text:	Fig.	5



The	size	of	the	data	points	represents	the	size	of	the	WWTP.	No	specific	trend	was	identified	between	the	observed	EFs	and	NH4+	removal	for	the	different	mainstream	processes.	The	N2O	emissions	for	most	of	the	processes	in	smaller

WWTPs	(influent	flow-rate<200,000 	m3 	d−1)	were	less	than	0.5%	of	the	N-load,	independently	on	the	process	type	and	nitrification	efficiency.	In	addition,	most	of	the	processes	with	N2O	emissions	less	than	0.1%	of	the	N-load	referred

to	studies	performing	short-term	and	medium-term	N2O	monitoring	campaigns.

In-depth	comparisons	require	more	details	on	configurations,	control	strategies	and	operational	conditions.	Currently,	there	are	still	no	specific	guidelines	to	standardize	the	reporting	of	operational,	process	and	monitoring

strategy	information	from	existing	studies.	The	supplementary	material	B	summarizes	process-based	information	from	past	full-scale	N2O	monitoring	campaigns.	Overall,	∼70%	of	the	mainstream	studies	have	reported	the	EFs	in	terms

of	N-load.	Additionally,	influent	and	effluent	NH4+	concentrations	are	available	for	∼35%	of	the	systems	analysed.	Information	on	the	water	temperature	during	the	monitoring	campaign	has	not	been	provided	for	half	of	the	studies.

Limited	studies	provided	information	on	the	control	strategy	of	the	system	(i.e.	DO	set-point)	and	other	operational	parameters	of	the	processes	(i.e.	HRT,	SRT).	Given	the	variability	of	EFs	amongst	similar	process	groups	(Figs.	2–6),

the	identification	of	EF	patterns	needs	to	consider	process-specific	operational	and	environmental	information.

The	monitoring	 strategies	 require	 sampling	 protocols	 that	 are	 case-specific	 (e.g.	 the	 choice	 of	 appropriate	 sampling	 locations).	 Specific	 protocols	 for	 the	 design	 of	monitoring	 strategies	 can	 be	 found	 in	 the	 study	 of	 van

Loosdrecht	 et	 al.	 (2016).	 Elemental	 mass	 balances	 can	 also	 be	 used	 to	 confirm	 the	 validity	 of	 the	 measurements	 (Castro-Barros	 et	 al.,	 2015;	Mampaey	 et	 al.,	 2016)	 independently	 of	 the	 applied	 monitoring	 protocol.	 As	 shown	 in

supplementary	material	B,	Table	B2,	grab-sampling	the	gaseous	fluxes	often	lacks	the	acquisition	of	weekend	or	night-time	samples,	thus	failing	to	depict	the	diurnal	variability	of	the	emissions.	Moreover,	short-term	monitoring	studies

are	frequently	unable	to	accurately	capture	the	temporal	N2O	dynamics	(Daelman	et	al.,	2015;	Kosonen	et	al.,	2016).	Daelman	et	al.	(2013b)	concluded	that	the	accurate	quantification	of	the	average	N2O	emissions	requires	long-term	online

or	grab-sampling	monitoring	campaigns	that	consider	the	seasonal	variations	of	temperature.

The	analysis	of	historical	process	and	plant	data	can	be	also	useful,	linking	the	emissions	with	specific	and	reoccurring	operational	and	environmental	conditions	(i.e.e.g.	dry	vs	wet	weather,	temperature)	for	short-term	and

long-term	monitoring	campaigns.	Relationships	established	during	short-term	monitoring	campaigns	can	be	linked	with	the	periodic	operational	and	environmental	process	conditions	and	cannot	be	generalized	to	understand	the	long-

term	N2O	dynamics	(Vasilaki	et	al.,	2018).	The	latter	is	important	due	to	the	restrictions	on	the	duration	of	the	monitoring	campaigns	due	toresulting	from	the	entailed	costs.	It	is	also	essential	to	identify	and	report	process	perturbations

that	can	affect	the	N2O	emissions	even	on	a	long-term	basis	(Vasilaki	et	al.,	2018).

The	current	analysis	shows	that	N2O	fluxes	must	be	reported	together	with	the	configuration	type,	the	seasonal	operating	conditions	(e.g.	pH,	temperature,	influent	TN,	effluent	TN,	PE,	wastewater	volume,	COD,	mixed	liquor

suspended	solids	(MLSS),	SRT,	HRT,	recycle	ratios,	etc.).

4	N2O	monitoring	campaigns	and	N2O	dynamics
Several	methods	that	have	been	applied	in	N2O	monitoring	campaigns	can	increase	the	understanding	of	the	N2O	generation	in	full-scale	processes.	These	include:	i)	techniques	for	the	translation	of	WWTP	operational	and	N2O

data	into	information	(e.g.	graphical	representation	of	variables,	feature	extraction	techniques,	multivariate	analysis,	etc.),	ii)	mechanistic	models	simulating	the	N2O	dynamics,	and	iii)	techniques	for	unveiling	the	relative	contribution

Fig.	6	EF	of	the	mainstream	technologies	with	respect	to	the	achieved	NH4+	removal.	The	different	colours	represent	different	processes,	whereas	the	different	shapes	differentiate	short-term,	medium-term	and	long-term	studies.	The	size	of	the	data	points	depicts	the	size	of	the

WWTP	in	terms	of	influent	flow-	rate.	(For	interpretation	of	the	references	to	colour	in	this	figure	legend,	the	reader	is	referred	to	the	Web	version	of	this	article.)

alt-text:	Fig.	6



of	different	pathways	to	the	emissions	(e.g.	isotopic	analysis,	real-time	polymerase	chain	reaction	(qPCR)	etc.).

The	effect	of	several	parameters	that	are	significant	for	N2O	generation	(i.e.	DO,	COD/N,	pH,	temperature)	has	been	extensively	investigated	(Kampschreur	et	al.,	2009b;	Law	et	al.,	2012;	Massara	et	al.,	2017)	based	on	lab-

scale,	 pilot	 scale	 and	 full-scale	mainstream	and	 sidestream	processes.	 This	 section	 aims	 to	 complement	 these	 studies;	 the	main	 findings	 of	 the	 full-scale	 technologies	 are	 categorized	 for	 different	 process	groups	 focusing	on	 the

techniques	that	have	been	applied	and	their	contribution	to	the	understanding	of	the	behaviour	of	N2O	emissions.

4.1	Overview	of	the	techniques
4.1.1	Techniques	translating	WWTP	operational	and	N2O	data	into	information

More	than	40	physical,	physico-chemical	and	biochemical	variables	(e.g.	temperature,	 flow-rates,	reduction-oxidation	(redox)	potential,	DO,	N-compounds	and	organic	matter	concentrations,	alkalinity,	etc.)	can	be	monitored	online	to	evaluate

process	performance	(Vanrolleghem	and	Lee,	2003).	Online	monitored	variables	when	combined	with	laboratory	analyses	can	provide	useful	 insight	into	the	N2O	patterns	and	behaviour.	Techniques	that	have	been	applied	to	translate	WWTP	data	into

information	in	full-scale	N2O	monitoring	campaigns	include:	i)	graphical	representations	and	simple	feature	extraction	methods	and	ii)	statistical	analysis	and	data	mining	methods.

In	most	of	the	studies,	the	online	and	laboratory	data	utilization	has	been	limited	to	the	investigation	and	graphical	representation	of	the	significant	parameters’	profiles	(i.e.	DO,	NO2−,	NH4+,	aeration	flow-rate)	in	combination	with	the	response	of

the	N2O	emission	behaviour.	Additionally,	descriptive	statistics	(i.e.	central	tendency,	dispersion,	position,	etc.)	of	the	process	variables	and	N2O	emissions	is	commonly	analysed	and	reported.

Correlation	analysis	and	linear	multivariate	regression	models	are	the	main	statistical	techniques	that	have	been	used	to	reveal	the	N2O	emissions’	dependencies	with	operational	variables	in	full-scale	systems	(i.e.	Brotto	et	al.,	2015;	Bollon	et	al.,

2016a;	Aboobakar	et	al.,	2013).	Dimensionality	reduction	techniques	(e.g.	principal	component	analysis	(PCA),	independent	component	analysis	(ICA)),	clustering	(e.g.	hierarchical,	k-means),	linear	and	non-linear	supervised	learning	techniques	(e.g.	partial

least	squares	(PLS),	artificial	neural	networks	(ANN))	and	support	vector	machines	(SVM))	are	also	powerful	tools	utilised	to	transform	the	WWTP	data	into	knowledge	(Haimi	et	al.,	2013;	Corominas	et	al.,	2018).	However,	advanced	information	extraction

methods	have	rarely	been	used	to	analyse	data	from	N2O	monitoring	campaigns.	Recently,	Sun	et	al.	(2017a,b)	constructed	a	back-propagation	ANN	to	simulate	N2O	emissions	in	an	anaerobic-oxic	(A/O)	process;	thus	demonstrating	the	feasibility	and

simplicity	of	predicting	N2O	emissions	with	data-driven	models.

4.1.2	Experimental	studies	in	full-scale	systems	–	modification	of	operational	conditions
Several	N2O	monitoring	campaigns	in	full-scale	sidestream	processes	have	tested	different	operational	conditions	to	investigate	their	impact	on	the	emissions	(Bollon	et	al.,	2016b;	Castro-Barros	et	al.,	2015;	Mampaey	et	al.,	2016).	The	majority	of

the	studies	have	focused	on	inducing	changes	in	the	duration	and	flow-rate	of	aeration	compared	to	the	baseline	control	strategy	of	the	examined	reactors.

