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1 Executive	summary	(UNIBO)	

1.1 General	

FLEXMETER	project	has	the	aim	to	develop	and	to	install	a	flexible	smart	metering	architecture	for	multiple	
energy	vectors.	One	of	the	key	feature	of	the	new	generation	of	metering	systems	is	to	provide	additional	
runtime	services	about	the	quality	of	the	electrical	systems	and	its	usage.		

In	particular	advanced	signal	processing	 techniques	on	 the	 live	data	collected	by	 the	meter,	will	 improve	
the	set	of	 information	about	 the	quality	and	 reliability	of	 the	electrical	 lines,	and	about	 the	usage	of	 the	
energy	in	any	residential	buildings.		

One	 of	 the	 most	 interesting	 techniques	 nowadays	 is	 the	 capability	 to	 measure	 and	 to	 detect	 the	
consumption	 of	 each	 single	 appliance	 used	 in	 the	 buildings,	 using	 only	 one	 point	 for	 the	 aggregated	
measurement,	namely	the	meter.		

Such	a	 technique	 is	 called	Non	 Intrusive	 (Appliance)	 Load	Monitoring	 (NILM	or	NIALM).	NILM	algorithms	
implemented	 in	 FLEXMETER	 project,	will	 be	 discussed	 in	 this	 document.	 They	 are	 capable	 to	 detect	 the	
numbers	and	the	type	of	the	loads,	using	algorithms	that	can	execute	on	the	cloud	services,	or	even	on	the	
single	meter.		

Moreover,	additional	and	advanced	signal	processing	schemes,	such	as	energy,	power	factor,	voltage,	and	
load	predictions	will	be	described.		

1.2 Deliverable	structure	

The	Deliverable	consists	in	Sections.	Section	2	provides	basic	concepts	and	an	overview	of	the	state	of	the	
art.	While	the	acquisition	setup	and	preliminary	data	analysis	are	provided	in	Section	3,	Section	4	provides	
the	description	about	the	NILM	method	using	a	non	negative	matrix	factorization,	used	by	UNIBO.		

The	method	used	and	proposed	by	IREN	is	described	in	Section	5,	while	other	signal	processing	algorithms	
necessary	in	FLEXMETER	project	are	discussed	in	Section	6,	before	the	Conclusion	of	the	Deliverable.	

	

2 State	of	the	art	and	Basic	concepts	(UNIBO)	

In	 the	 last	 two	decades,	 Load	Monitoring	 has	 been	 an	 active	 research	 area,	 studied	by	 researchers	who	
investigated	 algorithms	 that	 try	 to	 discern	 what	 electrical	 loads	 (i.e.,	 appliances)	 are	 running	 within	 a	
physical	area	when	power	is	supplied	from	one	main	point.	

The	 first	 studies	on	NILM	were	 conducted	by	George	Hart	 [1]	 in	 the	 late	80's	during	his	 research	at	MIT	
conducted	for	 the	Electric	Power	Research	 Institute	 (EPRI).	His	work	 focused	on	distinguishing	appliances	
based	on	the	changes	in	their	steady-state	real	and	reactive	power	consumption	levels.	We	refer	to	NILM	
algorithms	that	follow	this	general	scheme	as	event-based	methods.	

Starting	 from	 Hart's	 work,	 other	 researchers	 began	 to	 develop	 alternative	 algorithms	 with	 different	
approaches	 to	 the	 problem.	 In	 [2]	 a	 system	 that	 disaggregates	 appliances	 based	 on	 their	 transient	
characteristics	 is	 proposed;	 and	 in	 [3]	 a	 hybrid	 system	 using	 both	 the	 steady-state	 and	 transient	
characteristics	is	developed.	
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Event-Based	 algorithm	 tries	 to	 identify	 On/Off	 transitions,	 whereas	 non-event-base	 algorithm	 tries	 to	
identify	if	an	appliance	is	On	during	the	whole	sampled	duration.	The	two	methods	are	proposed	in	Figure	1	
and	Figure	2.		

	

	
Figure 1 - Event-based NILM algorithm 

	
Figure 2 - Non-Event-Based NILM algorithm 

Apart	 from	 the	 standard	 power-based	 approaches	 described	 above,	 some	 researchers	 have	 sought	 to	
disaggregate	appliances	based	on	the	spectrum	of	electrical	noise	on	the	voltage	signal	[4]	and	also	model-
based	methods	has	started	to	appear.	The	first	work	that	uses	a	model-based	approach	is	presented	by	Kim	
et	al.	in	[5],	where	an	Hidden	Markov	Model	(HMM)	is	implemented.	

2.1 Basic	concepts	

Non-Intrusive	Load	Monitoring	gives	important	feedback	for	both	the	residential	consumer	and	the	electric	
utility.	Recent	studies	[6]	has	demonstrated	that	the	maximum	energy	saving	can	be	achieved	using	direct	
feedback	 mechanisms	 (i.e.,	 real-time	 appliance	 level	 consumption	 information)	 as	 opposed	 to	 indirect	
feedback	mechanisms	(i.e.,	monthly	bills,	weekly	advice	on	energy	usage).	

This	 problem	 can	 be	 formulated	 as	 follows:	 given	 the	 aggregated	 power	 consumption	 of	 the	 active	
appliances	as	P(t),	as	shown	in	the	following	equation,	P(t)	can	be	mathematically	defined	as:	

𝑃 𝑡 = 𝑝! 𝑡 + 𝑝! 𝑡 +⋯+ 𝑝! 𝑡 + 𝑒 𝑡 					(1)	

where	 pi	 is	 the	 power	 consumption	 of	 an	 individual	 appliance	 contributing	 to	 the	 aggregated	
measurement,	m	is	the	total	number	of	active	appliances	within	the	period	t	and	e(t)	is	the	residual	error,	
the	goal	of	 the	NILM	 is	 to	perform	decomposition	of	P(t)	 signal	 to	achieve	appliance-level	power	signals.	
Electrical	 loads	 usually	 exhibit	 a	 unique	 energy	 consumption	 pattern,	 often	 referred	 as	 "appliance	
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signatures",	 that	 enables	 the	 disaggregation	 algorithms	 to	 recognize	 appliance	 operations	 from	 the	
aggregated	load	measurements.	

	

	
Figure 3 - Aggregated power consumption 

	

The	 NILM	 process,	 basically	 involves	 three	 stages:	Data	 Acquisition,	 Features	 Extraction	 and	 Appliance	
Classification	[7][8].	The	stages	mostly	depend	on	the	type	and	signature	of	appliances	to	be	disaggregated	
and	the	inference/classification	algorithm.	Figure	4	shows	the	stages	of	NILM	process.	

	

	
Figure 4 - General work-flow of NILM approach 

2.1.1 Data	acquisition	

The	data	acquisition	is	the	process	of	acquiring	the	aggregated	load	consumption,	sampled	at	appropriate	
rate	 for	 the	 purpose	 of	 appliance	 recognition.	 The	 sampling	 rate	 of	 the	 data	 depends	 on	 the	 appliance	
features	 that	 we	 want	 to	 extract	 (i.e.,	 Traditional,	 Non-Traditional	 or	 steady	 state	 features)	 and	 on	 the	
NILM	 algorithm	 approach	 (i.e.,	 event	 or	 non-event	 based	 disaggregation).	 In	 some	 NILM	 systems	 the	
transient	features	of	the	 load	or	noise	generated	by	the	appliances	may	be	required	and	 in	that	case	the	
sampling	rate	should	be	very	high	in	order	to	acquire	accurate	measurement	[8].	On	the	other	hand,	if	we	
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are	just	interested	in	power	metrics	like,	real	power,	reactive	power	and	apparent	power,	the	data	can	be	
captured	at	low	sampling	rates.	

2.1.2 Features	extraction	

After	 data	 acquisition,	 the	 next	 step	 is	 to	 process	 the	 raw	 data	 (i.e.,	 voltage	 and	 current	waveforms)	 in	
order	 to	compute	 the	 feature	extraction.	 In	 some	of	 the	NILM	systems,	 the	signature	extraction	 involves	
data	optimization	 [9]	 and	data	processing	 [10].	 The	 subsequent	 step	after	processing	 the	 raw	data,	 is	 to	
detect	events	such	as	appliance	state	transition	 (e.g.,	ON/OFF	transitions)	 from	the	collected	data.	These	
events	 can	 further	 be	 defined	 in	 terms	 of	 steady	 state	 or	 transient	 changes.	 The	 steady	 state	methods	
make	use	of	the	steady	state	load	signature	(e.g.,	change	in	steady	state	real	or	reactive	power)	to	identify	
whether	the	appliance	is	being	ON	or	OFF.	Whereas	transient	method	makes	use	of	the	transient	signature,	
like:	 shape,	 size,	 duration,	 and	 total	 transient	 energy,	 that	 uniquely	 define	 an	 appliance,	 to	 identify	 the	
loads.	Some	of	 these	 transient	 signatures,	 can	only	be	extracted	 if	 the	sampling	 rate	 is	higher	 than	1kHz	
[11].	In	the	literature,	several	event	detection	methods	have	been	proposed	[2][12][13].	

A	completely	different	approach	is	to	avoid	the	event	detection	step	either	by	making	use	of	raw	current	
and	voltage	reading	[14]	or	by	analysing	the	information	in	the	frequency	spectrum	in	order	to	detect	the	
presence	of	certain	appliances	while	they	are	ON	[15].	

2.1.3 Learning	and	evaluation	

The	extracted	 features	are	 than	used	by	 the	 load	 identification	algorithms	 in	order	 to	 identify	appliance-
specific	 states	 from	 the	 aggregated	 measurement.	 Most	 of	 the	 research	 works	 in	 NILM	 is	 focused	 on	
supervised	learning	methods	that	require	labeled	data	for	training	the	classifier.	These	methods	are	mostly	
either	optimization	or	pattern	recognition	based.	The	first	approach	tries	to	match	the	aggregated	power	
measurements	P(t)	to	a	combination	of	appliances	power	signals	that	are	already	present	in	the	database	
used	 for	 the	 training,	 by	 an	 error	minimization	 process.	 The	main	 drawback	 of	 this	 approach	 is	 that	we	
could	have	unknown	appliances	in	our	P(t)	signal,	making	the	optimization	process	more	difficult	since	the	
optimizer	attempts	to	provide	a	solution	based	only	on	the	combination	of	know	appliances	[16].	

