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NILM

® NILM analyses the aggregate electricity usage data measured at the
power supply entrance of the electric load to acquire the appliance-
level specific consumption information via pattern recognition
techniqgues and machine learning methods.
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NILM

® Principles

‘ Analog Waveforms

" | A. Measure Power and Voltage

* 1 - second RMS Data

@ < B. Normalize: Puorm = (1720) ‘p

‘ 1 Hz Normalized real, reactive power on each leg

@

Load Signature Extraction

C. Edge Detection

; List of step changes

-

D. Cluster Analysis

@ I Clusters of step changes Not required

in M5-NALM
Appliance Signature DB E. Build Appliance Models

@ § 0ot models or Fshas
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F. Track Behavior in Terms of
Models

@ l On and Off times of each appliance

Appliance Naming

v \ 4 @

Load Behavior Monitoring

G. Tabulate Statistics

l Energy vs. time of day, ...

Not required

a’;. ‘),:c i%ﬂ @ H. Appliance Naming } in MS-NALM
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Introduction

® Load Modelling is the prerequisite for implementing NILM

® Finite state machine(FSM) is the most common 6 — (&)
adopted method

v’ Supervised Modelling
(supervised parameter learning from a complete set
of labeled signature samples)

v’ Semi-supervised Modelling
(unsupervised parameter learning with the knowledge o o
Of the State Set and tOpOlogy Of the mOdeI) Fig. 4. Finite-state appliance models: (a) generic 1200 W

two-state appliance, e.g., toaster; (b) refrigerator with defrost state;
(c) “three-Way” lamp; (d) clothes dryer.

i@ Y Fully unsupervised Modelling —
\g,.«* S1ALE UKD Source: G.W. Hart “Nonintrusive appliance load monitoring” (1992)
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I Introduction

v" Fully unsupervised appliance modelling

@ Get complete state set, topological structure and model parameters of FSM

& from the aggregate load data

€ without any priori knowledge
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Framework Overview

B Fact and Assumption: repeated appliance behavior patterns

500

Power/W
450+

400—

Figure drew by the power data .
from the public dataset “Blued” 250 refrigerator

B |deas: : s : ! s :

Samples/S(fs=1Hz)

@ Simple Cycle Event Sequence(SCES) pattern constructing FSM

appliance SCES-patterns and combine them
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@ Use the frequent pattern mining techniques to extract /

FSM Model Topology of a three-state hair drier




IFramework Overview

® Five Steps: Detection of ISOES

i the set of €2coes

Clustering and Labelling of load events

i logical name of event

Mining the SCES patterns

i the set of QSCES

Grouping of the SCES patterns

i groups of SCES patterns

3.“‘.“\’6: Eq -
“\% i?ﬁ FSM model topology generation and Tianjin
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IProposed Methods

Clustering and Labelling of load events

v logical name of event

Stepl: Detection of ISoES: Mining the SCES paters

the set of QSCES

@ |solated load Event Sequence (IsoES) v

Grouping of the SCES patterns

groups of SCES patterns
y

€ Taking IsoES as event sequence record in ESDB ‘

FSM model topology generation
and parameter estimation

v IsoES detection method
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Detection of IsoES

the set of €2 k¢

p Clustering and Labelling of load events
v logical name of event

Mining the SCES patterns

the set of QSCES

Grouping of the SCES patterns
groups of SCES patterns

Step2: Clustering and Labelling of load events(in ESDB)

¥

@ Get a unique logical name for each event
FSM model topology generation

and parameter estimation

@ any clustering analysis method not requiring cluster number
Unlabeled IsoES

< (ellltll) (612’1:12) (613’t13) (614’t14) (615’t15) >

v' mean-shifting clustering method
v’ signature vectors representing event e \‘; ” v , ,
< (6,t11), (Lt1p), (Bt13), (2,114), (By5) >
B = 1P1, Q1 P53, Q3. P5, Qs, P7, Q7. ... | Event-labeled ISOES
& ERBRH ...
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IProposed Methods

the set of €2.ks
v

Clustering and Labelling of load events

Step3: Mining the SCES patterns ogical name gf event

Mining the SCES patterns
@ Frequent Event Sequence (FES) patterns mining

the set of QSCES
h 4

Grouping of the SCES patterns
v’ Class GSP (Generalized Sequential Pattern) algorithm rous o7 SCES pattems
Tablel: Example of ESDB used in the proposed framework FSM model topology generation
ID of Event ’ ‘
Event Sequence
sequence

l <(6.t11), (1,t12), (3,13), (2,t14), (5,t15) >
2 < (3,t21), (4,122), (7.t23), (5.t24) >
3 <(6,t31), (8,12), (L,133), (10,t34), (2,t35) >
k

<(6,tx1), (Ltx2), (9,t3), (15,tk4), (2,txs) >
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IProposed Methods

Clustering and Labelling of load events
logical name of event
Step4: Grouping of the mined SCES patterns Mining the SCES paters
the set of Qgcrs
@ Divide the acquired SCES patterns into different groups Grouping of the SCES patiems
associated with different appliances  FvPs of SCES patiorns

FSM model topology generation
and parameter estimation

B Fact and Assumption:
the load events produced by different appliances are different

v

Event Correlation Rule
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Proposed Methods

the set of €2.gs
v

Clustering and Labelling of load events

Step5: FSM model topology generation and parameter estimation e |

CES patterns

the set of gcxs
Incremental Topology Generation and Parameter Estimation (ITGPE) | couing orihe sces paterns
groups of SCES patterns
< 12’3 > < 10 5 3 > FSM model topology generation
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xperiments

Aggregate Ioad data

Table 2: The results of load event clustering

(24h. 1Hz) 76 IsoESs
<12,3> <10,53>
ot 5 ® 5 3
2l[s 4 27 \3 = ./12\\
\
O ®—-o 10
Table 4: The re5ulls of FSM model parameters
ID of Appliance
appliance WW) (W) name
1 {0,1138/298} [0,22/23} Microwave
oven
2 10,772/1} [0,11/2} Electric
oven
o3 3 10,496/-56,1009/-4} {0,9/19,19/3} Hair drier
= 4 {0,597/147} 10,21/8} Vacuum
" cleaner
5 {0,3122/-8} £0,13/11} Electric

Heater

<

Cluster AP(W) No. of Cluster AP(W) No. of
label elements label elements
1 -3101 5 9 -585 18
2 1145 25 10 496 4
3 -1009 15 12 1011 13
4 781 4 14 -762 4
5 513 4 15 609 18
8 -1130 24 17 3142 5
Table 3: The results of SCES pattern mining
IDOf SCES g kg (cluster label, see Table2)  F reduency of
pattern SCES pattern
1 2 8 — 23
2 4 14 — 4
3 12 3 — 12
4 15 9 — 16
5 17 1 — 5
6 10 5 3 4 n
2 2
‘ﬁ% ¥ | University




IConclusions

® A fully unsupervised appliance FSM modelling framework is proposed
and validated on real measured data

® The applicability of the existing NILM technologies is improved

® Moving towards the realization of the auto-setup NILM
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IFuture work

® Comprehensive testing and analysis on more measured data

® Improvement on the methods and algorithms used by different
modules of the framework

® Appliance Naming for the acquired FSM model

-:Z;e) [ 3 8

STATE GRID Tianj in

University

FEENFFHITERE

HINA ELECTRIC POWER RESEARCH INST:




Q&A

luanwenpeng@epri.sgcc.com.cn

"N STATE GRID Tianjin
o & B8 ) B S 8 ST B University

CHINA ELECTRIC POWER RESEARCH INSTITUTE