4.1.3	Techniques	unveiling	the	relative	contribution	of	different	pathways	to	the	emissions
Isotopic	and	molecular	biology	analysis	are	emerging	techniques	that	can	provide	insights	into	the	N2O	generation	pathways.	Molecular	biology	methods	(e.g.	quantitative	reverse	transcription	polymerase	chain	reaction	RT-qPCR,	FISH,	etc.)	can

quantify	the	microbiological	structure	driving	the	N-cycle	and	the	bacterial	population	able	to	reduce	N2O	at	WWTPs	under	various	environmental	and	operational	conditions	(Castellano-Hinojosa	et	al.,	2018;	Song	et	al.,	2014).	Isotope	techniques	have	only

recently	been	implemented	at	full-scale	systems	to	distinguish	the	respective	contribution	among	the	N2O	pathways	and	increase	the	understanding	of	the	pathways	that	are	responsible	for	the	N2O	formation	(Townsend-Small	et	al.,	2011;	Tumendelger	et

al.,	2014).	A	recent	critical	evaluation	of	natural	abundance	and	labelled	isotopes	for	N2O	studies	can	be	found	in	the	study	of	Duan	et	al.	(2017).

4.1.4	Mechanistic	models
The	mechanistic	models	are	a	popular	tool	for	the	prediction	of	the	N2O	generation	and	emission	during	the	BNR	in	WWTPs.	Based	on	different	assumptions,	a	variety	of	one-	and	multiple-pathway	models	have	been	suggested.	Their	structure	is

based	either	on	the	widely	accepted	ASM	layout	(as	suggested	by	Henze	et	al.,	1987,	2000),	or	on	the	more	recent	electron	carrier	concept	that	describes	the	N2O	production	via	the	mechanism	of	the	relevant	complex	oxidation-reduction	reactions	taking

place	during	wastewater	treatment	(e.g.	Ni	et	al.,	2014).	All	models,	though,	consider	the	effect	of	changing	operational	parameters	(e.g.	DO,	NO2−	levels,	aeration	regime,	etc.)	on	the	N2O	generation.	A	comprehensive	evaluation	of	the	different	modelling

approaches,	underlying	assumptions,	kinetics,	stoichiometric	parameters,	calibration	and	validation	procedures	of	several	single-pathway	and	two-pathway	AOB	models,	heterotrophic	denitrification	pathway	models,	and	integrated	N2O	models	describing

theall	 three	major	microbiological	pathways	 is	provided	by	Ni	and	Yuan	(2015).	The	authors	have	provided	guidelines	for	the	selection	of	 the	most	appropriate	modelling	approach	under	different	DO	and	NO2−	concentrations	based	on	 the	structural

assumptions	of	the	models.	The	debate	on	the	model	that	best	describes	and	decouples	the	major	N2O	formation	pathways	is	still	ongoing	with	several	extensions	and	variations	of	the	original	approaches	developed	recently	(Ding	et	al.,	2017;	Domingo-

Félez	and	Smets,	2016;	Massara	et	al.,	2018).

4.2	Process-based	insights	based	on	the	applied	techniques



Robust	documentation	of	the	dominant	pathways	among	the	different	process	configurations	is	still	missing	(Ma	et	al.,	2017).	This	section	discusses	correlations	between	N2O	emissions	and	operational	variables	and	dominant

N2O	pathways	that	have	been	identified	for	different	full-scale	process	groups.	Table	1	provides	a	summary	of	the	dominant	N2O	pathways	that	have	been	reported	for	different	wastewater	treatment	processes	based	on	the	techniques

that	have	been	applied	in	the	monitoring	campaigns.	Studies	that	have	not	discussed	possible	N2O	pathways	have	not	been	considered.

Table	1	Main	findings	of	past	studies	that	result	in	the	identification	of	the	most	contributive	N2O	production	pathway	(where	possible).	a:	Visualization	of	significant	profiles	&	descriptive	analysis,	b:	Modified

operation	mode,	c:	Statistical	analysis	and	data	mining,	d:	Mechanistic	model	development,	e:	Isotopic	analysis,	f:	real-time	qPCR.

alt-text:	Table	1

Source Process NH2OH	oxidation Nitrifier	denitrification Heterotrophic	denitrification

Castro-
Barros	et	al.,
2015a,	b

One-stage	PNA	granular	Sidestream N2O	emissions	elevated	during	shifts	from	low	to	high
aeration	(NH4+	accumulation,	high	AOR)	→	main	pathway

Not	a	main	pathway
N2O	emissions	elevated	during	shifts
from	low	to	high	aeration	(NH4+
accumulation,	high	AOR)	→	potential
contributor

Mampaey	et
al.,	2016a,	b

One-stage	SHARON	granular
Reactor	Sidestream Not	a	main	pathway Presence	of	NH2OH	in	anoxic	periods;	lower	DO

resulting	in	increased	N2O	emissions
N2O	formation	during	anoxic	periods
under	the	presence	of	NO2−	&	small
amounts	of	organic	substrate

Kampschreur
et	al.,	2008a

Two-reactor	partial-nitritation-
anammox	process	Sidestream

Excluded	during	anoxic	conditions	in	the	nitritation
reactor	(despite	significant	N2O	formation)

• Anammox	reactor:	absence	of	O2
• Nitritation	reactor:	emissions	not	affected	by
the	influent	composition	(therefore	C/N

ratio)

Not	a	main	pathway

Stenström	et
al.,	2014a

Nitrification-denitrification	SBR,
Sidestream Not	discussed Considerable	N2O	formation	under	DO = 0.5 mg L−1	&

NO2−	accumulation	(>20 mg L−1)

N2O	accumulation	during	denitrification
(under	conditions	of	low	COD:N	and
high	NO2−);	quickly	stripped	off	to	the
atmosphere	as	soon	as	aeration
resumed

Wang	et	al.,
2016ba,	c,	f A2/O	with	plug-flow	pattern Not	a	dominant	pathway	(low	NH4+	concentrations)

• Coexistence	of	NO2−,	NH4+	&	O2-limiting
conditions

• Correlation	between	NO2−	and	N2O
emissions

• Strong	responses	between	NO	and	N2O
emissions	and	the	relative	abundance	of

AOB.

Not	a	dominant	pathway	(no	peaks
observed	after	anoxic	zones)

Wang	et	al.,
2011a A2/O Not	a	main	pathway

• Rapidly	increased	N2O	emissions	due	to	DO
limitation	(DO < 2.5 mg L−1);	maximum	N2O
emission	at	DO = 0.75 mg L−1

• Increase	in	NO2−	concentration	(from	0.2	to
Not	a	main	pathway



0.6 mg L−1)	during	nitrification	leading	to
increase	in	N2O	fluxes

Toyoda	et	al.,
2011a,	f A2/O

SP	Isotopic	analysis:

• 	∼50%	contribution	in	the	beginning	of	aerobic
tank

SP	Isotopic	analysis:

• 	∼50%	contribution	in	the	beginning	of
aerobic	tank

• Dominant	pathway	from	middle	to	the	end	of
aerobic	tank

N2O	was	produced	during	denitrification

Aboobakar	et
al.,	2013a,	c A/O	plug-flow	reactor Not	dominant	pathway Considered	dominant	in	zones	with	DO < 1.5 mg L−1

Considered	dominant	in	zones	with
depleted	NH4+,	DO	fluctuations,	NO3−
availability	&	lack	of	NO2−

Sun	et	al.,
2017a,bSun	et
al.,	2017aa

A/O
Higher	DO:	certain	NO2−	amount	potentially	utilized	to
oxidize	NH3	to	NH2OH,	thus	leading	to	the	N2O
production

Low-DO	condition	(i.e.	<1 mg L−1)	usually	observed	at
the	beginning	of	the	oxic	zone Not	a	main	pathway

Kosonen	et
al.,	2016a,	c	&
Blomberg	et
al.,	2018d

A/O	bioreactor
Only	this	AOB	pathway	modelled	due	to	the	existing	DO	&
NO2−	conditions,	N2O	production	mainly	in	the	aerated
zones,	N2O	consumption	in	the	anoxic	zones→	main
pathway

• Increasing	the	number	of	nitrifying	zones
resulting	in	higher	overall	N2O	emissions

(N2O	production	possibly	via	nitrifier

denitrification)

• Given	that	anoxic-aerobic	volume	controlled
by	the	NH4+	concentration,	unclear	if

increased	emissions	caused	by	increased

NH4+	concentration	or	increased	number	of

nitrifying	zones

Not	main	pathway

Pan	et	al.
(2016)	&
Ni	et	al.,
(2015)	a,	d

2	step-feeding,
anoxic/oxic/anoxic/oxic	plug-flow
reactor

N2O	emissions	increasing	with	the	AOR	increase	(2nd
step	of	the	plug-flow	reactor)

N2O	emissions	increasing	with	the	AOR	increase	(2nd
step	of	the	plug-flow	reactor) Not	a	main	pathway

Rodriguez-
Caballero	et
al.2014a,	b

Anoxic/oxic/short	anoxic/oxic	plug-
flow	reactor Not	a	main	pathway

• N2O	peaks	when	transitioning	from	anoxic	to
aerobic	conditions;	O2	limitation	considered

as	enhancing	the	activation	of	the	nitrifier

denitrification	pathway

• N2O	emissions	increasing	with	potential
shock	loads;	the	AOB	likely	to	activate	their

denitrification	pathway	after	shock	loads	of

toxic	compounds

Not	a	main	pathway



Castellano-
Hinojosa	et
al.,	2018c,	e

Two	sequential	bioreactors	(anoxic
and	aerated) Not	a	main	pathway

• Strong	positive	correlation	between	AOB
abundance	&	N2O	emission;	hence,	more

possible	pathway	under	anoxic	conditions

• 0.5 < DO < 1 mg L−1:	enough	O2	provided	to
the	AOB	for	the	oxygenation	of	NH3	to