In	 the	other	methods,	 (i.e.,	pattern	recognition),	 the	changes	of	appliance	state	are	matched	one-by-one	
with	 a	 pool	 of	 detected	 features	 already	 available	 in	 the	 appliance	 feature	 database.	 Different	 pattern	
recognition	techniques	have	been	used,	such	n-nearest	neighbor	[17][18],	neural	networks	[15]	and	Bayes	
classifier	[19].	These	methods	are	more	robust	against	unknown	appliances.	

Since	different	 features	can	be	used	with	different	methods,	a	direct	comparison	of	 the	performances	of	
the	 two	approach	based	on	 the	 literature	data	 is	 not	possible,	 due	 to	 the	ambiguity	 in	 the	performance	
measures	used.	What	has	been	shown	is	that	combining	different	algorithms	yields	almost	a	10%	accuracy	
improvement	 over	 any	 individual	 disaggregation	 algorithm	 [20].	We	 note,	 however,	 that	 false	 detection	
was	neither	reported	for	individual	algorithms	nor	for	their	combination.	

As	of	today,	the	major	obstacle	in	the	wide	adoption	of	NILM	solutions	is	the	need	of	training	data	for	the	
algorithms.	 To	 address	 this	 problem,	 unsupervised	 methods	 might	 eliminate	 the	 need	 of	 a-priori	
information.	This	leads	to	an	even	lower	grade	of	intrusiveness.	All	these	techniques	are	non-event	based.	
In	[21],	researchers	used	Gaussian	mixture	model,	Sequential	Expectation-maximization	and	adaptive	fine	
tuning	to	detect	unknown	states	of	the	loads.	
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2.2 Acquisition	module	

In	order	 to	profile	an	appliance,	aggregated	 load	measurement	at	an	adequate	rate	must	be	acquired	by	
the	data	acquisition	module.	On	the	market,	there	is	a	wide	variety	of	power	meters	designed	to	measure	
the	aggregated	power	consumption	of	a	building	and	they	can	be	divided	into	two	main	categories:	

	

				Low-Frequency	meters:	 The	 commercial	 solutions	 are	 usually	 of	 this	 type,	 with	 a	 variety	 of	 sampling	
frequencies	 ranging	 from	 the	 order	 of	 1Hz	 up	 to	 1kHz.	 The	 sampling	 rate	 of	 the	 data	 depends	 on	 the	
appliance	signature	 to	be	extracted,	as	 it	determines	 the	 type	of	 information	 that	can	be	extracted	 from	
the	electrical	signals.	For	example,	if	we	want	to	capture	higher	order	harmonics	of	the	signals,	which	are	
integral	 multiples	 of	 the	 fundamental	 frequency	 (i.e.,	 50Hz),	 the	 energy	 meter	 must	 fulfil	 the	 Nyquist-
Shannon	criteria.	On	the	other	hand,	if	we	are	just	interested	in	traditional	power	metrics	such	as	real	and	
reactive	power,	the	signal	can	be	sampled	at	a	low	rate.	

	

				High-Frequency	meters:	In	this	category	we	found	the	meters	capable	of	sampling	the	signal	within	the	
order	of	MHz,	in	order	to	capture	the	transient	events	or	the	electrical	noise	generated	by	changes	in	the	
appliances	state.	This	energy	meters	are	often	custom-built	and	tailored	to	the	type	of	features	that	needs	
to	be	extracted	from	the	electric	signal.		

All	the	acquired	data	are	then	processed	locally	inside	the	meter,	or	reported	to	a	server	

2.3 Appliance	types	

The	 signatures	 extracted	 are	 highly	 dependent	 on	 the	 appliance	 type	 in	 a	 system.	 Appliances	 can	 be	
categorized	base	on	their	operation	states	as	follows:	

1. Type	 I:	Appliances	with	only	two	states	of	operation,	ON	and	OFF	(e.g.,	Toaster	or	 incandescent	 light	
bulb).	

2. Type	II:	Multi-state	appliances	with	a	finite	number	of	operating	states,	also	referred	to	as	Finite	State	
Machines	 (FSM).	 Consumer	 appliances	 belonging	 to	 this	 category	 include	 washing	 machines,	
Dishwashers,	 fans	 and	 stove	 burners.	 The	 switching	 pattern	 of	 these	 appliances	 is	 also	 repeatable,	
which	makes	it	easier	for	the	disaggregation	algorithm	to	identify	their	operation.	

3. Type	 III:	 The	 continuously	 variable	 devices	 (CVD)	 which	 are	 characterized	 by	 variable	 power	 draw	
characteristics	 with	 no	 fixed	 number	 of	 states.	 It	 is	 very	 challenging	 for	 the	 NILM	 methods	 to	
disaggregate	 these	 type	 of	 appliance	 from	 the	 aggregated	 load	 measurements	 due	 to	 the	 no	
repeatability	in	their	power	draw.	

4. Type	IV:	Appliances	that	remain	active	throughout	weeks	or	days	consuming	energy	at	a	constant	rate	
and	 therefore	 referred	 to	 as	 "permanent	 consumer	 devices".	 Appliances	 such	 as	 hardwired	 smoke	
detector,	telephone	sets,	TV	receivers	are	among	the	devices	belonging	to	this	category.	

In	Figure	5	different	load	patterns	are	presented.	
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Figure 5 - Energy consumption pattern of different load type. 

2.4 Appliance	signature	for	load	disaggregation	

The	role	of	appliance	signatures,	that	are	uniquely	defined	by	the	extracted	features,	are	the	essence	in	the	
NILM	 and	 so	 deserver	 careful	 consideration.	 Different	 types	 of	 appliances	may	 be	 better	 identified	with	
different	features.	According	to	Hart	[1]:	“	Appliance	signature	can	be	defined	as	a	measurable	parameter	
of	the	total	load	that	gives	information	about	the	nature	or	operating	state	of	an	individual	appliance	in	the	
load.	“.	

Appliance	signature	can	be	mainly	classified	into	2	main	categories.	The	intrusive	signature,	which	require	
some	form	of	physical	or	electrical	intrusion,	and	so	are	less	desirable	and	the	non-intrusive	one,	which	can	
be	 measured	 by	 passively	 observing	 the	 normal	 operation	 of	 the	 load	 (e.g.,	 changes	 in	 the	 measured	
power).	Figure	6	presents	a	partial	taxonomy	of	signature	types.	

	

	
Figure 6 - Signature taxonomy. 
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2.4.1 Steady-State	Signatures	

The	methods	based	on	 steady	 state	 analysis,	make	use	of	 load	 signatures	when	 the	 load	 is	 in	 its	 steady	
state	operation.	The	real	(P)	and	reactive	(Q)	power	are	the	most	common	features	used,	as	in	[1].	Other	
features	can	be	Root	Mean	Square	current,	V-I	trajectory	and	steady	state	harmonics	generated	when	the	
appliance	is	steadily	in	operation	[22][23].	

The	real	power	is	the	amount	of	energy	consumed	by	an	appliance	during	its	operation.	If	the	load	is	purely	
resistive,	 then	 the	current	and	voltage	waveforms	will	 always	be	 in	phase	and	 there	will	be	non-reactive	
energy.	 This	 is	 very	 rare,	 as	 inductive	 and	 capacitive	 elements	 are	 always	 present,	 so	 there	 is	 always	 a	
phase	shift	between	current	and	voltage	waveforms.	

By	using	only	 real	power,	some	research	work	 [24][25]	have	pointed	out	 that	 the	method	can	accurately	
disaggregate	high	power	appliances	like	toaster	or	water	heater.	However,	this	method	leads	to	erroneous	
results	in	the	case	of	simultaneous	state	transitions	as	it	does	not	take	into	account	appliances	with	similar	
power	draw.	A	better	result	can	be	achieved	by	analysing	the	step	changes	also	 in	reactive	power.	While	
this	method	can	be	 fairly	good	 for	high	power	appliances,	 it	 is	 still	 challenging	 to	discern	appliances	 that	
exhibit	overlapping	in	the	P-Q	feature	space,	especially	for	low	power	loads,	as	reported	in	the	Figure	7	and	
Figure	8	[16].	

	
Figure 7 – example of signatures 

	
Figure 8 - P-Q diagram of appliance database 
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To	overcome	the	limitations	of	using	only	real	and	reactive	power,	H.	H.	Ming	[29]	has	also	used	Apparent	
power,	RMS	current	and	power	factor	as	a	set	of	signatures	for	identifying	some	lighting	loads.	The	power	
factor	 is	 simply	 the	 ratio	 between	 real	 and	 apparent	 power	 and	 it	 often	 varies	 from	 1	 to	 0.	 (i.e.,	 0	 for	
resistive	load).	

Another	 approach	was	 the	 one	 used	 by	 T.	 Hassan	 [27],	where	 V-I	 trajectory	was	 used	 to	 categorize	 the	
appliances	for	identification.	The	V-I	trajectory	is	the	mutual	locus	of	the	steady	state	instantaneous	voltage	
and	 current.	 The	 work	 in	 [28]	 classifies	 the	 V-I	 trajectory	 or	 appliances	 based	 on	 asymmetry,	 looping	
direction,	 area,	 curvature	of	mean	 line,	 self-intersection,	 slope	of	middle	 segment,	 area	of	 left	 and	 right	
segments	and	peak	of	middle	segment.	It	has	been	shown	that	V-I	based	approach	is	more	effective	than	
existing	approaches	based	on	power	measurements,	for	building	a	taxonomy	of	electrical	appliances	due	to	
their	distinct	V-I	curves.	Some	normalized	V-I	trajectory	as	presented	in	Hassan	[27]	are	in	Figure	9.	

