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A non-intrusive load identification method based on RNN model
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Abstract: In order to extend the application by using supervised learning methods in non-intrusive load identification, a
load identification method based on Recurrent Neural Networks (RNN) model is proposed. Firstly, the time window for
detecting load event is introduced, and then the harmonic components are taken as the load characteristics to be used as
the inputs of the RNN model. According to the memory of its memory history input feature quantity, the internal mapping
of the input to the output as well as the RNN load identification method for time series inputs are established. Furthermore,
in this model, the suitable activation function and loss function are selected in order to avoid the "gradient disappearance”

problem. Finally, the experiment on the single and multi-load identification demonstrates the model can effectively realize
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the identification of the load status.
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KAEIS % HRLIZ % L YKEE FLALAL 751 R B TH A Hok

$ 0 0 0 0 0 0 1

20 y 0.001 205 0.000 307 0.005 265 0.001 126 0.004 223 0.001 209 0.994 531
$ 0 0 0 0 0 1 1

3 y 0.001 416 0.000 253 0.001 616 0.001 297 0.003 271 0.994 45 0.991 556
$ 0 0 0 0 1 1 1

8 y 0.001 932 0.000 477 0.005 411 0.001 589 0.996 882 0.994 933 0.970 042
» 0 0 0 1 1 1 1

s y 7e-05 0.000 31 0.003 88 0.996 877 0.997 934 0.996 294 0.958 413

100 $ 0 0 1 1 1 1 1
y 0.000 194 8.15¢-05 0.999 652 0.977 76 0.994 974 0.991 156 0.941 979
$ 0 1 1 1 1 1 0

140 y 7.69¢-06 0.999 668 0.999 027 0.997 537 0.998 723 0.995 403 0.003 218
$ 0 1 1 1 1 1 0

170 y 1.08¢-05 0.999 201 0.999 158 0.998 681 0.994 986 0.992 415 0.002 015
$ 1 1 1 1 1 1 0

210 y 0.998 472 0.997506 0.998 669 0.983 888 0.992 722 0.994 078 0.000 243
$ 1 1 1 1 1 0 0

2 y 0.998 298 0.997 474 0.998 63 0.982 728 0.991 827 0.007 128 0.000 276
$ 1 1 1 1 0 0 0

200 y 0.999 035 0.999 102 0.997 474 0.969 623 0.007 883 0.009 447 0.000 718
$ 1 1 1 0 0 0 0

20 y 0.999 69 0.999 44 0.993 365 0.001 224 0.001 135 0.006 765 1.01¢-05

310 $ 1 1 0 0 0 0 0
¥y 0.999 883 0.991 761 0.001 574 0.006 279 0.002 373 0.004 967 0.000 137

350 1 0 0 0 0 0 0

< <>

0.997 849 0.006 3 0.001 874 0.008 075 0.000 951 0.006 455 0.002 796




HEH, A

ORI RNN BRI 4 N G R T i

- 169 -

H T SRRSO S, A
BR2 1 VAT Lo, g5k 6 Pros. mILh
RIL, 2T RS HHRA S IR %
B SEBR IR B4 B — 2 FEERRORE R
AR RNN M M2 25 I 171, RE
FE— e R G DR H A5 ef B e UM 2 o A=
I B S BRSBTS o 1T L, Sy SRS ik
(1) 5 ) N AR AT DL £ A I 1) S5 B S D f A 40
FIMBEIIIA—2

6 PHAMEME

Table 6 Recognition accuracy

BRIRTE FeA bRES IEAHER HHHR
ik faa i HA HA HET /%

1 A& c=1 70 70 100
2 MR C; =21 210 203 96.67
3R C; =35 350 298 85.14
4B Cl =35 350 268 76.57
5 AU =21 210 129 61.42
6 MR Ccs=17 70 58 725
7 AR c) =1 10 10 100

Bt 1270 93.39

4 ZEig

A SCHGF IR % >) RNN AR ] T8 R4 A X
HL T A R R O D et AR R AT 2,
AL N B 21 K SRR SEBLR S R TE AR
AT RSN S RNN B KA
SRR LR “RRRE R IL%, Gl A Bk Y
softsign BRHAE 4 I BR B, LR AT ORI 2R bR £
BEATSEEG, Aok T e, IR S TP R
TR R AR O B 1 I B 2 B 2 R
k. AHELZ T, B 2 A A s 21T s gk
(38 AT Bh T3 T RNN BLRL ) ffur HEIRRE D)
H AR SCIR R M 2 S TR SR R i)
HLB & B — @ B0 A, BRI 5 2R 90 56 3
IO AR AN S R, BRES & H 22 R,
SETHREIAE 22 ] f B s BTG DL I i AR g
J1, [, FERRGE . PR B R,
I e KA
SE 3k
(1] mpRvg, xig, sRgme. v &) ST sRm w5 it i -

A 19 )y S B OB e T PR RGO A R,

2014, 42(24): 138-147.

TANG Qingfeng, LIU Nian, ZHANG Jianhua. Theory

and key problems for automated demand response of user

(2]

(3]

(4]

(5]

(6]

[7]

(8]

[9]

[10]

[11]

side considering generalized demand side resources[J].
Power System Protection and Control, 2014, 42(24):
138-147.

FHANTY, 2. X T RS A ST [D]. o RS
{4 5, 2014, 42(12): 51-56.

YANG Xiaodan, LI Yang. Research on household electricity
response mode[J]. Power System Protection and Control,
2014, 42(12): 51-56.