NH2OH	but	not	for	aerobic	respiration;	NO2−

potentially	used	as	alternative	electron

acceptor	to	complete	nitrification

Not	a	main	pathway

Tumendelger
et	al.,	2014a,	f CAS

SP	Isotopic	analysis:

• Up	to	90%	contribution	at	DO	∼2.5 mg L−1

• 	∼50%	contribution	at	DO	∼1.5 mg L−1

SP	Isotopic	analysis:

• Dominated	at	DO < 1.5 mg L−1

• 	∼50%	contribution	at	DO	∼1.5 mg L−1
Not	discussed

Daelman	et
al.,	2015a,	c Carrousel	reactor

Carrousel:	emissions	coinciding	with	aerated	periods
(AOR	governed	by	DO);	the	relationship	between	the	AOR
&	the	N2O	production	usually	explained	by	referring	to
the	NH2OH	pathway;	however,	not	considered	dominant

• Carrousel:	emissions	correlated	with	the	NO2-
concentration	peaks

• Prevalence	of	low-DO	zones

Carrousel:	reactor	lacking	sufficient
anoxic	space	to	allow	the	completion	of
denitrification

Ni	et	al.,
2013d OD	with	surface	aerators

Main	pathway	since	high	NH4+	concentrations	were
observed	without	simultaneous	NO2−	increase	in	the
aerated	zones/phases

Not	a	main	pathway Not	a	main	pathway

Ni	et	al.,
2013d

Feeding	and	aeration
(90 min)/settling	(35 min)/decanting
(55 min)	SBR

Main	pathway	since	high	NH4+	concentrations	were
observed	without	simultaneous	NO2−	increase	in	the
aerated	zones/phases

Not	a	main	pathway Not	a	main	pathway

Sun	et	al.,
2013a,	c

Feeding	(synchronous
aeration)/aeration/settling/decanting
SBR	(1 h	each)

Not	a	main	pathway

• Low	DO	during	nitrification	significantly
affecting	the	N2O	production	→	main
pathway

Correlation	between	N2O	emission	and
influent	COD/N	→	contributor

Rodriguez-
Caballero	et
al.,	2015a,	b

Reaction	phase	(∼130 min)/settling
(∼65min)	and	decanting	(∼65 min)
SBR	(anoxic/aerobic	alternations	–	3
cycle	types)

Not	a	main	pathway

• Certain	NO2−	accumulation	under	aerobic
conditions

• N2O	generation	continuing	after	aeration
stop

N2O	generation	continuing	after
aeration	stop

• Significant	linear	correlation	between	N2O	&
• Significant	linear	correlation
between	N2O	&	NO	EFs	in



Wang	et	al.,
2016a	a,	c

Full-scale	biological	aerated	filter
(BAF)	for	secondary	nitrification

Low	influent	NH3	concentration	(<6 mg L−1)	→	not	a	main
pathway

NO	EFs	in	different	seasons

• Nitrifier	denitrification	suggested	as	possible
pathway	in	accordance	with	the	fact	that	the

influent	NO2−	found	as	key	factor	regarding

the	N2O	&	NO	production

different	seasons

• Minor	possibility	of
heterotrophic	denitrification

contribution	during	the

denitrification	of	NO	to	N2O

Bollon	et	al.,
2016a,bBollon
et	al.,	2016ba

Nitrifying	biofiltration	(Biostyr®
filters)

Not	discussed Not	discussed

• Rapid	increase	in	the	net	N2O
production	rate	at

BOD:N < 3

• Intensity	increased	with	the
duration	of	carbon-limiting

conditions

Overall,	the	majority	of	the	studies	investigating	the	N2O	dominant	pathways	in	mainstream	full-scale	systems	with	descriptive	statistics	and	visual	inspection	(i.e.	via	univariate/bivariate	graphs)	of	significant	variables	(e.g.

NH4+,	DO	concentrations,	influent	flow-rate	and	N2O	emissions)	have	not	considered	NH2OH	to	be	a	significant	pathway	for	N2O	generation,	regardless	the	configuration	(Table	1).

Specifically,	in	1-step	feed	A/O	and	A2/O	configurations	and	processes	with	anoxic/aerobic	alternations	and	plug-flow	pattern,	studies	have	observed:	i)	spatial	N2O	peaks	in	the	transitions	from	anoxic	to	aerobic	zones	(i.e.

Rodriguez-Caballero	et	al.,	2014;	Sun	et	al.,	2017a,bSun	et	al.,	2017a)	under	low	DO	concentrations	(<1 	mg 	L−1),	ii)	temporal	increase	in	the	N2O	emissions	that	coincide	with	elevation	ofincreases	in	the	NO2−	and	NH4+	concentrations	(i.e.

peak	 loads)	under	O2oxygen-limiting	conditions	 (Wang	et	 al.,	 2011,	2016b),	 and	 iii)	N2O	emission	 peaks	 coinciding	with	 elevated	NO2−concentrations	 in	 the	aerobic	 zones	 (Sun	 et	 al.,	 2017a,bSun	 et	 al.,	 2017a).	 Therefore,	 the	 nitrifier

denitrification	pathway	has	been	suggested	to	be	dominant.	This	is	also	supported	by	Wang	et	al.	(2016b)	who	studied	the	relative	abundancy	of	the	AOB	and	the	denitrifying	bacteria	under	different	seasonal	conditions	for	an	A2/O

process	with	 a	 plug-flow	 pattern	 (DO	 0.6–6.8 	mg 	L−1	 and	N-concentration	 up	 to	 30 	mg 	L−1)	 to	 provide	 insights	 on	 the	 N2O	 generation	 pathways.	 The	 authors	 quantified	 the	 expression	 of	 functional	 genes	 harboring	 the	 NH3

monooxygenase	(amoA)	(i.e.	enzyme	catalyzing	the	first	step	of	nitrification)	for	the	AOB,	as	well	as	of	the	nosZ	harboring	the	N2O	reductase	(i.e.	enzyme	catalyzing	the	reduction	of	N2O	to	N2)	for	the	denitrifiers	by	RT-qPCR.	Wang	et	al.

(2016b),	also	applied	also	correlation	analysis;	the	N2O	emissions	(ranging	from	0.01	to	3.4%	of	the	TN-load)	were	mainly	dependent	both	on	the	NO2−	concentrations	andas	well	as	on	the	relative	AOB	abundances,	hence	indicating	that

nitrifier-	denitrification	was	the	dominant	pathway	in	the	aerobic	zones	of	the	reactor.	On	the	contrary,	the	obtained	results	revealed	that	the	emissions	were	not	affected	by	the	relative	abundancies	of	the	denitrifiers.	However,	it	must

be	noted	that	the	functional	gene	levels	are	not	always	representative	of	the	activity	of	the	corresponding	enzyme	(Henderson	et	al.,	2010).	Similarly,	Castellano-Hinojosa	et	al.	(2018)	quantified	the	16SrRNA,	amoA	and	nosZ	genes	of	the

total	bacterial	and	archaeal	population	in	three	full-scale	predenitrification-nitrification	systems.	They	employed	multivariate	analysis	(i.e.	non-metric	multidimensional	scaling	(MDS)	and	similarity	analysis	based	on	Euclidean	distance,

to	identify	the	environmental	variables	that	are	best	linked	to	the	patterns	of	community	structure	via	BIO-ENV	procedure)	to	link	the	bacterial	structure	with	the	N2O	emissions	and	environmental/operational	variables.	They	found	a

strong	positive	correlation	between	the	AOB	and	the	emissions	in	the	anoxic	compartments,	where	the	N2O	release	was	higher.	Therefore,	the	authors	suggested	nitrifier	denitrification	as	the	dominant	pathway.	On	the	other	hand,	the

emissions	were	negatively	correlated	with	the	AOA	abundance	and	the	N2O	reducers.	It	was	concluded	that	the	elevated	NO2−	concentrations,	the	low	temperatures	and	short	SRTs	mainly	influenced	the	abundance	of	the	bacterial

community	encoding	the	nosZ	gene	and	contributed	to	the	N2O	accumulation.

NH2OH	oxidation	has	not	been	considered	as	a	dominant	N2O	pathway	in	the	majority	of	A2/O	and	A/O	process	groups.	However,	Toyoda	et	al.	(2011),	applied	site-preference	(SP)	isotopic	analysis	in	a	A2/O	configuration	and

found	that	the	NH2OH	oxidation	and	nitrifier	denitrification	pathways	contributed	almost	equally	to	the	N2O	formation	in	the	beginning	of	the	aerobic	tank.	The	DO	concentrations	in	the	reactor,	though,	were	not	reported.	Additionally,

Blomberg	et	al.	(2018)	developed	an	ASM3-type	NH2OH-heterotrophic	denitrification	N2O	model	with	a	KkLa-based	approach	for	the	N2O	stripping	(KkLaN2O:	mass	transfer	coefficient	for	N2O).	The	model	was	developed	for	the	full-scale

underground	WWTP	of	Viikinmäki	(Kosonen	et	al.,	2016)	that	is	divided	into	six	zones	(i.e.	one	anoxic	pre-denitrifying	zone,	two	alternating	switch	zones,	three	aerated	nitrifying	zones).	High	DO	concentrations	in	the	aerated	zones	(i.e.