	

	
Figure 9 - V-I Trajectory algorithm 

	

The	last	set	of	steady-state	features	used	are	the	harmonics	generated	when	the	appliance	is	in	operation.	
Using	Fast	Fourier	Transform	(FFT)	the	features	 in	the	frequency	domain	can	be	obtained.	This	method	is	
valid	 	 where	 there	 are	 non-linear	 loads,	 which	 causes	 reactive	 power	 consumption.	 The	 non-sinusoidal	
current	consumption	produces	odd	harmonics	in	the	system.	

This	can	be	clearly	be	seen	 in	Figure	7.	The	water	boiler	has	a	sinusoidal	current	consumption,	while	 the	
induction	 cooker	 has	 also	 higher	 order	 harmonics	 component.	 Feng	 et	 al	 [29]	 used	 the	 steady	 state	
harmonic	current	values	up	to	the	15th	order.	The	method	is	capable	of	tracing	the	energy	consumption	of	
different	combination	of	the	appliances,	though	it	will	need	the	support	of	other	methods	when	identifying	
linear	loads.	

The	Table	1	presents	a	summary	of	each	technics	described	above,	with	advantages	and	drawbacks.	
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Table 1 -  Steady-State methods 

Method	 Features	 Advantages	 Disadvantages	

Power	change	
Steady	State	Variation	
of	Real	and	Reactive	

Power	

High	power	appliance	
can	be	easily	

recognized,	low-
sampling	rate	
requirement	

Erroneous	results	in	the	
case	of	simultaneous	
state	transitions	and	
power	appliances	

overlap	in	P-Q	plane,	
Poor	performance	in	
recognizing	Type	II,	III	
and	IV	appliances	

V-I	trajectory	

V-I	trajectory	shape:	
asymmetry,	looping	
direction,	area,	

curvature	of	mean	line,	
self-intersection,	slope	
of	middle	segment,	area	

of	left	and	right	
segments	and	peak	of	

middle	segment		

Appliances	can	be	well	
categorized	by	their	
unique	V-I	curves		

Computationally	
intensive,	low	power	
load	has	no	distinctive	
pattern,	performances	
highly	related	to	the	

number	of	
simultaneously	

activated	appliances	

Frequency	domain	
characteristics	

Higher	order	Steady	
State	Harmonics	

Very	good	appliance	
classification	based	on	

their	complex	
impedance		

High	sampling	rate	
required,	higher	cost	
power	meter,	poor	

performances	with	Type	
III	appliances,	unable	to	
distinguish	between	
overlapping	activation	

events	
	

2.4.2 Transient	State	Signatures	

A	system	is	said	to	be	in	a	transient	state	when	a	process	variable	or	variables	changes	during	the	time	of	
analysis	 and	 the	 system	has	 not	 yet	 reached	 a	 steady	 state.	 This	 concept	 is	 at	 the	base	of	 the	 transient	
analysis.	It	has	been	found	[8]	that	the	transient	behaviour	of	most	electrical	appliances	is	distinct	and	less	
overlapping	 in	 comparison	 with	 steady	 state	 signatures,	 therefore	 suitable	 for	 load	 disaggregation.	 For	
example,	two	appliances	which	have	identical	power	consumption	may	have	a	very	different	transient	turn-
on	currents,	so	transient	analysis	could	provide	the	deciding	information	to	determine	which	of	the	two	is	
actually	present	in	the	load.	

The	work	 [30]	 has	 shown	 that	 the	 transient	 response	 time	 and	 the	 transient	 energy	 are	 better	 features	
than	 the	 steady-state	 features,	 through	 discrete	 wavelet	 transformation	 (DWT)	 and	 short-time	 Fourier	
transformation	(STFT);	however	the	study	has	considered	only	a	small	number	of	selective	appliances	with	
distinct	 turn-on	 characteristics,	 without	 evaluating	 the	 presence	 of	 unknown	 loads.	 Since	 the	 transient	
shape	might	 change	 depending	 on	which	 phase	 the	 voltage	 signal	 is	 currently	 at	 when	 the	 appliance	 is	
turned	on,	he	has	also	shown	that	transient	is	a	fairly	repeatable	feature,	with	a	variability	of	less	than	1%	
[31].	
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Promising	performance	has	also	be	obtained	by	Patel	et	al.	 [4][32],	while	studying	the	voltage	noise	 that	
each	 appliance	 emits	 back	 to	 the	main	 line.	 This	 is	mainly	 true	 for	 appliances	 characterized	 by	 a	 strong	
reactive	component	that	creates	electro-magnetic	interference.	The	research	reveals	that	on-off	transient	
noise	 signatures	 remain	 stable	 over	 time	 and	 can	 be	 used	 to	 identify	 unique	 sources	 of	 energy	
consumption.	 These	 noises	 are	 categorized	 into	 three	 types:	 on-off	 transient	 noise,	 steady	 state	 line	
voltage	noise	and	steady-state	continuous	noise.	

	

Table 2 -  Transient-State methods 

Transient	Method	 Features	 Advantages	 Disadvantages	

Transient	power	 Transient	response	time	
and	transient	energy	

Useful	for	appliances	
with	a	similar	power	

consumption	

High	and	continuous	
sampling	rate	required,	
not	suitable	for	Type	IV	

loads	

Start-Up	current	
transients	

Shape,	duration	and	size	
of	switching	transients,	
current	spikes,	response	

time	

Distinct	transient	
behaviour	in	different	

scenarios	

Unable	to	characterize	
Type	III	and	IV	loads,	
sensitive	to	external	

noises,	poor	
performances	in	the	

presence	of	
simultaneous	start-up		

High	frequency	voltage	
noises	 Noise	FFT	

Multi-state	devices,	
consumer	electronics	

with	SMPS		

Computationally	
expensive,	appliance	

specific	
	

	

Despite	 the	 amount	 of	 information	 that	 transient	 analysis	 offers	 concerning	 the	 appliances,	 various	
drawbacks	are	present.	The	main	problem	with	turn-on	transients	is	that	their	turn-off	counter	parts	may	
be	 very	 different.	 More	 over	 the	 analysis	 require	 a	 high	 sampling	 rate	 in	 order	 to	 capture	 accurate	
measurement	 as	 transient	 dies	 out	 within	 a	 very	 short	 time.	 This	 means	 that	 a	 separate,	 much	 more	
capable	device	must	be	installed	at	the	metering	point,	as	most	existing	smart	meters	are	designed	to	only	
provide	power	measures	at	up	to	a	rate	of	1Hz.	

	

Table	2	highlights	the	advantages	and	disadvantages	of	different	approaches.	

	

2.4.3 Non-traditional	Signatures	

A	 part	 from	 the	 traditional	 steady-state	 and	 transient	 features,	 there	 are	 other	methods	 that	 use	 non-
traditional	features	in	order	to	identify	the	appliances.	It	is	well	known	that	operational	states	of	appliances	
are	not	entirely	 independent	 in	nature.	For	example,	 it	 is	more	 likely	that	an	extractor	hood	 is	turned	on	
when	the	induction	stove	is	in	the	on-state.	

Non-traditional	features	refer	to	features	not	necessarily	extracted	from	the	measured	electrical	data.	Time	
of	the	day,	frequency	of	appliance	usage,	min	and	max	duration	distribution	and	the	correlation	between	
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the	usages	of	different	appliances	are	some	of	the	features	that	are	used	 in	[33][34]	 in	order	to	 increase	
accuracy	to	the	disaggregation	procedures.	

Another	example	is	the	work	reported	in	[35][36]	where	a	modified	version	of	Viterbi	algorithm	is	used	to	
take	into	account	history	state	information	and	estimate	the	most	likely	sequence	of	the	system	states.	

A	different	approach	to	non-traditional	analysis	is	the	one	used	by	Wang	et	al.	in	[37].	He	has	proposed	that	
the	power	consumption	of	residential	appliances	can	be	described	by	the	combination	of	two	basic	units,	
rectangles	 and	 triangles,	 neglecting	 the	 smaller	 fluctuation	 and	 errors.	 Mean-shift	 clustering	 method	 is	
used	to	quantify	the	proposed	units	that	define	the	working	style	of	different	categories	of	appliances.	

2.5 Event	and	non-event	based	methods	

Most	of	NILM	methods	can	be	categorized	as	either	event-based	or	non-event-based	methods.	Event	based	
disaggregation	methods	aim	to	detect	the	changes	in	the	consumption	when	an	appliance	changes	its	state	
(e.g.	a	microwave	switching	on).	This	is	usually	done	by	using	edge	detection	algorithm	on	the	aggregated	
consumption	 curve.	Changes	 in	 consecutive	 steady-state	power	 consumption	are	usually	 investigated	 for	
event	detection.	A	 typical	event-based	NILM	approach	can	generally	be	divided	 in	 four	processes:	power	
measurement,	 event	 detection,	 event	 classification,	 and	 energy	 estimation,	 as	 reported	 in	 the	 block	
diagram	presented	in	Figure	10.	The	detected	event	is	usually	not	enough	for	a	correct	load	disaggregation,	
due	 to	 the	 fact	 that	 two	 different	 appliances	 can	 have	 a	 similar	 power	 consumption.	 Event	 detection	 is	
usually	only	the	first	step	in	a	load	disaggregation	algorithm.	

	

	
Figure 10 - Event-based method general step diagram 

	

Several	 works	 have	 been	 done	 using	 event-based	 methods.	 A	 probabilistic	 way	 to	 detect	 edges	 using	
goodness-of-fit	test	to	compare	between	two	windows	of	samples	from	the	total	power	consumption	curve	
has	been	proposed	by	Jin	in	[38][43],	where	it	is	shown	that	the	method	performs	better	than	the	common	
generalized	 likelihood	 ratio	 [17].	 Another	 approach	 is	 the	 one	 presented	 by	 Anderson	 et	 al.	 [39],	 that	
discovered	 the	 importance	of	using	power	metric	 for	 selecting	 an	event	detection	algorithm.	A	different	
method	 is	 proposed	 in	 [22],	 method	 that	 uses	 Edge	 Symbol	 Detector	 (ESD)	 and	 transient	 detection	
approach	based	on	support	vector	machine	to	locate	the	loads	events	more	precisely.	

