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A Survey on the Non-intrusive Load Monitoring
DENG Xiao-Ping"?> ZHANG Gui-Qing"> WEI Qing-Lai® PENG Wei"* LI Cheng-Dong"?

Abstract Non-intrusive load monitoring can realize the identification of individual electrical equipment and its
working state by analyzing and processing the aggregated load data from electricity meters, which can be widely
used in building energy conservation, smart cities, smart grids, etc. With the large-scale deployment of smart meters
and the widespread application of various machine learning algorithms, non-intrusive load monitoring has aroused
the common concern of academia and industry in recent years. This article reviews the research on non-intrusive
load monitoring. First, the mathematical model and basic framework of non-intrusive load monitoring are refined,
and then we separately summarize the data collection and pre-processing process, load disaggregation models and
algorithms, data sets and evaluation metrics used in non-intrusive load monitoring. Finally, some challenges that
the current research are confronted with are analyzed and we give some views on the future research.
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Fig.2  The diagram of a typical NILM system
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Fig.4 Typical flowchart of NILM
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A DAE N ST AR, 22 330387 A R A1 o i i ey B
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lets) MISRE X 40 AN [F) A gig RPIRAS AR 4K, AT SE B
BT AR5 20 A SCRR [92] 8 I 7 a7 U TR e 4k
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A (Hidden Markov model, HMM) HF H & 5 i
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Fig.8 The illustration of factorial hidden Markov model
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T 2 BT 5 AL R IR S BOE AT AR o B AR Hg n .
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AN B 78 70 ) PR 5 e 2 0L 23 e R UL 0 R 3
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EAGE R T IR B 4%, WA 2 RS B A5 AT
A PR, TR BAEH 2 AT R AT A, A%
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Table 1  Comparison of NILM methods
JiE ek A
BEER
HMM B EL
s 2L R e
FAERE SR
GSP IEAEE G PAT FVERAX B
BRI LR
H S HRIURIE RIS H %
ML 73 AR R UEREEC= PN
AL RELT AR
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TP

PR= TP+ FP (14)
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ARG AFFIRE GO, FN BRG], RRabT
TRIRAS B BB R 0 A R RS G L. Fay il
T Acc FEARAELER IR, H R B8 T FE S AUA AN
KPMMIRER &, FIFAEHTHREEZMNIREM
W

N TR R IR A WA 1) 577 o il ARV ) HE T
B, Makonin 5| N\ T B FRIRZE Fiy (Finite-state F-
measure, F'S-F,,) PR FE Ef bR 28 hnr
¥ TP 53 i AW 5y, o0 e A IERA I IR (In-
accurate true-positives, ITP) Fl1IEHf 1) H 1E 41
(Accurate true-positives, ATP), 5358

T ~
215 = st
IPT ="+ 16
Tom (16)
APT =1—IPT (17)

Hor, s BB m 1Bt W ZIRPRES AT, s Rk
#&m 1Bt T ZIM SRR, K g d s m A& R
AE RN R a2 (14) ML (15) =
g XL H

ATP
PR= ATP+ ITP+ FP (18)
ATP
E = 1
R ATP+ITP+ FN (19)

OXof 35 RDRS it 2 R0 7 [l vt SRR A 24, B AT
33 FS-F). Acc M Fy #8J8 T3 K&, BT
REA B SR U R B A RS B HE A 2.

N T k0 R BN DR IR A EE R
IR AHERATE, 75 EER I FL A A P RE TR bR . TR
%% (Root mean square error, RMSE) #ii& T 4}
fRPTAS Dh 3 5B & HSL DR Z A 28, Hit R
RN

RMSE \/ TR @)

Ho, T R TRIE ARSI S H . T
BB DR AT I e b2, RMSE R AERS [
FLBAN TR 45 Y T 3 PR RE. 9 T RO IX — )
A A AR o il iR 220 1 et SR T R OR
> e =PI

t,m
DeRMSE = | ———=—5—
J = TP

(21)

SCHR [99] SR A Ak T AHE B BE AT DL SR PP AS 43
PRSI BRI B, HoE SO
T M
> 2 b = ol
Eace =1~ = m:Tl M (22)
2x >, > |p|
t=1m=1
Horp, T 2R RIS R R H, MR R
H. X — 52 (AT DA 58— B 1 A T vk
A, BRI

M=

t 1\152" — pi"|
Efee=1-——F—"— (23)
2x ) [pi"]
t=1

DeRMSE M ET. . 7] F RN 7 ff 1) Th 2 5
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KPR IR VCHCAE . DeRMSE J8/Nsi# B, it
K, TN BT Af FE fe

bR T LR IEAEFR bR AN, G A5 B R
NI 7 VA0 D% I PEAS FE A G0 SCRik [148] &%
AR N A AT 00 P S A W BBV d I SR Ay A
T 23 MRS R AR PRI, 7864 e dER A 2R
B g W T AT VAR B, 7 EAR R LR S 37
FETR SR L SRR DA R SR AT P 4R
FREVEE. T AW — N AER N A Iy R 2
RS E LR N, Zeifman Z57E SCHR [11] H32
T 6 N RIESR, 52

1) FRAEERE. BHRUCEE AR £ 52 M T SR BT
FEIE, K2 B8 RE 3R A A fif 1 7 SR AN K
F 1 Hz WK RER,

2) WERFE. TSI A P RIS R R G
TR P EEE 80% ~90%.