1.5–3.8 	mg 	L−1)	 and	 low	 NO2−	 concentrations	 (i.e.	 0.1	 and	 0.7 	mg 	L−1),	 were	 observednoted	 and	 the	 model	 adequately	 fitted	 the	 observed	 dissolved	 N2O	 profiles.	 However,	 under	 the	 applied	 stripping	 modelling,	 the	 model

overestimated	the	EF;	hence	showing	that	the	stripping	modelling	approach	must	be	improved.



Ni	et	al.	(2015)	considered	all	N2O	production	pathways	in	a	two-step	plug-flow	type	reactor	(anoxic/aerobic/anoxic/aerobic),	in	an	attempt	to	explain	the	difference	between	the	EFs	of	each	step	(1st	step:	0.7%	of	influent-N,	2nd

step:	3.5%	of	influent-N)	using	real	data	obtained	from	the	study	of	Pan	et	al.	(2016),	for	a	full-scale	step-feed	plug-flow	reactor.	The	N2O	production	was	mainly	attributed	to	the	heterotrophic	denitrification	taking	place	in	the	anoxic

zone	of	the	2nd	step	that	was	receiving	70%	less	biomass	compared	to	the	1st	step	(Table	1).	This	model	has	been	successfully	applied	for	the	explanation	of	the	observed	EF	difference	and	identification	of	dominant	pathways	since	it	(i)

includes	all	the	possible	production	pathways,	(ii)	has	considered	the	design	and	operating	features	of	the	WWTP,	and	(iii)	was	calibrated/validated	using	data	from	the	plant	operation.

It	must	be	noted	that,	 in	an	anoxic-aerobic	plug-flow	reactor,	 the	application	of	zone-based	stepwise	multiple	regression	showed	that	 the	effect	of	 the	N-load,	DO	and	temperature	 inon	the	N2O	emissions	 varied	within	 the

reactor	(Abookabar	et	al.,	2013).	Therefore,	the	dominant	pathways	can	potentially	vary	in	the	aforementioned	studies	based	on	the	location	of	the	sampling	betweenamong	the	different	studies.

In	the	OD	reactors	N2O	fluxes	have	been	mainly	 linked	with:	 i)	stripping	of	the	dissolved	N2O	that	 is	generated	 in	 the	anoxic	zones	 (Sun	et	al.,	2015;	Yan	et	al.,	2014)	and	ii)	NO2−	 accumulation	 in	 the	low	 DO	 -DO	 zones,	 thus

indicating	nitrifier	 denitrification	 and	heterotrophic	denitrification	 (Daelman	et	 al.,	 2015)	 as	 dominant	 pathways.	 For	 instance,	 in	 an	OD	 reactor,	 strong	 positive	 correlation	 (Pearson's	 coefficient)	was	 identified	 between	 daily	N2O

emissions	and	daily	NO2−	peaks	(0.7)	(487	days	monitoring	campaign)	(Daelman	et	al.,	2015).	The	authors	proposed	to	use	NO2−	peaks	as	a	diagnostic	method	for	the	prediction	of	N2O	peaks.	In	the	same	system,	Vasilaki	et	al.	(2018)

applied	changepoint	detection	techniques	combined	with	hierarchical	k-means	clustering	and	PCA,	to	reveal	the	N2O	emission	patterns,	and	generation	pathways	and	identified	changes	in	the	N2O	fluxes.	The	study	concluded	that	the

N2O	dependencies	with	other	operational	variables	(i.e.	NH4+,	NO3−,	DO)	are	dynamic	and	affected	by	the	seasonal	variations.	The	preferred	N2O	pathways	were	also	found	to	be	dependent	on	time	and	operational	conditions.

Additionally,	a	full-scale	OD	was	modelled	by	Ni	et	al.	(2013)	considering	the	NH2OH	oxidation	pathway	(via	the	electron	carriers	approach,	and	assuming	the	NH2OH/NO	model	and	no	inhibition	of	AOB	NO	reduction	by	DO)	and

the	heterotrophic	denitrification	pathway	(based	on	Hiatt	and	Grady	(2008)	and	the	electron	competition	between	denitrification	steps).	Even	thoughAlthough,	the	operational	control	of	the	OD	is	not	explicitly	described	(i.e.	aeration/DO

set	-points),	more	than	90%	of	the	N2O	emissions	were	observed	 in	aerated	zones	with	DO > 2 	mg 	L−1.	The	model	was	calibrated	using	3-days	data	 from	an	 intensive	monitoring	campaign	and	validated	based	on	1-day	data	with

different	influent	conditions.	The	developed	model	linked	the	higher	N2O	generation	with	the	NH4-N+	concentration	peaks	(up	to	∼9 	mg	  L−1	in	the	calibration	and	∼4 	mg 	L−1	in	the	validation	dataset)	within	the	aerated	zones	(OD)

andsuggesting	the	NH2OH	oxidation	pathway	as	dominant.	However,	in	the	study	of	Ni	et	al.	(2013),	the	respective	contribution	among	the	two	AOB	pathways	was	not	explored	whereas	short-term	data	were	used	to	validate	the	model.

The	AOB	denitrification	model	developed	by	Mampaey	et	al.	(2013)	was	applied	using	the	same	dataset	from	the	OD,	for	calibration	and	validation	purposes	(Spérandio	et	al.,	2016).	The	model	could	adequately	follow	the	trends	of	the	N2O

behaviour	after	calibration	of	the	anoxic	reduction	function	(high	value	of	0.63	was	required).	NO2−	accumulation	and	the	resulting	nitrifier	dentification	contribution	to	the	emissions	cannot	be	excluded	in	full-scale	WWTPs.	Future

enhanced	model	versions	of	models	must	consider	this	fact.

Overall,	as	shown	in	section	3,	N2O	fluxes	in	CAS	systems	are	generally	low.	Tumendelger	et	al.	(2014)	applied	SP	isotopic	analysis	and	observed	that	the	NH2OH	oxidation	pathway	was	responsible	for	up	to	90%	of	the	N2O

formation	under	high	DO	(∼2.5 	mg 	L−1	at	the	middle	and	end	of	the	aerobic	tank)	in	a	conventional	AS	system	(>44.2%	of	NH4+	was	nitrified	and	removed	in	gaseous	form	probably	due	to	unintentional	zones	with	low	DO).	Nitrifier

denitrification	and	NH2OH	oxidation	were	almost	equally	contributing	to	DO	levels	around	1.5 	mg	L1,	whereas	nitrifier	denitrification	dominated	at	DOs	below	1.5 	mg 	L−1.

In	sidestream	reactors,	elevated	N2O	emissions	during	shifts	from	low	to	high	aeration	(NH4+	accumulation,	high	AOR),	have	been	attributed	to	the	NH2OH	pathway	(Castro-Barros	et	al.,	2015).	Aeration	intensity	and	profiles

have	been	determined	as	significant	control	parameters	for	the	N2O	generation	(Harris	et	al.,	2015a,bHarris	et	al.,	2015;	Rathnayake	et	al.,	2015).	The	N2O	dynamics	under	different	aeration	intensities	is	likely	to	depend	on	the	reactor

configuration.	For	example,	Mampaey	et	al.	(2016)	and	Stenström	et	al.	(2014)	observed	higher	emissions	when	lower	DO	was	applied	in	a	partial	nitritation-anammox	system	and	a	sidestream	nitrification-denitrification	SBR,	respectively.

On	the	other	hand,	(Kampschreur	et	al.,	2009a),)	could	not	identify	a	relationship	between	the	N2O	increase	and	the	higher	aeration	flow-rate	during	a	prolonged	aeration	experiment	in	a	single-stage	nitritation-anammox	reactor.	Hence,

the	influence	of	the	aeration	regime	on	the	N2O	generation	is	variable	and	depends	on,	depending	on	 the	reactor	configuration.	 In	Anammox	reactors,	N2O	formation	during	anoxic	periods	has	been	mainly	attributed	to	 the	nitrifier

denitrification	 pathway	 and	 partially	 to	 heterotrophic	 denitrification	 (e.g.	 under	 conditions	 of	 limited	 substrate	 provision;	 Castro-Barros	 et	 al.,	 2015;	Mampaey	 et	 al.,	 2016).	 However,	 a	 recent	 study	 performed	 by	Ma	 et	 al.	 (2017)

demonstrated	that	N2O	formation	via	NH2OH	oxidation	can	also	occur	at	low	DO	(∼1 mg 	L−1)	probably	catalysed	by	cytochrome	P460.	This	finding	contradicts	previous	experimental	and	model-based	works	according	to	which	the

NH2OH	oxidation	pathway	dominates	solely	at	higher	DO	concentrations	(e.g.	Brotto	et	al.,	2015)	and	is	linked	with	the	AOR	(Peng	et	al.,	2014).

Studies	investigating	dominant	N2O	pathways	for	several	groups	of	full-scale	processes	are	still	missing	(Table	1)	and	further	research	is	required	for	a	robust	mapping	of	the	dominant	pathways	in	different	process	groups.	As	a

general	remark,	in	most	processes	with	elevated	N2O	emissions	(>0.85%	of	the	N-load),	independently	of	the	configuration,	elevated	NO2−	concentrations	were	also	observed	(Daelman	et	al.,	2015;	Foley	et	al.,	2010;	Rodriguez-Caballero	et

al.,	2015;	Wang	et	al.,	2016b).