PR, BARZ, i, A5 ARR NGO RS 2 T
FRELER[T]. HEMEIR, 2016, 40(10): 3108-3117.
CHENG Xiang, LI Linzhi, WU Hao, et al. A survey of
the research on non-intrusive load monitoring and
disaggregation[J].
40(10): 3108-3117.
DINESH C, GODALIYADDA R I, EKANAYAKE M P

B, et al. Non-intrusive load monitoring based on low

Power System Technology, 2016,

frequency active power measurements[J]. AIMS Energy,
2016, 4(3): 414-443.

HASSAN T, JAVED F, ARSHAD N. An empirical
investigation of V-I trajectory based load signatures for
non-intrusive load monitoring[J]. IEEE Transactions on
Smart Grid, 2013, 5(2): 870-878.

KONG S, KIM Y, KO R, et al. Home appliance load
disaggregation using cepstrum-smoothing-based method[J].
IEEE Transactions on Consumer Electronics, 2015, 61(1):
24-30.

MARCHIORI A, HAKKARINEN D, HAN Q, et al.
Circuit-level load monitoring for household energy
management[J]. IEEE Pervasive Computing, 2011, 10(1):
40-48.

HENAO N, AGBOSSOU K, KELOUWANI 8, et al.
Approach in nonintrusive type I load monitoring using
subtractive clustering[J]. IEEE Transactions on Smart
Grid, 2015, 8(2): 812-821.

KIM H S. Unsupervised disaggregation of low frequency
power measurements[C] // Eleventh Siam International
Conference on Data Mining, 2011, Mesa, Arizona, USA:
747-758.

KOLTER J Z, JAAKKOLA T. Approximate inference in
additive factorial HMMs with application to energy
disaggregation[C] // Proceedings of the International
Conference on Artificial Intelligence and Statistics, 2012,
AISTATS: 1472-1482.

LIN Y H, TSAI M S. Development of an improved
time-frequency analysis-based nonintrusive load monitor

for load demand identification[J]. IEEE Transactions on



-170 - YRS R R
Instrumentation & Measurement, 2014, 63(63): 1470-1483. [18] MFE. W\ MATLAB T EAf R 2 M 2% 3 16 5 5 T
[12] CONNOR J T, MARTIN R D, ATLAS L E. Recurrent M]. dbxt: o ERMEERAR R 2 R, 2009.

neural networks and robust time series prediction[J].
IEEE Transactions on Neural Networks, 1994, 5(2):
240-254.

[13] JAEGER H. Tutorial on training recurrent neural networks,

[14]

[15]

[16]

[17]

covering BPPT, RTRL, EKF and the echo state network
approach[J]. Encyclopedia of Systems Biology, 2002.
WILLIAMS R J, PENG J. An efficient gradient-based
algorithm for on-line training of recurrent network
trajectories[J]. Neural Computation, 1990, 2(4): 490-501.
HUANG L, YANG Y, ZHAO H, et al. Time series
modeling and filtering method of electric power load
stochastic noise[J]. Protection and Control of Modern
Power Systems, 2017, 2(2): 269-275. DOI: 10.1186/
s41601-017-0059-8.

EEHe, B, FARE, 55 T YO A AR A
S HERIT IR SN I [T]. ) R GE RS 5 36,
2016, 44(7): 115-121.

WANG Xiaohuan, LI Ruyi, ZHOU Dongguo, et al.
Non-intrusive power load disaggregation method based
on decision fusion and its applications[J]. Power System
Protection and Control, 2016, 44(7): 115-121.

AR, EbE, BI5E0, 55 RPROP #PZMLEEAREA
A3 i I ]. D RGOk 4, 2016,
44(7): 55-61.

LI Ruyi, WANG Xiaohuan, HU Meixuan, et al. Application
of RPROP neural load
decomposition[J]. Power System Protection and Control,
2016, 44(7): 55-61.

network in nonintrusive

[19]

[20]

[21]

[22]

BERGSTRA J, BENGIO Y, LOURADOUR J. Suitability
of V1 energy models for object classification[J]. Neural
Computation, 2011, 23(3): 774-790.

BORDES A, GLOROT X, WESTON J, et al. A semantic
matching energy function for learning with multi-relational
data[J]. Machine Learning, 2014, 94(2): 233-259.
PR, W, RRE, S5 TR RS R
e AL HL T Sar 20 AR VAT WD RGP S,
2016, 44(8): 30-36.

LI Ruyi, HUANG Mingshan, ZHOU Dongguo, et al.
Optimized nonintrusive load disaggregation method
using particle swarm optimization algorithm[J]. Power
System Protection and Control, 2016, 44(8): 30-36.
H/NEE, XUDRSE, ARIBUE, A5, 1 e =T P A
() Jo B ST SO PR AT S 0]. P ) R G DR S 4,
2014, 42(10): 62-70.

ZHENG Xiaoxia, LIU Qingqiang, LIN Shunfu, et al.
Research of the microscopic signatures of residential
loads for NILM[J]. Power System Protection and Control,
2014, 42(10): 62-70.

Yris HER: 2018-06-29;
1EE &N

AR R R AEXIRA,

{&El HHF: 2018-08-31

xted (1984—), B, Md, THEF, FRFTEOHEE

THM. LR EAIEITE E;

BARE1985—), %, @fh4, Wt 35, Hary
E-mail: dgzhoul985@whu.edu.cn

(%% 5 B



	DOI: 10.19783/j.cnki.pspc.180785 
	一种关联RNN模型的非侵入式负荷辨识方法 
	A non-intrusive load identification method based on RNN model 
	刘恒勇(1984—)，男，硕士，工程师，研究方向为供电可靠性、电能质量及指标管理； 