3) LRI, H 7 FRET RS B RN
RN, RGERLZAE H R IHT 5%, £ 22 75
I3 e

4) SRR, RGN SCFRTELR TAE, JF 8 S22
HEAG O 55 J2= 24 A1 A YA IR 4 e v e 3t

5) RIFTRENE. BIAE I R A B IS, Wi
if 20 MY E AR, 28R RN R ADIRES A0S,
R GUEAB B OR R A 2

6) SCHFZ MM, RGNVRERIEE 1 1T
TR 4 FASRIRAY A BT

5 WRIFHIEESIHHEIER

N T HERA PG AN [F) AR N 2 A7 g M 00 B0 0 1t
RE, T S 1 1) AN [R] 82 32 SR AR AR N 2 fr
M aESE. Bl oA — S8R & T et A
SATH], X et deil IRt — D A )R
HL A B DR L PRV AR I A, o B Ak
AL T H bR 7 B AP0 s DA KA TN A i)
AN DL, FRF SR SR 2 R, i, REDD
PR B 1 AR BB A, R A SR NI
WA, Hoh s R R SRR S
LY, REMFE N 15 kHz; RAEIREELE T
SRSV DR HE, KREHFEA 0.5 Hz
50 1.0 Hz. #a4E th A — N Eolls A A 2 T il
tHFiH} (Coordinated universal time, UTC) B [A]

F 2 ARG M A T 4
Table 2 Publicly available datasets for NILM
= . o AR - - " i
s s e O PEEERS o e RS St
o R
. . w 15 kHz (Agg);
ol q - - .
REDD EQ JUR ~ 8 H 6 10 ~ 24 0.5 Hz, 1 1z (Sub) V, P (Agg); P (Sub)
BERDS!" 2£[H 14 1 NA 20 s P,Q,S AR
_ 12 kHz (Agg); I,V (P N . e
[150] s £ e
BLUED < § R ! ! 20 Hz (Sub) 3 1@60 Hz) R RS RE
Smart* N A : 26; . NG UEWAY &R e e )
Home!™" K 3 A 3 B, C:21 1 Hz P, 8 (Age); P (Sub) 5 PRI R
DRED!™ it 6 A 3 12 1 Hz E, P (Agg & Sub)  =PISNRSE, KUK, Bk, Mfz
FEAAR, BEILE, TLES
Tracebase!'” 18] 1(;??3; 15 NA 1s,8s (Sub) P (Sub) FAT R &G, ARAE SRR
) ) V,I,F,P,Q,S8, K RIRAFEE
| 21, 154] & s 4, I 4,0, s
AMPds2 JITE-DN 2 4 1 21 1 min F.E % 10 0 A
16 kHz (I, V of Agg); B RA I,
UK-DALE'™  3%[E 248 ~43%4 5 5~ 54 6's (Agg & Sub); P, LV LR 0B R
1s (Agg) FBEURA A .
LAWE! B 3R 1 33 1 Hz (Agg); V.LF. P, ph H 7J<%$11}4<h%§5(%&‘ (iu%fi AR
15,65 (Sub) B, S R TCER(E S )
REFIT!"" Wi [ 2 4 20 10 8s P TR ARSI
GREEND!™ ‘Zﬁﬁf 14 9 9 1Hz P F AT E, 1E P TR
ECO®™ Fit 8 M H 6 6~ 10 1 Hz P, Q 1 S LR
' . 11 % KT
[160) : o s .
PLAID S LA 30 kiz LV
321 2%, 4 12 kHz (Agg); . o e .
/ (161) i - Gk A s N
EMBED £ H 14 ~27 K 3 10 A 1 ~ 2 Hz (Sub) LLV,P,Q,F WA PPIRES AR, NMEFR

U Agg: B3R Sub: 433K P BIThE,; Q: LIWTHEK,; S: MAETLER; B: E; F: HiR,; V: HE; I 1t; ph: A7,
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1R KA Z AR B B (R Bk ST 5 2 20 R/
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R HETEA — 2 T IR X 7w S A
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HIRIE PR AR AR 2 5. [FIRE, AN [H) ) 57 1 20 A e
TR BVEAL R AR B 2 22 5. DRtk ZEAN TR
HH S AL AT PR BB 1 22 SO EE AT AR b R A
HMe. AU, Parson S5 F R T AR R A S il TR AL
(Non-intrusive load monitoring toolkit, NILMTK),
ZIFR T A # % REDD, SMART*, AMP-
ds 5 6 MRS N EE — N8 B Python 3 45
P S48 T A NILM 5% (A& 5 ks
FHMM) BISCHUE mtERe R 2R, R34t T8 T3 A
STt K TRACEE Ty B8 (an, o 8 250 46 P 1 5 i
X et 34T ERAEAE). 2019 4F, Batra 509 %% 1T
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HRAT T — S 3 ANFEUERD 9 AN G743 il 532
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6 RESRE

A AT LUE ], H AT AR G
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FE SIS M 38 F L RS (P 45 U T PR B R AL 5
AFAE—E 2200, BRI T T LABAR J LT T T

1) B 2B A PR RS A WTHR T, Wit
SRR I S A L AE A /D AU A5 38 8 28 B 000 AE
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B2 AR R A ST BT 5 ) — > B 5

3) fECA KR IR, B B e B 0 55
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— AL T AR R
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