4.3	Limitations	and	future	research
Several	 authors	have	underlined	 the	difficulties	 in	 determining	 the	 respective	 contribution	 of	 each	N2O	generation	pathway	during	 full-scale	monitoring	 campaigns	 (Aboobakar	 et	 al.,	 2013;	Wang	 et	 al.,	 2016b).	None	 of	 the



techniques	analyzsed,	in	the	previous	sections	can	be	applied	standalone	to	explain	the	ambiguities	surrounding	the	mechanisms	and	operational	conditions	that	enhance	the	N2O	formation	during	wastewater	treatment.	This	section,

summarizes	the	main	limitations	of	the	techniques	applied	to	explain	N2O	fluxes	behaviour	in	wastewater	systems	and	describes	how	these	techniques	(combined,)	can	maximize	the	outcome	of	future	monitoring	campaigns.

Two	major	drawbacks	have	been	identified	when	studies	rely	exclusively	on	simple	descriptive	statistics	and	graphical	representations	of	operational	variables	to	extractprovide	insights	on	the	N2O	emissions	behaviour.	Firstly,

this	approach,	considers	independently	several	parameters	that	affect	the	N2O	generation.	Thus,	it	becomes	difficult	to	quantify	the	combined	effect	of	several	variables	in	full-scale	systems	via	simple	univariate	or	bi-variate	graphical

representations.	For	instance,	Castro-Barros	et	al.	(2015)	observed	higher	N2O	emissions	and	formation	in	the	transition	from	the	anoxic	to	the	aerated	periods	in	a	one-stage	granular	partial	nitritation-anammox	reactor.	However,	this

increase	cannot	be	solely	attributed	to	the	DO	change,	since	the	AOR,	the	NH4+	and	the	NO2−	concentrations	were	also	elevated	during	the	transition.	Secondly,	graphs	representing	the	behaviour	of	process	variables	in	relation	to	the

N2O	emissions	 usually	 cover	 only	 a	 limited	 period	 (often	 shorter	 than	 the	monitoring	 campaign	 duration)	 or	 visualize	 average	 data	 in	 the	majority	 of	 the	 reported	 studies.	 There	 are	 limitations	 in	 the	 effective	 visualization	 and

dependencies	in	the	extraction	inof	information	from	long-term	temporal	multivariate	datasets	(i.e.	overcrowded	and	cluttered	visualizationvisualisation)	(Shurkhovetskyy	et	al.,	2018).	For	example,	Aboobakar	et	al.	(2013)	monitored	the	N2O

emissions	of	a	PF	reactor	for	56	days;	they	reported	the	diurnal	profile	of	the	normalizednormalised	average	emissions,	the	average	ammoniaNH4+	diurnal	profile	and	the	average	daily	DO	concentration,-	overthroughout	the	duration	of

the	monitoring	campaign.

The	 N2O	 emission	 behaviour	 is	 characterised	 by	 temporal	 variations.	 Additionally,	 for	 a	 specific	 process,	 the	 dependencies	 of	 the	 emissions	 with	 operational	 variables	 are	 also	 expected	 to	 fluctuate	 under	 different

environmental/operational	conditions	based	on	the	preferred	N2O	production	pathway.	Vasilaki	et	al.	(2018)	showed	that	the	dependencies	between	N2O	emissions	and	operational	variables	fluctuated	in	a	Carrousel	reactor	that	was

monitored	 for	 15	 months.	 Therefore,	 employment	 of	 advanced	 visualizationvisualisation	 techniques	 capturing	 the	 dynamic	 behaviour	 of	 the	 operational	 variables	 from	 the	 whole	 duration	 of	 the	 monitoring	 campaigns	 (e.g.	 data

abstraction,	principal	 component-based	analysis,	 clustering	-;	Shurkhovetskyy	 et	 al.,	 2018;	Aigner	 et	 al.,	 2008)	 can	 facilitate	 an	 accurate	 and	 deep	 understanding	 of	 the	 long-term	N2O	behaviour	 in	 both	 sidestream	 and	mainstream

treatment	processes.	There	is	an	interchangeable	link	among	operational/environmental	conditions,	N2O	production	pathways	and	emission	rates.	The	combination	of	data	mining	methods	can	also	be	applied	to	identify	distinct,	and

different	patterns	and	operational	conditions	 in	order	to	determine	the	respective	contribution	among	the	N2O	production	pathways.	It	can	reveal	the	 links	and	relationships	among	the	conditions	triggering	the	N2O	emissions,	 the

dominant	pathways	and	 the	emission	 rates.	However,	 few	data-driven	monitoring	and	control	 approaches	have	been	validated	 in	 full-scale	 applications	 in	 the	wastewater	 sector	 (Haimi	 et	 al.,	 2013).	 Additionally,	 there	 is	 still	 little

guidance	for	the	selection	of	the	most	appropriate	techniques	for	particular	wastewater	applications	(Hadjimichael	et	al.,	2016).	Multivariate	statistical	analysis	 techniques	have	only	recently	been	applied	to	translate	data	 from	the

monitoring	campaigns	into	useful	information	regarding	the	N2O	production	(Vasilaki	et	al.,	2018).	Hence,	structured	approaches	and	data-driven	extraction	techniques	need	to	be	developed	to	process	the	incoming	data	from	WWTPs

(Corominas	et	al.,	2018)	and	acquire	information	concerning	the	N2O	emission	patterns.

Given	 that	previously	unreported	pathways	 (Harris	et	al.,	2015a,bHarris	 et	 al.,	 2015),	 or	alternative	conditions	under	which	 the	already	known	pathways	are	activated	have	been	 recently	 identified	 in	 literature,	 isotopic	and

molecular	biology	analysis	can	be	applied	to	supportprovide	insights	into	the	N2O	generation	pathways.	In	a	recent	review	on	the	isotopic	methods	for	the	identification	of	the	respective	contributions	of	the	different	N2O	pathways,	Duan

et	al.	(2017)	concluded,	though,	that	there	are	still	uncertainties	regarding	the	accuracy	of	the	SP	methods	(i.e.	not	standard	SP	signature	values,	unknown	N2O	production	pathways,	etc.).	Therefore,	the	authors	suggest	to	complement

the	isotopic	methods	with	other	approaches,	such	as	the	mRNA-based	transcription	analysis	(Ishii	et	al.,	2014).

Mechanistic	models	considering	all	the	possible	N2O	production	pathways	are	powerful	tools	to	describe	the	operation	of	full-scale	WWTPs,	unveil	the	most	contributive	N2O	emissions	generation	pathways	and	guide	towards

mitigation	measures.	However,	there	are	still,	several	challenges	in	the	practical	application,	calibration	and	validation	of	mechanistic	N2O	models	in	full-scale	systems.	Parameter	uncertainty	still	plays	a	significant	role	in	explicitly

differentiating	the	contribution	of	different	N2O	pathways	via	modelling	studies;	for	instance,	different	AOB	pathway	models	(i.e.	Spérandio	et	al.,	2016)	and	models	with	different	contributions	of	denitrification	N2O-producing	pathways

(i.e.	Domingo-Félez	et	al.,	2017)	have	been	adequately	fitted	to	describe	the	N2O	emissions	behaviour	in	the	same	systems.	Inclusion	of	all	major	N2O	production	pathways	results	in	complex	and	overparameterized	models	impairing

reliable	calibration	and	validation.	Additionally,	short-term	calibration	and	validation	of	models	under	specific	operational	conditions	(i.e.	dry	weather)	limits	their	accuracy	when	the	system	varies	significantly	(Guo	and	Vanrolleghem,

2014).

Future	research	can	also	explore	the	possibility	of	coupling	sophisticated	statistical	tools	(e.g.	multivariate	statistics,	machine	learning	algorithms)	with	multiple-pathway	mechanistic	models	for	full-scale	applications,	and,	thus,

to	facilitate	the	fast	and	adaptable	online	 implementation	of	model	predictive	control	and	forecasting	decision	support	tools.	The	co-application	of	machine	 learning	and	mechanistic	models	 in	serial	or	parallel	configurations	have

already	 been	 demonstrated	 in	 the	wastewater	 sector.	 For	 instance,	 studies	 have	 shown	 that	 artificial	 neural	 network	 (ANN)	models	 trained	with	 the	 residuals	 of	 ASM-type	models	 can	 enhance	 the	 prediction	 and	 generalization

capabilities	of	the	ASM	models	for	highly	daily	variable	influent	pollutant	concentrations	and	flow-	rates	that	are	usually	observed	at	WWTPs	(Fang	et	al.,	2010;	Keskitalo	and	Leiviskä,	2015).	Additionally,	detailed	simulations	of	variables

that	are	not	conventionally	monitored	in	WWTPs	(i.e.	NO2−,	NO)	can	be	derived	from	the	computationally	universal	mechanistic	models	and	used	together	with	raw	process	data	to	train	the	machine	learning	models.	Trained	machine

learning	models	are	very	efficient	for	online	monitoring	and	provision	of	decision	support,	and	are	widely	applied	in	the	industry	(Wang	et	al.,	2018).	For	example,	a	support	vector	machine	regression	(SVM)	model	was	trained	with	the



simulation	results	of	an	ASM2d	model	for	a	full-scale	A2/O	reactor	in	the	study	of	Zhang	et	al.(2014),	to	develop	a	flexible	multi-objective	optimization	tool.	The	SVM	model	linked	the	operating	parameter	data	sets	from	the	ASM2d

simulations	with	performance	indexes	considering	cost	and	pollutant	concentration	aspects.	The	development	of	layer	based	on	machine	learning	techniques	can	be	integrated	in	a	universal	complex	N2O	model	to	facilitate	individual

process	parameters	calibration.	Multivariate	statistics	and	pattern	recognition	algorithms	can	be	applied	to	the	variables	monitored	online	in	WWTPs	to	differentiate	operational	conditions	(i.e.	based	on	seasonal	influent	composition

variations,	different	process	rates	affected	by	environmental	conditions,	system	shocks,	etc.)	and	guide	towards	different	calibration	requirements	within	the	same	process.	Finally,	multivariate	statistics	can	be	applied	to	identify	and

isolate	complex	relationships	between	system	variables	and	guide	towards	process-specific	simplified	modelling	approaches.	Such	integrated,	practical	tools	can	help	plant	operators	to	design	effective	mitigation	strategies.