In	contrast	to	event-based	methods,	non-event-based	methods	does	not	rely	on	a	separate	edge	detection	
schemed	 before	 classification,	 instead	 it	 takes	 every	 sample	 of	 the	 aggregated	 power	 consumption	 for	
inference.	 The	 majority	 of	 non-event	 based	 disaggregation	 methods	 use	 temporal	 graphical	 models	 to	
represent	the	event	detection	and	disaggregation	problems.	An	example	is	the	research	work	presented	in	
[40],	where	an	addictive	factorial	Hidden	Markov	Model	(HMM)	is	used	for	that	purpose.	The	method	has	
achieved	 the	 goal	 of	 disaggregating	 virtually	 all	 the	 appliances	 in	 a	 home	 with	 un-supervision	 learning	
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techniques.	Another	good	result	is	achieved	by	Kelly	and	Knottenbelt	[41],	where	deep	learning	techniques	
are	used,	with	almost	no	prior	knowledge.	

A	short	comparison	between	the	two	methods	is	present	in	Table	3	as	conclusion	of	this	section.	

	

Table 3 -  Event-Based and Non-Event-Based methods comparison 

Method	 Advantages	 Disadvantages	

Event	Based	Methods	

Inference	is	done	only	
on	detected	events.	It	is	
more	computationally	

efficient.	

Misdetection	or	false	
detection	problems	

Non-Event	Based	
Methods		

Inference	is	done	on	
every	sample.	

	

Computationally	
expensive	

	
	

2.6 Learning	and	evaluation	

One	of	the	widely	recognized	difficulty	in	NILM	adoption	is	that	it	require	some	form	of	training	in	order	to	
report	to	the	user	on	the	actual	devices	in	the	home.	Both	event-base	and	non-event-base	methods	suffer	
of	 this	 problem.	 Systems	 that	 require	 significant	 user	 interaction	 are	 not	 practical	 for	 wide	 use,	 as	
consumers	desire	technology	that	can	be	installed	and	left	alone.	In	some	sense,	the	"Non-Intrusive"	aspect	
of	NILM	 should	 not	 refer	 only	 to	 the	 physical	method	 of	measuring	 data,	 but,	 in	 a	 successful	 system,	 it	
should	also	refer	to	how	much	user	interaction	it	requires.	

To	 address	 this	 problem,	 various	ways	 have	 been	 explored	 by	 researcher.	 There	 seems	 to	 be	 a	 growing	
consensus	that	a	semi-supervised	approach	is	a	reasonable	path	to	take.	 In	this	approach,	as	reported	by	
Jazizadeh	 [42],	 the	 user	 is	 only	 asked	 to	 provide	 labels	 after	 disaggregation	 has	 taken	 place	 so	 that	 the	
disaggregated	energy	can	be	 linked	to	particular	devices.	Other	works	 [43]	 tried	to	eliminate	the	training	
process	by	using	generalize	appliance	models	for	a	small	set	of	common	devices.	

Basically	the	learning	techniques	of	NILM	systems	can	be	broadly	classified	into	two	groups;	the	supervised	
and	 unsupervised	 learning	 methods.	 Each	 of	 these	 methods	 performs	 matching	 between	 the	 extracted	
features	and	features	stored	in	the	database	to	estimate	the	associated	appliances,	which	contribute	to	the	
aggregate	power	as	seen	from	the	metering	point.	

2.6.1 Supervised	learning	methods	

Supervised	 learning	 techniques	 require	 a	 data	 set	 for	 training	 the	 classifier	 in	 order	 to	 recognize	 the	
appliances	from	the	aggregated	data.	Based	on	literature,	these	methods	can	be	divided	into	optimization	
methods	 or	 pattern	 recognition	 methods.	 Optimization	 method	 compares	 the	 load	 signature	 with	 a	
database	and	tries	to	minimize	the	error	for	closet	possible	matching.	Whereas	the	pattern	recognition	use	
the	pattern	matching	of	the	appliances.	

Among	others,	some	researchers	[44][45]	used	Artificial	Neural	Network	(ANN),	while	some	[46][47]	used	
Support	vector	machine	(SVM)	and	others	[48]	used	k-nearest	neighbor	(kNN).	
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Optimization methods 
Optimization	methods	try	 to	match	the	aggregated	power	measurements	to	a	combination	of	appliances	
power	signals	that	are	already	present	in	the	database	by	minimizing	the	error	between	them	to	find	the	
closet	possible	match.	However,	the	optimization	problem	becomes	more	complex	in	case	unknown	loads	
are	 present	 in	 the	 aggregated	 power	 measurements.	 Researchers	 have	 tried	 different	 optimization	
approaches,	 including	 integer	 programming	 [49]	 and	 genetic	 algorithms	 [50]	 in	 order	 to	 face	 the	
optimization	problem.	The	two	main	drawbacks	of	optimization	s	are	being	computationally	expensive,	and	
the	 poor	 performance	 with	 similar	 or	 overlapping	 load	 signature	 or	 unknown	 loads,	 as	 it	 becomes	
challenging	to	reduce	the	error	function.	

	

Pattern recognition methods 
Pattern	 matching	 methods	 are	 the	 one	 most	 frequently	 implemented	 by	 the	 researchers	 for	 load	
disaggregation.	The	appliance	specific	 features	available	 in	 the	database	are	used	 to	define	 the	structure	
and	parameters	of	the	recognition	algorithm.	The	first	 implemented	method	is	the	one	proposed	by	Hart	
[1],	in	which	appliances	form	their	unique	clusters	in	the	P-Q	plane.	For	load	identification,	the	steady-state	
changes	of	the	electrical	signal	are	mapped	to	a	feature	space.	In	the	next	step,	clustering	analysis	based	on	
the	distance	metric	is	performed	to	identify	if	the	new	feature	vector	belongs	to	one	of	the	known	clusters.	
However,	this	simple	approach	shows	all	its	limitations	in	the	presence	of	appliances	with	overlapping	P-Q	
characteristics.	

In	[51]	the	author	makes	use	of	the	Bayesian	approach	to	detect	most	likely	states	of	the	appliances	using	P	
and	 state-change	 information.	 However,	 the	 assumption	 of	 independence	 between	 the	 states	 of	 the	
appliances	 is	 usually	 incorrect,	 as	 in	 the	 residential	 environment	 some	 consumer	 appliances	 are	 often	
correlated	(e.g.	set	top	boxes	and	a	television).	

Other	 interesting	 work	 is	 the	 one	 conducted	 in	 [11][52]	 that	 show	 that	 the	 temporal	 information	 in	
combination	with	real	power	values	can	facilitate	the	 load	disaggregation	algorithms.	Driven	by	this	 idea,	
researchers	 have	 started	 to	work	with	 Artificial	 Neural	 Network	 (ANN)	 [54]	 and	 Hidden	Markov	Models	
(HMM)	 [53],	 due	 to	 their	 ability	 to	 incorporate	 in	 their	 learning	 temporal	 as	 well	 as	 appliance	 state	
transition	information.	

On	the	other	hand,	using	harmonic	signatures	and	 low	frequency	features	 in	combination	with	a	Support	
Vector	Machine	(SVM),	have	shown	good	performances	as	reported	in	[55][15][52].	

As	the	performance	of	the	above	mentioned	classifiers	are	highly	dependent	on	the	feature	sets,	the	type	
and	 number	 of	 target	 appliances	 being	 used,	 Lian	 et	 al.	 [16][20]	 have	 started	 to	 develop	 a	 committee	
decision	mechanism	(CDM)	to	combine	different	algorithms	to	improve	the	overall	disaggregation	accuracy.	

2.6.2 Un-Supervised	learning	methods	

The	 training	 requirement	 of	 the	 supervised	 identification	 algorithm	 is	 expensive,	 time	 consuming	 and	
laborious.	 Consumers	 desire	 technology	 that	 can	 be	 installed	 and	 left	 alone,	 that	 automatically	 learn	
without	requiring	interaction	or	to	change	their	habits.	To	address	this	problem,	recently,	researchers	have	
started	 to	 use	 the	 unsupervised	 learning,	 which	 does	 not	 require	 the	 training	 phase	 and	 consequently	
reduces	the	intrusiveness	of	the	system.	

In	 [5]	 Kim	 et	 al.	 uses	 a	 variant	 of	 Factorial	 HMM	 (FHMM)	 to	 develop	 a	 probabilistic	model	 of	 appliance	
behaviour.	They	use	non-power	features	such	as	time	of	appliance	usage	and	duration,	along	with	their	real	
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power	consumption	to	model	the	device	specific	HMMs.	The	aggregated	load	data	(P)	at	any	point	in	time	
(t)	depends	on	the	power	drawn	by	the	appliances	operating	in	their	particular	states.	Therefore,	given	(P)	
the	task	is	to	find	the	best	possible	hidden	state	sequence	(q)	that	might	have	resulted	in	the	observation.	
The	 Model	 showed	 very	 good	 performance	 achieving	 an	 accuracy	 of	 83%.	 However,	 the	 performance	
decreases	as	the	number	of	appliances	increases;	moreover,	there	is	no	discussion	on	how	the	inclusion	of	
unknown	appliances	may	affect	the	model	performance.	

Another	approach	is	the	one	presented	in	[56],	where	a	Hierarchical	Dirichlet	Process	Hidden	Semi	Markov	
Model	(HDP-HSMM)	is	implemented.	The	HDP-HSMM	has	the	ability	to	incorporate	duration	distributions	
that	 allow	 it	 to	 learn	 from	 complex	 sequential	 data.	 This	 technique	 learns	 the	 device	 models	 during	
inference	 process,	 and	 it	 is	 not	 limited	 to	 the	 binary	 states	 of	 the	 appliances	 as	 presented	 in	 [5].	 This	
approach	provides	an	advantage	over	Expectation	Maximization	based	 learning	methods	as	 it	 is	not	only	
faster	but	also	provides	flexibility	in	learning	the	device	models.	