Quantifying	the	contribution	of	the	N2O	production	pathways	in	addition	to	the	triggering	mechanisms	in	biological	processes	remains	a	challenge	and	still	requires	extensive	research	(Guo	et	al.,	2017).	As	a	general	remark,

standardization	of	monitoring	and	reporting,	of	long-term	N2O	monitoring	campaigns,	along	with	combined	multivariate	analyses	of	the	provided	data	and	mechanistic	model	development	are	required	to	increase	the	understanding	and

effectively	control	the	N2O	emissions	at	WWTPs.

5	Monitoring	campaigns	and	mitigation	strategies
Mitigation	measures	have	been	developed	and	proposed	mainly	as	outcome	of	studies	that	targeted	at	the:	i)	testing	of	different	aeration/feeding	control	strategies	in	full-scale	sidestream	technologies	(e.g.	Castro-Barros	et	al.,

2015;	Mampaey	et	al.,	2016;	Rodriguez-Caballero	et	al.,	2015),	ii)	development	of	mechanistic	models	simulating	changing	operational	conditions	(e.g.	Ni	et	al.,	2015),	and	iii)	establishment	of	non-linear	regression	models	(e.g.	ANNs)

to	predict	the	behaviour	of	N2O	emissions	(e.g.	Sun	et	al.,	2017a,bSun	et	al.,	2017a).

5.1	Mitigation	measures	and	full-scale	monitoring	campaigns
Table	2	summarizessummarises	the	main	N2O	mitigation	strategies	that	have	been	proposed	for	full-scale	systems	along	with	the	methodological	approaches	that	facilitated	the	identification	of	these	measures.	As	shown	in	Table

2,	there	is	no	standardizedstandardised	methodology	for	the	establishment	of	N2O	mitigation	strategies	in	full-scale	systems.

Table	2	Methods	and	main	findings	of	studies	resulting	in	mitigation	measures.

alt-text:	Table	2

Source Process Method Main	findings Mitigation	Measures

Castro-Barros	et	al.
(2015) One-stage	PNA	granular	Sidestream

• Calculation	of	dissolved
N2O	based	on	Mampaey

et	al.	(2016)

• Modified	operation	mode:
Prolonged	anoxic	&

aeration	periods

• Visualization	of	significant
profiles	(i.e.	DO)	&

descriptive	analysis

• Smoother	aeration	transitions	during	normal
reactor	operation	connected	with	lower	N2O

emissions;	comparison	with	experiments

• Prolonged	anoxic	periods	leading	to	increased
N2O	emissions

• Optimize	the	aeration	regime

• Ensure	smooth	shifts	in	the	aeration
pattern

• Opt	for	short	aeration	intervals

• Modified	operation	mode:
prolonged	anoxic	&

aeration	periods,	lower

DO	experiments,	shorter

SBR	cycles

• Nitritation	reactor:	N2O	formation	higher
during	anoxic	periods

• Splitting	the	anoxic	period:	average	anoxic	N2O

• Preferably	operate	under	shorter	cycles

• Apply	continuous	aeration	in	nitritation



Mampaey	et	al.
(2016)

One-stage	SHARON	granular
Reactor	Sidestream

• Calculation	of	dissolved
N2O	based	on	Mampaey

et	al.	(2016)

• Visualization	of	significant
profiles	(i.e.	DO)	&

descriptive	analysis

formation	rate	decreased

• Shorter	cycles	reducing	the	N2O	EF	by	56%	at
the	expense	of	higher	NO3−	concentrations

reactor;	this	requiring	optimization

• Alternatively	operate	under	lower	DO
setpoint

Kampschreur	et	al.,
2009a,bKampschreur
et.	al.,	2009a

One-stage	PNA	granular

• Modify	operation:	varying
aeration	rate

• Visualization	of	significant
profiles	&	descriptive

analysis

• Over-aeration	significantly	impacting	on	N2O
emissions

• Ensure	sufficient	aeration	control

Kampschreur	et	al.
(2008)

Two-reactor	partial-nitritation-
anammox	process	Sidestream

• Visualization	of	significant
profiles	(N-compounds)	&

descriptive	analysis

• Nitritation	reactor:	N2O	accumulation	during
the	non-aerated	phase

• Anammox	reactor:	NO2−	accumulation
potentially	increasing	N2O	emissions

• Avoid	anoxic	phases	in	nitritation	reactor
(i.e.	smaller	reactors	to	ensure	sufficient

HRT)

• Control	the	aeration	in	the	nitritation
reactor

• Operate	a	one-reactor	nitritation-anammox
system;	potentially	emitting	less	N2O	due

to	limited	NO2−accumulation

Ahn	et	al.,	2010a,b Multiple	processes	(i.e.	MLE,	step-
feed	BNR,	OD)

• Multiple	linear	regression
for	several	processes

• Investigate	possible	links	between	WWTP
operating	conditions	&	N2O	emission	fluxes

• Aerobic	zones:	N2O	fluxes	correlated	with
location-specific	pH,	AS	mixed	liquor

temperature,	DO,	NH4+	&	NO2−

concentrations	&	interactive	combinations

• Anoxic	zones:	N2O	fluxes	correlated	with
location-specific	sCOD,	pH,	AS	mixed-liquor

temperature,	DO,	NO2−	&	NO3−

concentrations	&	interactive	combinations

• BNR	processes:	Avoid	high	NH4+	&	NO2−

concentrations,	DO	&	transients

• Aerobic	processes:	avoid
incomplete/intermittent	nitrification	&

over-aeration

• Rely	on	more	uniform	spatial	DO	profiles
to	promote	SND

• Minimize	peak	N-flow	(flow	equalization)



Ni	et	al.	(2013)

OD	with	surface	aerators
&
Feeding	and	aeration
(90 min)/settling	(35 min)/decanting
(55 min)	SBR

• Mechanistic	model
development

• Modelling	of	two	full-scale	municipal	WWTPs
(i.e.	an	OD	&	an	SBR)

• OD:	decrease	in	the	NH4+	concentration
without	simultaneous	NO2−	increase	in	the

aerated	zones

• SBR:	NH4+	accumulation	leading	to	a	high	AOR
during	the	aerobic	SBR	phases	&,	finally,	to	the

increased	production	of	intermediates	(e.g.

NH2OH)

• Use	the	developed	model	to	accurately
simulate	the	emissions	from	the	surface

aerator	zone	in	OD	WWTPs,	thus

potentially	correcting	the	N2O	emission

underestimation	in	full-scale	WWTPs

where	the	floating	chamber	method	is	not

valid

Li	et	al.,	2016 Reversed	A2/O	and	OD
• Observations	&
literature

• N2O	generated	&	emitted	more	in	summer	than
in	winter

• Microbial	population	&	aeration	strategy	as	key
factors	of	N2O	generation	&	emission

• Avoid	incomplete/intermittent	nitrification
&	over-aeration	during	the	aerobic

processes	to	achieve	lower	N2O

emissions

• Apply	uniform	spatial	DO	profiles	to
promote	SND	that	probably	leads	to	less

N2O	emissions

• Perform	flow	equalization	to	control	the
peaking	factor	of	the	influent	N-loading	to

the	AS

• Ensure	a	sufficiently	long	SRT	to	prevent
NO2−	accumulation	during	nitrification

• Avoid	the	COD	limitation	of	the
denitrification	process	by	minimizing	the

pre-sedimentation	of	organic	carbon	in	the

influent	&	dosing	additional	organic

carbon

Pan	et	al.	(2016)	&
Ni	et	al.	(2015)

2	step-feeding,
anoxic/aerobic/anoxic/aerobic	plug-
flow	reactor

• Mechanistic	model
development

• Step-feeding	resulting	in	incomplete
denitrification	&	affecting	the	AOR	in

nitrification,	hence	increasing	the	total	N2O

emission

• Decrease	the	N2O	EF	to	the	lowest	value
of	<1%	if	30%	of	the	total	RAS	returns	to

the	2nd	step

• Increase	DO	availability	for	both	AOB	&



Wang	et	al.	(2016b) A2/O	with	plug-flow	pattern
• Investigation	of	AOB
abundances

• N2O	emitted	mainly	from	the	oxic	zone,	with
the	emitting	levels	increasing	greatly	from	the

beginning	of	the	oxic	zone	towards	the	zone

end

• NO2−	accumulation	directly	triggering	N2O
production

• Both	diurnal	&	seasonal	N2O	emission	levels
fluctuating	strongly

• Other	factors	influencing	the	N2O	emission:	low
DO/temperature

NOB

• Improve	the	AOB	living	conditions

• Apply	a	step-stage	aeration	mode	with
varying	aeration	intensities	(location-

specific	emission	patterns	for	a	plug-flow

process)

• Ensure	a	better	mixing	via	a	higher
horizontal	plug-flow	rate	combined	with	an

appropriate	vertical	airflow	flux;	the	large

cross-section	widths	reduced	using

partition	walls	to	elevate	flow	velocities

under	a	constant	A2/O	tank	working

volume

Sun	et	al.	(2013)
Feeding	(synchronous
aeration)/aeration/settling/decanting
(1 h	each)	SBR

• Visualization	of	significant
profiles	(DO	&	N2O)	&

descriptive	analysis

• Multiple	linear	regression
analysis	to	investigate

relationship	of	N2O

emissions	&

environmental	factors

• Bimonthly	sampling	to
examine	changes	in	the

relationship	between	N2O

emissions	&environmental

factors	(long-term:	12

months)

• N2O	flux	from	different	treatment	units/periods
following	a	descending	order:	feeding	period,

aeration	period,	settling	period,	swirl	grit	tank,

decanting	period	&	wastewater	distribution

tank

• Feeding	&	aeration	periods	accounting	for
>99%	of	N2O	emissions

• Low	DO	during	nitrification	majorly	influencing
N2O	production

• Increase	the	aeration	rate	during	the
feeding	period	&	decrease	it	to	a	proper

level	for	nitrification	in	the	aerobic	stage

• Supply	external	carbon	source	during
denitrification/change	the	operational	SBR

mode	(from	feeding	under	synchronous

aeration	to	feeding	with	anoxic	stirring)	to

ensure	enough	COD	provision/better

utilization	of	influent	COD	for

denitrification

Rodriguez-Caballero
Reaction	phase	(∼130 min)/settling
(∼65min)	and	decanting	(∼65 min)

• During	the	experimental
campaign,	3	different

cycle	configurations

implemented	as	part	of

the	normal	SBR

operation

• N2O	emissions	accounting	for	>60%	of	the	total
carbon	footprint	of	the	WWTP

• Cycles	with	long	aerated	phases	showing	the
largest	N2O	emissions,	with	a	consequent

• Apply	intermittent	aeration	to	reduce	the
NO2−	accumulation

• Adopt	a	cycle	configuration	with	short



et	al.	(2015) SBR	(anoxic/aerobic	alternations	–	3
cycle	types)	SBR

• Testing	of	a	modified
cycle	configuration	for	the

N2O	mitigation

• Observe	dissolved	&
gaseous	N2O	profiles	vs

time

increase	in	the	carbon	footprint

• Transient	NH4+	&	NO2−	concentrations	&
transition	from	anoxic	to	aerobic	possibly

involved	in	the	increased	N2O	production

aerated	periods

• Allow	the	system	to	consume	N2O	through
denitrification

Spinelli	et	al.	(2018) MLE

• Event-based	sensitivity
analysis

• Box-plots	of	diurnal
behaviour	of	significant

variables	&	N2O

• Lower	COD:N	resulting	in	higher	N2O
emissions	due	to	disturbed	denitrification

• Daily	N2O	peaks	occurring	under	conditions	of
higher	aeration	flow-rate	(more	intense

stripping)

• Equalization	of	the	influent	flow-rate

Townsend-Small	et
al.	(2011) MLE

• Isotopic	composition	of
N2O

• Both	nitrification	&	denitrification	contributing
to	the	N2O	emissions	within	the	same	WWTP

• BNR	significantly	increasing	urban	N2O
emissions

• Apply	engineering	processes	for	the
selection	of	bacteria	capable	of	reducing

NO3−	without	releasing	significant	N2O

amounts

Castellano-Hinojosa
et	al.	(2018)

Two	sequential	bioreactors	(anoxic
and	oxic)

• Simultaneously	link	the
abundance	of	AOB,	AOA	&

N2O-reducers	with	the

changes	of	the

operational/environmental

variables

• N2O	emissions	strongly	correlated	with
increased	abundances	of	AOB	&	lower	counts	of

N2O-reducers

• Unlikely	significant	contribution	of	AOA	to	N2O
generation	since	their	abundance	correlated

negatively	to	N2O	emissions

• AOB	abundance	favoured	by	higher	NO3−	&
NO2−concentrations	in	the	AS

• Avoid	NO2−	accumulation,	low
temperatures	&	excess	DO	in	the	anoxic

bioreactors	to	enable	complete

heterotrophic	denitrification	&	hinder

nitrifier	denitrification

Sun	et	al.	(2017a,b) Biological	tank	with	an	anoxic	&	an
oxic	zone	A/O

• Construction	&
performance	evaluation	of

BP-ANN	model

• DO	having	a	significant	influence	on	the	N2O
production

• BP-ANN	model	suitable	for	the	prediction	of
N2O	emissions	in	other	WWTPs	with	different

configurations	(e.g.	A2/O,	SBR	&	nitrification-

anammox),	if	influent/environmental	parameters

• Apply	proper	control	of	DO	during	both
nitrification	&	denitrification

• Apply	the	BP-ANN	model	as	a	convenient
&	effective	method	for	the	prediction	of

N2O	emissions	in	an	A/O	WWTP



&	N2O	emission	data	can	be	investigated

through	full-,	pilot-	or	lab-scale	experiments

Blomberg	et	al.
(2018)	based	on
Kosonen	et	al.
(2016)

A/O	bioreactor
• Mechanistic	model
development

• Model	describing	the	full-scale	underground
WWTP	of	Viikinmäki

• AOB	pathways:	only	NH2OH	oxidation	included
due	to	the	dynamic	&	relatively	high	DO

concentrations	(1.5–3.8 mg L−1)	in	the	aerated
zones	&	the	low	NO2−	concentrations	(0.1	&

0.7 mg L−1)

• N2O	production	mainly	in	the	aerated	zones,
minor	N2O	consumption	&	minor	stripping

effect	in	the	anoxic	zones

• Applied	stripping	model:	EF	overestimation

• Improve	the	stripping	modelling
approach

• Consider	the	nitrifier	denitrification
contribution	in	future	model	versions

Chen	et	al.	(2016) CAS

• Fugacity	model

• Lab-scale	in	situ
experiments

• Compared	to	other	parameters	(e.g.	sludge
concentration/retention	time),	the	adjustment	of

the	aeration	rate	effectively	mitigated	the	GHG

emission	in	the	AS	without	significantly

affecting	the	treated	water	quality

• N2O	as	main	contributor	to	the	total	GHG
emission	(i.e.	57–91%	of	total	GHG	emission)

• Lowering	the	aeration	rate	in	the	AS	by	75%
enabled	decreasing	the	mass	flux	of	N2O	by	up

to	53%

• Most	important	benefit	of	changing	the	aeration
rate:	lower	energy	consumption	during	the

WWTP	operation	(fractional	contribution	of

pumping	to	the	total	emission	from	the

WWTP = 46–93%	within	the	range	of	the
aeration	rate	tested)

• Reduce	the	aeration	rate

• Add	an	anoxic	zone	&	recirculation	to	a
non-BNR	system	for	nitrification;



Ribeiro	et	al.,	2017 Extended	aeration	CAS
• Different	aeration	rates
tested

• Nitrification	as	the	main	driving	force	behind
N2O	emission	peaks

• Air	flow-rate	variations	possibly	influencing	the
N2O	emissions;	high	N2O	emissions	under

conditions	of	over-aeration	or	incomplete

nitrification	along	with	NO2−	accumulation

otherwise,	high	N2O	emissions	expected	in

case	of	increased	DO

• Control	the	DO;	dynamic	changes	in	DO
concentrations	reported	as	being

responsible	for	N2O	emission	peaks	in

SND	BNR	systems

• Control	the	TN	(denitrification)

• Avoid	the	concurrence	of	decreased	DO	&
NO2−	accumulation

Several	studies	have	modified	the	aeration	intensity,	DO	and	cycle	duration	to	investigate	the	effect	on	N2O	emissions	within	full-scale	systems	(Castro-Barros	et	al.,	2015;	Kampschreur	et	al.,	2009a;	Mampaey	et	al.,	2016;	Rodriguez-

Caballero	et	al.,	2015).	For	 instance,	Mampaey	et	al.	 (2016)	achieved	a	reduction	 in	 the	N2O	emissions	by	56%	when	the	cycles	 in	a	one-stage	granular	SHARON	reactor	were	shortened	by	1 h.	Rodriguez-Caballero	 et	 al.	 (2015)	tested

different	operational	conditions	in	a	full-scale	SBR.	They	have	suggested	an	optimum	control	strategy	for	the	minimizationminimisation	of	N2O	emissions	based	on	the	application	of	short	aerobic-anoxic	cycles	(20-min	aerobic	phase	and

short	duration	of	anoxic	stage).	Therefore,	testing	different	operational	modes	is	regarded	as	one	of	the	most	effective	ways	to	identify	measures	for	the	emission	mitigation	(Table	2).

Ni	et	al.	(2015)	developed	a	mechanistic	model	utilizingutilising	the	data	from	a	two-step	PF	reactor	(Pan	et	al.,	2016)	showing	that	the	biomass	specific	N-loading	rate	was	responsible	for	the	elevated	N2O	emissions	observed	in

the	2nd	 step	of	 the	process.	Different	operational	 conditions	were	 tested	with	 the	model	demonstrating	 that	 lower	N2O	emissions	 (<1%	of	 the	N-load)	 can	be	achieved	 if	 30%	of	 the	 total	 return	activated	 sludge	 (RAS)	 stream	 is

recirculated	 to	 the	2nd	 step	of	 the	PF	 reactor	 (Table	2).	However,	 it	 is	 unknown	whether	 the	 suggested	mitigation	 strategy	was	actually	demonstrated	 in	 the	 system.	Ahn	et	 al.	 (2010b)	 identified	dependencies	between	 the	WWTP

operating	conditions	and	the	N2O	emissions	via	multiple	linear	regression.	According	to	their	findings,	intermittent	aeration	or	over-aeration	must	be	avoided	in	aerobic	reactors.	Castellano-Hinojosa	et	al.	(2018)	linked	the	population	of

AOB,	AOA	and	N2O-reducers	with	the	changes	 in	the	operational	and	environmental	variables	 in	 four4	conventional	AS	systems	with	pre-denitrification	zones.	They	observed	that	N2O	emissions	mainly	occurred	due	to	 incomplete

denitrification,	thus	underlining	the	importance	of	ensuring	the	completion	of	the	process	for	the	emissions	mitigation.	Overall,	the	main	techniques	for	mitigating	the	N2O	emissions	in	wastewater	treatment	processes	include:	i)	the

application	of	the	optimal	aeration	intensity	and	DO	concentration,	ii)	preventing	NH4+	concentration	peaks	(e.g.	via	equalizationequalisation	tanks),	iii)	the	avoidance	of	NO2−	accumulation	through	proper	control,	and	iv)	the	supply	of

additional	carbon	source	(when	required)	to	ensure	complete	denitrification	in	the	anoxic	reactors	(Table	2).