A	Motif	mining	approach	for	unsupervised	load	disaggregation	is	the	solution	recently	introduced	by	Shao	
in	[57].	He	has	proposed	to	use	power	change	events	in	contrast	to	power	consumption.	The	motif	mining	
approach	has	been	used	to	 identify	recurring	events	referred	to	as	episodes	that	are	basically	the	On/Off	
operation	of	the	devices.	Their	study	however	does	not	evaluate	the	performances	with	appliances	having	
variable	consumption	pattern	as	well	devices	with	similar	episodes.	

Closing	this	section,	we	address	the	study	made	in	[58].	Here	a	blind	source	separation	technique	has	been	
applied	 to	 discern	 appliances	 from	 the	 aggregated	 load	 data	 in	 an	 unsupervised	 fashion.	 The	Genetic	 K-
means	 and	 agglomerative	 clustering	 approaches	 have	 been	 used	 to	 automatically	 determine	 the	 total	
number	 of	 appliance	 clusters	 from	 the	 load	 data.	 Each	 cluster	 is	 the	 result	 of	 a	 linear	 combination	 of	
multiple	 appliances.	 Basically,	 the	 algorithm	 iteratively	 tries	 to	 minimize	 the	 distance	 between	 the	
unknown	 event	 and	 the	 possible	 clusters.	 The	 study	 has	 shown	 that	 the	 genetic	 k-means	 approach	 has	
performed	 better	 than	 the	 agglomerative	 based	 method.	 As	 highlighted	 by	 the	 author	 himself,	 the	
performance	of	the	system	rapidly	decreases	in	the	presence	of	small	appliances,	due	to	the	similarities	in	
the	 consumption	 level,	 and	 in	 the	 case	 of	 multi-state	 appliances,	 as	 they	 form	 several	 clusters	 due	 to	
multiple	states,	making	source	reconstruction	even	more	challenging.	
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3 Preliminary	analysis	and	acquisition	setup	(UNIBO)	

The	 Flexmeter	 Platform	 has	 two	 kind	 of	 NIALM	 algorithm,	 based	 on	 two	 different	 systems	 and	
infrastructure	approaches:	online	NIALM	uses	algorithms	and	computational	sources	 in	the	central	cloud,	
with	the	field	meters	only	providing	data	to	the	cloud;	onboard	NIALM	performs	disaggregation	directly	in	
the	meter	with	intelligent	in-situ	processing.	Pros	and	cons	of	the	two	solutions	will	be	investigated	during	
the	project.	
	
As	already	described	in	other	documents,	NIALM	techniques	need	to	learn	from	load	profiles,	used	for:	

• suggesting	changing	in	behavior	that	will	allow	savings;	
• input	for	the	demand	side	management	system	
• statistical	analyses	of	the	energy	consumptions	

	
The	main	steps	of	the	NIALM	scheme	are	described	in	the	figure	below:	
 

 

Figure 11 – NIALM process  

The	disaggregation	process	 is	based	on	pattern	recognition	techniques.	After	 the	periodicity	analysis,	 the	
same	approach	for	features	extraction	is	adopted.		

For	choosing	the	appliance	associated	with	the	analysed	event,	the	algorithm	adopts	a	maximal	probability	
approach,	 where	 the	 appliance	 that	 exhibit	 a	 behaviour	 similar	 to	 the	 one	 analysed	 in	 the	 aggregated	
power	consumption	is	chosen	to	be	the	one	that	has	changed	his	working	state.	During	the	process,	only	
appliances	 that	 have	 a	 probability	 to	 be	 the	 right	 one	 are	 considered.	 A	 threshold	 is	 set	 to	 detect	 the	
degree	 of	 confidence	 of	 the	 detection.	 In	 the	 case	 the	 event	 cannot	 be	 associated	 to	 an	 already	 known	
appliance	it	is	marked	as	"unknown".	
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3.1.1 Online	NIALM	

This	is	the	solution	adopted	in	the	Midori	project	1.	The	main	advantage	of	this	solution	is	the	availability	of	
the	raw	data	also	for	off-line	processing.	This	permits	to	execute	post-analysis	or	to	change	dynamically	the	
algorithm	with	updated	version	or	customised	version.	The	main	drawback	of	such	a	solution	 is	the	huge	
deluge	of	data	necessary	to	transfer	to	the	database	using	the	available	communication	infrastructure.	This	
scaling	 factor,	 including	 the	cost	of	a	dedicated	computation	 for	each	customer	on	the	cloud,	will	be	 the	
major	threat	to	address.	

3.1.2 Onboard	NIALM	

This	is	the	algorithm	used	by	UNIBO	smart	meters.	The	main	advantage	of	this	solutions	is	the	capability	to	
process	 the	 huge	 amount	 of	 information	 directly	 on	 board,	 such	 that	 the	 communication	 overhead	 is	
reduced	to	few	and	essential	information.	The	evolution	of	high-processing	embedded	CPU	are	fast	pacing	
towards	 ultra-low	 cost	 platforms,	 and	 all	 the	 proposed	 NILM	 	 algorithms	 can	 be	 easily	 implemented	
onboard,	with	 the	best	 trade	off	 in	 terms	of	energy	spent	 for	computation	 (measured	GFLOPs	per	watt).	
The	main	drawback	of	 such	a	 solution	 is	 that	 raw	data	are	not	 logged	permanently,	 but	 are	overwritten	
periodically	with	new	raw	data	to	analyse.	

3.2 Acquisition	setup	

The	schematic	view	of	the	proposed	smart	meter	is	shown	in	Figure	12,	and	it	consists	of	functional	blocks:	
the	current	sensors	clamped	around	the	power	cable	and	connected	to	the	analog	front-end	which	samples	
and	converts	the	data.	Acquisition	has	been	done	using	the	wireless	sensor	node	developed	in	FLEXMETER	
project.	 Single	 Loads	 and	 aggregated	 consumption	 profiles	 has	 been	 taken	 using	 a	 single	 power	 socket	
collector	 where	 all	 the	 appliances	 were	 connected.	 The	 current	 sensor	 was	 clamped	 before	 the	 power	
socket.	Experiments	are	realized	switching	sequentially	ON	and	OFF	appliances	using	several	combinations.	
The	set	of	appliances	are	residential	loads	such	as:	a	refrigerator,	a	micro	wave	oven,	a	classic	oven,	a	fan,	
laptops,	TV,	console	game,	lights,	hair	drier	and	toasters.	

	
Figure 12 - Schematic circuit of the current sensor 

                                                        
 

1 http://it.midorisrl.eu/ 
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The	 sampling	 frequency	was	5kHz	 for	 the	 first	 technique	 (CCFD),	 selected	 to	have	an	available	 spectrum	
band	for	the	signatures	of	2.5kHz.	Whereas,	for	NMF	techniques,	the	sampling	frequency	is	12800Hz,	with	
512	samples	every	period	of	the	acquired	signature.		

3.3 Cross-Correlation	into	Frequency	Domain	

The	 first	 technique,	 evaluated	 in	 this	 deliverable,	 is	 the	matching	 algorithm,	 for	 the	 identification	 of	 the	
device	 called	 Cross-Correlation	 into	 Frequency	Domain	 (CCFD).	 It	 has	 been	 implemented	 via	Matlab	 and	
then	ported	to	an	embedded	system. 

3.3.1 Fourier	transform	analysis	

The	first	consideration	is	about	the	analysis	of	the	current	absorption,	that	has	been	done	using	a	FFT	(Fast	
Fourier	Transform)	comparison.	The	signal	has	been	sampled	at	5kHz,	thus	the	available	spectrum	band	is	
from	0	to	2.5kHz,	due	to	Nyquist-Shannon	sampling	theorem.	Figure	13	shows	the	spectrum	comparison	of	
all	the	available	dataset.	Notice	that	we	can	detect	a	signature	for	some	devices	in	the	0-500Hz	band,	but	
no	signatures	is	isolated	in	the	higher	frequencies.	Notice	also	that	when	we	have	more	devices	connected	
there’s	 a	 high	masking	 effect	 in	 the	 lower	band	 (less	 than	500Hz)	 and	 the	detecting	of	 different	devices	
seems	impossible.		

	

	
Figure 13 - Spectrum comparison of different combination of active loads. 

(rf=refrigerator; mw=washing machine; sl=laptop; lit=light) 
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3.3.2 Spectral	Coherence	Matching	

The	spectral	coherence	is	a	statistic	that	can	be	used	to	examine	the	relation	between	two	signals	or	data	
sets.	Given	two	signals,	it	is	computed	as	the	ratio	between	the	cross-spectral	density	Gxy,	between	x	and	
y,	and	the	autospectral	density	Gxx,Gyy	of	x	and	y	respectively.		

𝐶!" =
!!"

!

!!!!!!
								(2)	

An	example	of	spectral	coherence	comparison	is	shown	in	Figure	14.	Experiments	executed	on	the	whole	
dataset,	displayed	in	Table	4	and	Table	5,	show	no	effective	matching,	both	with	or	without	thresholding	of	
the	 coherence.	 The	values	on	 the	 following	 tables	are	 the	averages	of	 the	 coherences	along	 the	2,5	 kHz	
band	with	a	0.7	thresholding	for	Table	4	and	without	thresholding	for	Table	5.	

	

	
Figure 14 - Data set spectral coherence comparison  

	
Table 4 - Data set average spectral coherence with 0.7 thresholding 
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Table 5 - Data set average spectral coherence without thresholding 

	
	

3.4 Cross-Correlation	and	RMS	matching	

3.4.1 Single	devices	

Using	 cross-correlation	 between	 the	 current	 absorption	 signals,	 in	 the	 time	 domain,	 and	 the	 relative	
difference	RMS	(Root	Mean	Square)	parameter	defined	as		

𝐷 = 1 − !"# ! !!"# !
!"# ! !!"# !

							(3)	

is	possible	to	identify	which	one	of	the	devices	is	connected	to	the	line.	The	only	exception	is	the	Washing	
Machine	 (referred	with	mw1	and	mw2	 in	 Table6)	 current	 that	 gives	 low	value	 if	 compared	 to	 itself:	 this	
could	be	due	to	a	different	working	state	of	the	device	or	simpler	an	error	in	the	measurement.	