However,	studies	applying	and	evaluating	mitigation	measures	for	long-term	applications	are	still	missing.	Additionally,	there	is	a	gap	between	the	data	coming	from	the	monitoring	campaigns	and	their	processing	in	order	to

establish	a	mitigation	strategy.	Moreover,	several	monitoring	campaigns	do	not	conclude	on	the	development	of	mitigation	strategies	(Filali	et	al.,	2013;	Stenström	et	al.,	2014;	Yan	et	al.,	2014).	The	long-term	implementation	and	evaluation

of	the	proposed	mitigation	strategies	is	still	an	issue.	Therefore,	the	establishment	of	standardizedstandardised	methodological	approaches	for	the	identification	of	N2O	mitigation	strategies	is	required.

5.2	N2O	mitigation	strategies:	progress	and	limitations
As	shown	in	section	5.1,	statistical	and/or	mechanistic	modelling	as	well	as	observatory	analysis	of	the	N2O	emissions’	behaviour	have	been	commonly	used	either	as	standalone	or	in	combined	analyses	for	the	development	of

mitigation	strategies.	However,	the	suggested	mitigation	schemes	have	not	yet	reached	commercial	applications	at	full-scale	wastewater	treatment	processes.	There	is	a	gap	between	the	identification	of	appropriate	N2O	mitigation

measures	 and	 their	 integration	 into	 the	 control	 of	WWTPs.	 Future	 studies	 shall	 focus	 on	 the	 development,	 implementation	 and	 integration	 of	 the	mitigation	 strategies	 into	 the	 existing	 control	 strategy	 of	wastewater	 treatment

processes.	 Special	 attention	 must	 be	 paid	 to	 trade-offs	 between	 GHG	 emissions,	 energy	 consumption,	 system	 performance	 and	 compliance	 with	 the	 legislative	 requirements	 in	 order	 to	 support	 evidence-based	 multi-objective

optimizationoptimisation	of	the	WWTPs	operation.

The	 investigation	 of	 direct	 GHG	 emissions	 at	 full-scale	wastewater	 systems	 is	 important	 for	 the	minimizationminimisation	 of	 the	 environmental	 footprint	 of	WWTPs	 and	 the	 integration	 of	 the	 sustainability	 dimension	 into

wastewater	treatment	process	control.

5.3	Integrating	the	N2O	emission	monitoring	into	the	WWTP	operation



Multivariable	and	multi-objective	approaches	have	been	proposed	for	the	optimizationoptimisation	of	the	WWTPs	performance	to	enable	the	correlation	of	energy	consumption	or	operational	costs	with	system	performance	(Qiao

and	Zhang,	2018;	Zhang	et	al.,	2014).	Sweetapple	et	al.	(2014)	used	a	modified	version	of	the	benchmark	simulation	model	2	(BSM2)	(Jeppsson	et	al.,	2006)	to	identify	control	strategies	for	the	simultaneous	minimizationminimisation	of	GHG

emissions,	 operational	 costs	and	pollutant	 loads.	The	BSM2	models	have	also	been	combined	with	LCA	 to	evaluate	 the	 sustainability	of	different	operating	 strategies	 (Flores-Alsina	et	 al.,	 2010;	Arnell	 et	 al.,	 2017).	However,	 studies

utilizingutilising	long-term	real-field	WWTP	data	are	still	scarce.

Fig.	7	summarizessummarises	the	research	priorities	in	terms	of	real-field	N2O	monitoring	campaigns	that	can	act	as	foundation	for	the	integration	of	N2O	emissions	into	WWTP	monitoring	and	control.	Long-term	monitoring

campaigns	that	capture	the	seasonal	variability,	studies	on	the	uncertainties	of	the	sampling	strategies	and	reporting	of	operational,	environmental	and	sampling	data	can	ensure	the	robustness	and	comparability	of	the	monitoring

results.	 The	 development	 of	methodological	 approaches	 for	 the	 translation	 of	WWTP	 data	 into	 information	 can	 facilitate	 the	 understanding	 of	 the	N2O	emission	 behaviour	 and	 relationship	 with	 different	 operational	 conditions.

Combination	of	mechanistic	models	and/or	data	mining	techniques	with	methods	for	the	N2O	quantification	can	validate	the	models	and	provide	 insights	 into	the	dominant	pathways	under	changing	operational	conditions.	Finally,

research	studies	implementing	and	translating	the	N2O	mitigation	measures	into	control	strategies	are	essential.

6	Conclusions
A	number	of	full-scale	N2O	monitoring	campaigns	in	WWTP	were	studied.	The	processes	were	classified	so	that	the	ranges	of	N2O	emission	factorsEFs,	dominant	N2O	pathways	and	triggering	operational	conditions,	and	the

mitigation	measures	for	different	process	groups	could	be	set.	The	key	conclusions	of	the	current	review	are:

• There	is	a	wide	range	of	EFs	within	similar	groups	of	wastewater	treatment	processes.	The	emission	factor	ranges	between	2%	and	5.6%	of	the	influent	N-load	in	mainstream	SBR,	while	OD	reactor	types,	exhibit	have	a	low	EF,	∼0.14%	of	the	N-

load.	Long-term	continuous	or	discontinuous	monitoring	campaigns	are	characterised	by	higher	EFs	compared	to	short-term	campaigns.	The	studies	investigating	the	seasonal	behaviour	of	N2O	emissions,	have	an	average	EF	equal	to	1.7%	of

the	N-load,	whereas	monitoring	campaigns	lasting	less	than	a	month	have	an	average	EF	equal	toof	0.7%.	Long-term	campaigns	show	a	high	variability	ofin	the	N2O	emissions.	There	is	no	specific	EF	correlation	with	the	NH4+	removal	in	the

mainstream	processes	or	in	specific	groups	of	processes.	Most	of	the	processes	in	smaller	WWTPs	(i.e.	flow-rate<200,000 m3 d−1)	had	EFs	less	than	0.5%	of	the	N-load,	independently	of	the	process	type	and	nitrification	efficiency.	This	study

concluded	that	efficient	operational	strategies	can	mitigate	the	generated	N2O	for	different	configurations	and	groups	of	processes.

• It	is	difficult	to	compare	the	results	of	the	N2O	monitoring	campaigns	because	of:	i)	the	differences	in	the	duration	of	the	monitoring	campaigns	(e.g.	short-term	campaigns	ignoring	seasonal	variations),	ii)	the	uncertainty	in	the	gaseous	sampling

methods	and	analytical	measurements,	and	iii)	the	insufficient	reporting	regarding	the	reactor	control	strategy,	operational	and	environmental	conditions,	etc.

• Simple	feature	extraction	and	graphical	representations	of	selected	process	variables	and	N2O	emissions	are	employed	to	explain	the	N2O	triggering	mechanisms.	Given	that	a	combination	of	several	parameters	affects	the	N2O	 generation,

multivariate	statistical	analysis	techniques	can	be	a	useful	alternative	for	analyzinganalysing	data	and	understanding	the	N2O	emission	behaviour.	The	combined	application	of	mechanistic	models	and	statistical	techniques	can	lead	to	better

Fig.	7	Monitoring	N2O	emissions	in	full-scale	wastewater	treatment	systems	-	research	priorities.

alt-text:	Fig.	7



design	of	mitigation	strategies.

• Isotopic	and	molecular	biology	analyses	are	emerging	 techniques	 that	can	qualitatively	and	quantitatively	assess	 the	N2O	generation	pathways.	Data	mining	methods	can	be	deployed	 to	 identify	patterns	of	operational	conditions	and	N2O

emissions.	This	can	be	complemented	with	techniques	for	the	determination	of	the	N2O	production	pathways.

• Studies	testing	and	validating	the	long-term	full-scale	N2O	mitigation	measures	are	still	missing.

• Future	research	should	focus	on:	i)	long-term	N2O	monitoring	campaigns,	 ii)	the	uncertainties	of	different	sampling	protocols,	 iii)	the	application	of	data	mining	approaches,	machine	learning	and	mechanistic	models	for	the	development	of

effective	and	adaptive	models	tothat	will	be	integrated	into	WWTP	operation	and	control,	and	iv)	the	development,	implementation	and	integration	of	the	mitigation	strategies	into	the	existing	control	strategies	of	WWTPs.
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• N2O	emissions	benchmarking	in	wastewater	is	hindered	by	non-standard	reporting.

• Structured	methodological	approaches	for	N2O	data	analysis	are	still	missing.

• Mechanistic	models	must	be	calibrated	with	long-term	full-scale	data.

• Isotopic	analyses	should	be	coupled	with	mechanistic/data-driven	models.

• Studies	validating	N2O	mitigation	measures	are	still	missing.
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