The	Table	6	reports,	on	the	first	column,	the	windows	under	test,	and	on	the	first	row	the	template	of	all	
the	devices	 are	depicted.	 The	 values	on	 the	 table	 are	 the	weighted	averages	between	 the	parameter	D,	
defined	in	(2)	and	the	maximum	cross-correlations	between	the	windows	and	the	templates		

𝛼𝐷 + 𝛽𝐶 𝑤𝑖𝑡ℎ 𝛼 = 0.3,𝛽 = 0.7; 					(4)	
	

to	identify	the	device,	the	maximum	value	is	chosen.		

	

Table 6 - Matching likelihood of single device connections 
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3.4.2 Multiple	Devices	

Matching	of	multiple	devices	connected	to	the	same	wire	is	a	little	bit	harder,	because	often	the	value	of	
current	absorptions	of	the	sum	of	the	devices	is	not	the	sum	of	the	currents.	Anyway	with	the	hypothesis	of	
one	single	connection	at	a	time	seems	possible	to	detect	which	one	is	connected	with	a	modified	version	of	
the	single	devices	match	approach.		

We	defined	a	new	relative	difference	RMS	(Root	Mean	Square)	parameter,	while	keeping	memory	of	the	
RMS	of	the	devices	already	connected	Ej:		

𝐷 = 1 −
!"# !!!

!!! !!"# ! !!"# !

!"# !!!
!!! !!"# ! !!"# !

  							(5)	

where	 A	 is	 the	 template	 and	 B	 the	window	 under	 test.	 The	 cross-correlation	 is	 computed	 between	 the	
window	and	the	sum	of	the	signal	of	the	device	already	connected	and	the	templates:		

𝐶 = 𝑋𝐶𝑅𝑂𝑆𝑆 𝐸! + 𝐴,𝐵!
!!!    									(6)	

the	signals	of	the	templates	and	the	devices	connected	are	shifted	before	the	sum	to	have	the	higher	cross-
correlation	with	the	window	in	the	same	point.		

Values in  

Table 7 are the weighted averages, defined in equation (3), between the maximum cross-correlation and the 
D parameter.  

 

Table 7 - Matching likelihood of multiple device connections 
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Notice	that	the	detection	is	not	always	possible	due	to	some	masking	effect:	the	fan	(f)	device	for	example	
is	never	recognized,	and	the	slit	is	wrongly	detecting	in	a	lot	of	cases.		

Consideration  
The	CCFD	algorithm	gives	good	results	for	the	single	device	identification	and	in	wide	range	of	aggregated	
signatures;	however,	with	 the	strong	hypothesis	about	a	single	connection	at	 time.	The	system	has	been	
tested	on	a	24	elements	data	set;	but	working	on	a	real-time	system,	using	for	example	the	current	sensor	
connected	directly	to	the	BeagleBone	ADC,	needs	a	strong	development	in	terms	of	robustness.		

	

4 Non	negative	Matrix	Factorization	approach	for	NILM	(UNIBO)	

The	second	technique	has	been	studied	after	CCFD,	and	has	been	selected	since	it	is	easier	to	implement	on	
an	embedded	platform.	It	has	been	inspired	from	applications	of	Audio	Source	Separation,	where	the	NMF	
algorithm	has	been	developed	for	the	Singing	Voice	Extraction.	Since	the	objective	in	this	scenario,	is	quite	
similar	to	the	NILM	problem,	we	adapted	the	NMF	for	electrical	load	detection.	In	particular,	the	observed	
signal	 x(t),	 is	 computed	as	 the	sum	of	different	components	 through	a	 linear	combination,	and	 from	this	
signal	the	algorithm	estimates	the	source	inside.	NILM	version	needs	some	changes	because	the	goal	is	to	
identify	which	appliance	is	active,	and	not	only	the	computation	of	the	original	source.	

Non-negative	matrix	factorization	(NMF)	is	a	data	analysis	technique	derived	from	linear	algebra,	where	a	
non-negative	matrix	X	can	be	calculated	as	a	multiplication	of	two	non-negative	matrices	W	and	H.	Usually	
W	contains	a	set	of	basis,	or	components,	while	H	contains	the	set	of	gains	for	the	 linear	combination	of	
basis	such	that	X	≈	WH	[59].		

NMF	techniques	is	widely	used	in	data	analysis	field	since	it	does	not	require	any	early	information	on	the	
statistical	 distribution	 of	 the	 sources	 nor	 the	 mutual	 statistical	 independence	 of	 components,	 the	 only	
required	constraint	by	this	technique	is	X	≥	0,∀x	∈	X.	

4.1.1 Mathematical	Formulation	

Non-negative	 matrix	 factorization	 computes	 two	 matrices	 W	 ∈	 ℝF×J	 and	 H	 ∈	 ℝJ×T	 such	 that	 their	
multiplication	is	almost	equal	to	X	∈	ℝF×T,	providing	[X]f,t	≥	0	∀(f,t),		

𝑋 ≈𝑊𝐻 							(7)	

The	decomposition	proposed	by	Lee	and	Seung	[60]	 is	computed	minimizing	the	cost	function	between	X	
and	WH.		

𝑊,𝐻 = 𝑎𝑟𝑔 min !,! 𝐷 𝑋|𝑊𝐻 							(8)	

Being	(8)	an	optimization	problem,	there	are	different	algorithms	which	can	find	a	solution.	Lee	and	Seung	
propose	the	Multiplicative	Update	rules,	an	optimization	technique	with	a	good	trade-off	between	speed	
and	ease	of	implementation	[60].		

This	technique	defines	a	set	of	multiplicative	update	rules	such	that	the	cost	function	after	their	application	
will	have	a	lower	or	at	least	equal	value	than	before.	Applying	this	update	rules	iteratively	to	W	and	H	the	
cost	function	D(X|WH)	converges	to	the	solution.	
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The	NMF	algorithm	with	multiplicative	update	rules	can	be	described	as:		

1) Define	the	number	of	basis	J	to	extract		

2) Initialize	W	and	H	with	random	values	(e.g.	the	absolute	value	of	Gaussian	noise)		

3) Update	W	with	the	relative	multiplicative	update	rules		

4) Update	H	with	the	relative	multiplicative	update	rules		

5) If	the	values	does	not	converge	go	to	step	3	

6) In	the	following	sections	there	will	be	explained	some	cost	function	used	for	NMF	algorithm	in	the	
literature.		

Euclidean Distance 
The	minimization	of	the	Euclidean	distance	leads	the	best	maximum	likelihood	estimator	(MLE)	for	W	and	H	
in	case	of	additive	Gaussian	noise	[61].	The	Euclidean	distance	cost	function	is	defined	as		

𝐷!"# 𝑋|𝑊𝐻 = 𝑋 −𝑊𝐻 ! = 𝑋 −𝑊𝐻 !
!,! 								(9)	

which	is	lower	bounded	by	zero	and	reaches	this	value	when	X	=	WH.		

The	multiplicative	update	rules	defined	by	Lee	et	al.	[60]	are		

𝐻 ← 𝐻.× 𝑊!𝑋 ./ 𝑊!𝑊𝐻 											(10)	

	

𝑊 ←𝑊.× 𝑋𝐻! 𝑊𝐻𝐻! 											(11)	

	

4.1.2 Element	modeling	

Each	element,	in	the	set	of	possible	active	elements,	is	modeled	as	a	set	of	stable	states,	or	regimes,	and	a	
set	of	transitory	that	connect	different	regimes.		

	
Figure 15 - Model for a generic appliance 
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Figure	15	reports	one	example	of	element	modeling	for	a	generic	appliance	consisting	of	two	regimes	and	
two	transitory.	

This	technique	aims	to	compute	in	a	given	time	instant	into	which	regime	is	each	appliances.	Each	regime	j	
is	 modelled	 with	 a	 spectral	 footprint	 Sj(f),	 i.e.	 the	 frequency	 representation	 of	 a	 significant	 portion	 of	
current	signal	related	to	that	particular	appliance’s	regime.	This	spectral	footprint	is	called	feature.		

4.1.3 Signal	modeling	

The	current	signal	i(t)	can	be	decomposed	as	the	instantaneous	sum	of	N	different	components		

𝑖 𝑡 = 𝑠! 𝑡 + 𝑠! 𝑡 +⋯+ 𝑠! 𝑡 + 𝜀(𝑡)						 (12)	

where	 sj(t)	 represent	 one	 regime	 of	 an	 appliances	 active	 in	 the	 environment	 and	 ϵ(t)	 is	 the	 noise	 signal	
collecting	all	the	interference	and	unknown	signals.	Notice	that	N	<	J	since	not	all	regimes	can	be	active	at	
the	 same	 time.	 The	 processing	 phase	 is	 computed	 in	 the	 frequency	 domain,	 where	 the	 frequency	
representation	is	obtained	through	a	FFT	operation	leading	to		

𝐹 𝑖 𝑡 = 𝑠! 𝑡 + 𝑠! 𝑡 +⋯+ 𝑠! 𝑡 + 𝜀 𝑡 			 (13)	

Assume	to	have	the	spectral	footprint	of	the	whole	set	of	regimes.	If	the	feature	Sj(f)	can	be	assumed	to	be	
equal	to	the	current	component	Ŝ(f)	for	all	sources,	the	problem	is	straightforward	to	solve,	since	the	signal	

{i(t)}	will	be	a	binary	combination	of	all	Ŝ(f)	signatures.	

However	the	assumption	Ŝ(f)	=	S(f)	does	not	hold	since	the	current	signal	will	always	be	slightly	modified,	in	
different	 time	 interval	 due	 to	 the	 normal	 behavior	 of	 all	 appliances,	 therefore	 an	 algorithm	 like	 NMF	 is	
needed.		

NMF assumptions 
The	NMF	technique	needs	only	few	assumptions:		

1) the	matrix	to	decompose	must	be	non-negative		

2) the	mixture	must	be	the	instantaneous	linear	combination	of	the	components	that	are	going	to	be	
extracted	

Assumption	1)	 is	straightforward	to	ensure,	since	the	algorithm	works	with	the	STFT	of	the	input	signal	 is	
sufficient	to	define	the	matrix	X	as		

𝐗 𝜔, 𝑡 = 𝐹!"#" 𝑥(𝑡) 											(14)	

Assumption	 2)	 is	 can	 be	 proved	 to	 hold	 since	 this	 algorithm	 works	 with	 the	 current	 waveform	 as	 load	
signature,	and	the	current	is	additive.	
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4.1.4 Pre-processing	

N-point	 Fast	 Fourier	 Transform	 is	 applied	 to	 obtain	 the	 frequency	 representation	 of	 both	 regimes	 and	
current	 signal.	 Moreover	 since	 the	 algorithm	 works	 with	 the	 absolute	 value	 of	 the	 FFT	 signal,	 which	 is	
known	to	be	symmetric,	one	half	of	the	FFT	signal	can	be	discarded	since	it	is	redundant.		

During	the	algorithm	development	 it	has	been	observed	that	almost	all	 the	features	have	high	amplitude	
components	at	low	frequency,	while	at	higher	frequency	the	amplitude	is	similar	for	different	components.	
Moreover	 the	 low	 frequency	 components	 do	 not	 include	 any	 significant	 information	 for	 the	 algorithm,	
instead	higher	 frequency	 components	 are	much	more	 effective	 to	 be	 used	 in	 the	 algorithm.	Due	 to	 this	
consideration	 a	 Low	 Pass	 Filter	 is	 applied	 after	 the	 FFT	 computation,	 imposing	 to	 0	 all	 the	 frequency	
components	lower	than	400	Hz.	This	value	has	been	computed	empirically	from	the	simulations	results.		

	

4.1.5 Algorithm	description	

Assuming	to	have	the	signature,	or	feature,	for	all	loads	and	the	current	signal	in	the	frequency	domain,	the	
algorithm	behavior	is	summarized	as		

Step	1:	compute	the	non-negative	vector	X		

Step	2:	initialize	the	basis	matrix	W	with	the	set	of	features		

Step	3:	apply	the	NMF	technique	to	X		

Step	4:	decision	

	

The	 vector	 X	 is	 computed	 from	 the	 current	 signal	 i(t)	 applying	 the	 same	 pre-processing	 applied	 in	 the	
features	computation.		

4.1.6 Non	Negative	Matrix	Factorization	

The	core	of	this	technique	has	been	derived	from	a	NMF	algorithm	developed	for	other	applications.		

This	 algorithm	 has	 been	modified	 in	 the	 basis	matrix	 initialization	 and	 updating	 phase	 to	 suit	 the	 NILM	
problem.	 The	 NMF	 algorithm,	 as	 described	 in	 this	 deliverable	 computes	 iteratively	 the	 multiplicative	
updating	rules	both	on	W	and	H,	to	approximate	the	matrix	X.	In	this	contest	updating	the	basis	matrix	W	is	
meaningless,	 since	 it	 will	 already	 contains	 the	 best	 approximation	 of	 the	 basis	 in	 X,	 therefore	 the	 NMF	
algorithm	 is	 reduced	 at	 an	 initialization	 of	 the	 activation	 in	 time	 vector	 with	 random	 values	 and	 the	
application	of	the	Multiplicative	Update	rule	of	H	defined	in	(10)	for	a	given	number	of	iterations.		

4.1.7 Decision	

Once	 the	 NMF	 has	 estimated	 H	 there	 is	 the	 need	 to	 somehow	 define	when	 a	 features	 inside	 it	 can	 be	
considered	as	active	or	not.	The	decision	phase	is	divided	into	four	steps:		

Step	1:	Normalize	H		

Step	2:	If	there	are	more	features	related	to	the	same	elements,	keep	only	the	higher	one		
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Step	3:	Apply	a	median	filtering	on	the	last	k	estimations		

Step	4:	Apply	a	threshold	on	the	median	value.	

First	of	all	the	estimated	H	vector	is	normalized	with	respect	to	its	maximum	value.	The	resulting	Hnorm	will	
have	values	between	0	and	1.	

The	 second	 step	 compute	 only	 one	 possible	 regime	 for	 each	 appliance	 since	 is	 not	 possible	 to	 have	 an	
appliance	active	in	more	than	one	regime.	For	each	appliance	the	feature	to	be	considered	is	computed	as	
the	feature	with	the	highest	value	in	Hnorm.	

Step	 three	 takes	advantage	of	 the	history	of	 regimes	previous	estimation	 to	 filter	out	errors	 related	 to	a	
wrong	estimation.	Assuming	errors	to	be	sparse	in	time	is	possible	to	remove	such	outliers	by	means	of	a	
median	filtering	on	the	last	k	Hnorm		

The	 length	of	 the	median	 filter	 k	has	 to	be	 chosen	 to	have	a	possible	 set	of	 stable	measures	with	 some	
outliers	related	to	the	errors.	 In	this	paper	is	assumed	that	each	element	will	be	in	a	stable	state	not	less	
than	10240	samples	(about	1	seconds)	leading	to	a	median	filter	of	length	k	=	10.	

The	final	decision	is	taken	in	the	fourth	step	applying	a	simple	threshold	with	δth	=	0.5,	if	the	median	value	
computed	at	step	3	is	greater	than	the	threshold	the	relative	element	is	in	the	relative	state,	otherwise	no.	
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5 Appliance	models	

Here	are	reported	the	set	of	regimes	and	transitory	defining	the	model	of	each	appliances.	

	
Figure 16 - Light, Hairdryer, iron, toaster and oven Model 

The	OFF	 regime	of	 these	appliances	 is	not	modeled	since	 the	current	 signal	 is	0,	 therefore	 the	algorithm	
cannot	estimate	it.		

	

	
Figure 17 - Game Model 
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Figure 18 - Television Model 

 

 

 

	
Figure 19 - Refrigerator Model 
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6 NILM	by	Midori	(IREN	–	MIDORI)		

The	main	 idea	of	Midori	project	 is	to	tackle	the	energy	disaggregation	problem	by	focusing	on	a	 low	cost	
NILM	systems	and	by	utilizing	generic	appliance	specific	usage	patterns	and	features	that	can	be	applicable	
to	 any	 households.	 Unlike	 most	 of	 the	 previous	 works	 which	 concentrate	 their	 work	 on	 methods	 that	
require	a	lot	of	time	consuming	training	and	a	long	list	of	appliance	database	which	are	subjected	to	change	
from	 apartment	 to	 apartment	 or	 if	 a	 new	 device	 is	 added	 which	 is	 not	 in	 the	 list	 it	 will	 either	 need	
retraining	 or	 will	 create	 identification	 problem.	 Hence,	 the	 significance	 of	 this	 system	 is	 that	 it	 doesn’t	
require	training	and	the	whole	usage	pattern	(signature)	of	all	the	appliances	isn’t	required	instead	it	only	
need	few	as	well	as	unique	yet	general	transient	related	feature	parameters	from	each	appliance	category.	
It	can	be	useable	in	any	apartment	for	classifying	and	profiling	energy	consumption	of	each	appliance	from	
the	aggregate	power	consumption.	In	the	following	picture	an	overall	view	of	the	NILM	steps	is	depicted.	

	

 

Figure 20 – online NILM process 

 

6.1 Data	Acquisition	Unit	

The	model	consist	of	a	data	acquisition	hardware	for	whole	house	active	and	reactive	power	consumption	
data	 collection	 and	 a	 number	 of	 disaggregation	 algorithms	 that	 perform	 the	 energy	 profiling	 of	 the	
individual	appliance	from	the	aggregate	measurement.	The	role	of	the	data	acquisition	section	is	to	obtain	
aggregated	 load	 measurement	 at	 a	 sufficient	 rate	 so	 that	 unique	 appliance	 usage	 patterns	 can	 be	
identified.	

In	 the	 following	 pictures	 a	 first	 version	 of	 a	 data	 acquisition	 prototype	 is	 shown.	 The	 current	 sensor	 is	
designed	 to	 be	 connected	 to	 the	 main	 counter	 inside	 the	 user	 apartment.	 You	 can	 see	 a	 white	 box	
containing	the	acquisition,	data	processing	and	transmission	circuits.	In	the	first	figure	a	current	clamp	(see	
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the	 detail	 below)	 and	 a	 power	 supply	 plug	 are	 connected	 to	 the	 box	 in	 order	 to	 acquire,	 respectively,	
current	and	voltage.	Those	are	the	fundamental	data	we	need	to	evaluate	1Hz-sampled	active	and	reactive	
power	to	feed	Ned	algorithms.	In	the	current	prototype	data	are	transmitted	to	Midori	server	by	mean	of	
the	domestic	Wi-Fi	router.	

	

   

Figure 21 - Prototype used in the MIDORI project 

 

6.2 Midori	functional	blocks	

Midori	system	is	composed	by	functional	blocks	depicted	in	the	following	Figure.	

	

 

Figure 22 - online NILM functional blocks 

 

Data	coming	from	the	Data	Acquisition	Unit	are	sent	to	the	server	where	Midori	algorithm	is	hosted.	Here	
the	following	steps.	

• Transient	 detection	 and	 Event	 matching:	 changes	 in	 the	 power	 levels	 or	 state	 transitions	 are	
detected	later	identification	according	to	dynamic	or	static	thresholds.	This	is	the	fundamental	step	
for	the	event-based	approach	that	Midori	designed	in	the	NILM	algorithm	because	each	transient	
represents	the	activation	or	deactivation	(or	an	operative	state	changing)	of	an	electrical	event.	We	

Transient detection
and

Event matching

Feature extraction

Virtual	meters

Clustering Active	Learning User	Interface

Energy	Estimation
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define	 a	 transient	 as	 a	 significant	 positive	 or	 negative	 power	 change	 and	 an	 operation	 as	 a	
sequence	of	 events	belonging	 to	 same	device	operation.	An	operation	 can	be	made	by	only	one	
event	 (e.g.	 a	 typical	microwave	 operation	 or	 a	 fridge	 cycle)	 or	 by	multiple	 events	 (e.g.	 complex	
system	like	washing	machines	or	ovens).	After	listing	all	the	transients	and	sorting	them	according	
to	the	time	of	usage,	an	algorithm	of	Event	matching	is	aimed	to	pair	on-off	transients	of	the	same	
events	or	merge	together	all	the	transient	belonging	to	a	multistate	operation.	A	list	of	such	events,	
linked	to	their	time	of	usage	and	power	characteristics,	is	the	output	of	this	block.	

• Feature	extraction:	 in	this	stage,	once	the	Transient	detection	and	Event	matching	stage	 is	done,	
different	 features	 are	 extracted	 from	 the	 events	 looking	 at	 the	 active	 and	 reactive	 power	
components.	All	the	features	extracted	in	this	stage	are	related	only	to	the	electrical	behavior	and	
they	 refer	 both	 to	 transients	 and	 the	 steady	 states.	 Examples	 of	 feature	 are	 the	 transient	 peak	
power,	 average	 power	 absorption	 during	 steady	 states,	 growing	 up	 and	 decay	 speed	 during	
transients,	etc.	Those	features,	 if	correctly	matched	with	off-line	reference	values,	will	 trigger	the	
following	Virtual	meters	block	aimed	to	recognize	and	label	some	specific	devices	we	will	call	in	the	
following	Known	Devices	(KD).	Those	are:	dishwasher,	washing	machine,	microwave	and	fridge.	All	
the	other	devices	are	called	Unknown	Devices	(UD)	and	an	algorithm	of	Active	Learning	will	permit	
to	involve	the	user	in	order	to	label	them.		

• Virtual	 meters	 (VM):	 as	 described	 previously,	 this	 part	 of	 the	 system	 is	 intended	 to	 identify	
appliance-specific	states	from	the	aggregated	measurement	and	associate	the	events	to	one	of	the	
appliances	 listed	before	 that	contributed	 for	 the	 transition	 to	happen.	Those	VM	are	designed	 in	
recognize	some	device	specific	features	from	both	events	and	sequences	of	events	(e.g.	a	specific	
duty	cycle,	the	frequency	of	events	occurrences	inside	a	specific	time	window,	etc.).	The	output	of	
this	block	 is	a	 list	of	events	belonging	to	a	KD,	 including	all	 the	appliance-specific	data	needed	to	
describe	its	consumption	(e.g.	the	number	and	the	consumption	of	spin	cycles	and	heating	cycles	of	
a	washing	machine,	the	time	on	and	time	off	of	the	entire	washing	operation,	etc.).	In	the	following	
Figure	an	example	of	washing	machine	operation	 (highlighted	by	 the	blue	area)	overlapped	with	
other	events	in	an	actual	aggregated	measurement.	
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Figure 23 – example of washing machine operation 

• Clustering:	 all	 the	 events	 not	 delivered	 to	 the	 VM	 block,	 so	 belonging	 to	 UD,	 are	 put	 in	 a	 2D	
clustering	plane	base	on	a	mean-shifting	approach	([62],	[63]).	In	the	following	Figure	you	can	see	
an	example.	The	x-axis	represents	the	active	power	change	and	on	the	y-axis	you’ll	see	the	reactive	
power	 change.	 All	 the	 events	 with	 similar	 electrical	 properties	 are	 grouped	 in	 clusters:	 they	
represent	 the	 first	 level	 of	 grouping	 algorithm.	 We’ve	 then	 designed	 a	 second	 level	 clustering	
algorithm	aimed	to	create	smaller	sub-clusters	in	order	to	group	together	only	those	events	strictly	
correlated	 to	each	other:	 to	do	 that	we	add	 some	 side-information	 to	each	event	not	 related	 to	
electrical	properties	anymore,	but	describing	statistical	properties	and	time-related	features.	In	the	
following	Figure	an	example	of	a	first	level	clustering	plane.		

	

Figure 24 - clustering process 

 

KD:	Washing Machine

UD	events grouped together
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• Active	Learning:	in	Midori	solution	no	real	training	is	required	by	users.	In	order	to	label	the	UD,	so,	
an	 active	 learning	 algorithm	 has	 been	 designed	 to	 involve	 them	 in	 a	 soft	 massaging	 based	
approach.	 All	 the	 data	 collected	 in	 the	 steps	 before	 are	 fed	 to	 an	 algorithm	 generating	 specific	
queries	delivered	to	users	by	mean	of	a	web	interface	(or	a	Smartphone	App).	An	example	of	query	
is	 “I	 discovered	 you	used	 something	between	10am	and	12am.	 It	 could	be	 the	oven	or	 the	 iron.	
What	is	it?”.	Behind	those	few	words	the	Active	Learning	algorithm	developed	select	from	the	list	
of	 all	 the	 available	 UD,	 only	 those	 whose	 electrical	 operations	 can	 be	 matched	 with	 the	
characteristics	of	the	selected	events	and	they	are	proposed	to	the	user.	In	other	words,	we	assign	
to	each	event	a	 set	of	parameters,	 linked	 to	both	electrical	and	statistical	properties,	 in	order	 to	
give	 to	 users	 a	 set	 of	 possible	 choice	 for	 device	 labeling	 closer	 to	 their	 daily	 experience.	 In	 this	
sense	 the	 Active	 Learning	 algorithm	 has	 been	 thought	 starting	 from	 the	 study	 of	 both	 device	
electrical	behavior	and	human-machine	interaction.	See	for	reference	[64],	[65]	and	[66].	

• Energy	 estimation:	 finally,	 for	 all	 the	 KD	 and	 the	 labeled	 UD	 a	 simple	 algorithm	 of	 energy	
estimation	is	able	to	assign	to	each	operation	the	energy	consumption.	

Because	of	a	patenting	process	will	start	in	the	next	months	we	cannot	add	any	other	detail	about	Midori	
algorithms.	

6.3 Preliminary	results	

In	this	section,	we	will	show	some	preliminary	results	of	Midori	algorithms	related	to	measurement	made	
in	5	real	houses.	The	Active	Learning	stage	is	not	included	because	is	still	under	development	and	test:	 in	
the	 next	 deliverable	 we’ll	 also	 include	 results	 related	 to	 user	 involvement.	 In	 the	 following	 figure	 an	
example	of	analysis	 is	depicted;	 for	each	measured	apartment,	 listed	 in	 the	 left	 sidebar	 (e.g.	Casa	 test	1,	
Casa	test	4,	etc.),	you’ll	find	a	group	of	tabs,	related	to	the	days	of	the	measurement	campaign,	containing	
on	top	the	following	results:	

• Energia	misurata	(i.e.	measured	energy):	the	actual	daily	energy	consumption	of	the	apartment	measured	
by	the	power	meter;	

• Energia	 stimata	 da	 Ned	 (i.e.	 energy	 estimated	 by	 Ned):	 the	 summation	 of	 the	 energy	 consumption	 of	
appliances	detected	by	Ned;	

• Energia	 in	 background	 (i.e.	 background	 energy):	 the	 energy	 related	 to	 the	 minimum	 power	 level	
constantly	absorbed	by	the	apartment	and	not	associated	to	the	activity	of	appliances;	

• Energia	residua	(i.e.	residual	energy):	the	quantity	of	daily	actual	energy	of	the	apartment	not	explained	
by	Ned;	

• Percentuale	 energia	 stimata	 (i.e.	 percentage	 of	 estimated	 energy):	 the	 ratio	 between	 the	 sum	 of	 the	
estimated	energy	by	Ned	with	the	background	energy	and	the	actual	measured	energy	of	the	apartment.	
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Figure 25 - example of report	

Down	the	page,	you’ll	find	a	list	of	appliances	automatically	detected	by	Ned	divided	in	three	groups:	

1. high	or	medium	power	appliances	automatically	labeled,	like	fridge,	washing	machine	and	microwave;	

2. high	 or	 medium	 power	 appliances	 detected,	 but	 not	 labeled	 and	 called	 Dispositivi	 sconosciuti,	 i.e.	
unknown	devices	(see	picture	below);	

 

Figure 26 - exmaple of report	

3. low	power	devices	not	 labeled	and	grouped	together	under	 the	name	of	Dispositivi	 sconosciuti	a	bassa	
potenza,	i.e.	low	power	unknown	devices	(see	picture	below).	
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Figure 27 - example of report 

 

For	each	appliance,	we	show	a	summary	containing	the	date	of	the	measurement,	the	duration	of	the	daily	
operations	made	 by	 the	 device,	 the	 daily	 energy	 consumption,	 the	 average	 peak	 power	 level	 and	 other	
specific	appliances	output	data.	The	black	arrow	beside	each	summary	will	give	you	the	access	to	a	detailed	
overview	of	the	daily	device	activity;	each	labeled	appliance	has	a	specific	set	of	output	data.	For	instance,	
in	the	next	figure,	you	can	see	how	Midori	algorithm	can	recognize	the	turn-on	and	turn-off	 instants	of	a	
refrigerator	cycles;	 looking	at	 frequency	activation	of	the	fridge	engine,	 for	 instance,	we	can	determine	 if	
the	device	works	properly	or	not.	

 

Figure 28 - example of report 

 

7 Conclusion		

In	 this	 deliverable,	 we	 described	 the	 performance	 of	 two	 algorithms	 used	 for	 NILM	 activity.	 Novel	
approaches	 that	 introduce	 the	 Non	 Negative	 Matrix	 Factorization	 (NMF)	 and	 the	 Cross-Correlation	
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techniques	(CCFD)	to	Non	Intrusive	Load	Monitoring	problem,	has	been	explained	and	tested.	Moreover	we	
described	the	algorithm	used	for	online	NILM,	used	in	the	Midori	Project.		

The	preliminary	performance	 is	encouraging	and	supports	 further	studies	about	these	algorithms,	even	 if	
some	not	negligible	weak	points	has	been	identified,	as	well	as	some	solution	to	cope	with.	
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