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Tutlgtunsiaunssuunsaiannglnaamslifiuuulaiaisd (Non-intrusive Load
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Fanaluanneduanamsudouduingu

Tunsfnyiuasimussuuiinausilduiiesniu 3 daufe 1) mIsnuuuisasaauny
nszuakazlInuTINivaUnsalaednuuulusunsy (Field-programmable gate array: FPGA) 2)
mswasuulasdnuazdoyauuuineslounsy way 3) msviuuplaseisveamadansiSous
Bednuuunouligdu szuuitesnuuuliinmsmaasuivgunsalliihdiuiu 5 wdeluaniznns
vhawweaededldluihiazsuaswdontu (2 vdn 3 vl uas 4 wila)

wefliAves Fl-score uay Recall gnihanldlunsiauszansnmvessyuuiiesnuuy Ha
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ABSTRACT

The development of Non-Intrusive Load Monitoring (NILM) is recently a key
challenge for energy management systems and intellicent meters design. Designing
a NILM is imperative to collect large amounts of electrical appliances characteristics for
analysis, and system design requires fast and accurate processing tools and techniques
for non-intrusive analysis and detection of electrical load conditions. This research
presents the development of a NILM system by applying deep learning techniques based
on the inrush current signal processing under transient signal condition only.

The study and development of the proposed system are divided into three parts:
1) design of current and voltage control circuits with a field- programmable gate array
(FPGA), 2) data pre-processing with the kurtogram technique, and 3) development of
a convolutional neural network (CNN). The designed system was tested on five different
electrical appliances while working individually and simultaneously (two types, three
types, and four types).

F1-score and Recall techniques were applied to evaluate the efficiency of the
proposed system. The results showed that the system provided the maximum efficiency
to classify appliances while working individually and simultaneously at 100, 99.95, 99.95
and 99.85%, and timeless processing at 05.29, 05.35, 05.30 and 05.12 min, respectively.

Keywords: non-intrusive load monitoring, field-programmable gate array, deep learning
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nersy < Classification

estimation

JUN 2.1 iuguvesssuunsiadiadlih

[

2n3U7 2.1 sdunsesdUsznavrassruurTIRian 1 ivasm syl sl

nsiinfiadeyanisvitauvesgunsalldlndin (Acquisition) Llun1sinuseiu fAdeingd
nszua duq Sudumsnvesgunsalimunsiafios 1 dumis ﬁugmmﬁﬁwmmﬁmms RLC
5909299905098 yey1au 1w Tuwwa CUSUM (Cumulative Sum Control Chart) uaﬂmﬂﬁ, NI
fugnilutigtuansoldismeesianszuadnsauld wu iwuwes SCT-013-030 vide ESEN141
Non-Invasive Current Sensor tJusiu

n13UsEIIaNA (Preprocessing) Ae nstrdoyanisagunsaifiléanndumeunisidiia
gunsal wlasdyraidneadudygineunden (A/D) Imaﬁugmmmmﬁﬂﬁmmﬁ% v 1
1995UUAIUUY Ramp 29T ABUKIIAY 995UV Parallel Comparator v38 Jagtuiiniswéin
IC wlasdyaueudendunineaiuas ADC [Wudu

[

N3 5193Ud Y18 (Detection) isudasdygraluindunuusunaeniaiirdygyiu

AR

[ 1 |

fananuas1ed drulngjaziiunisdndgerandugasg dAruamainian (Time) Ninane

[ Y

A 1unIoNgANITUVRIAYYId LU N1593293Ud Y1 luYI9 Overload dgygyradluaing
911 (Stable) 3 deyryraluaiag Overshot Wudu

M3n593 Ao NsUsuentitdsziavvasgUunsalisazailn nandnfaidunisuansaniunis
yhaesgunsaitug mnmsdnsludwiiduihdeyanmsinuildannimsatungingsy
A9 U130 Sﬁayjamiﬁwmﬂw&mumﬁm HINATIENALTANDTTNNNIOTONNAUAFIAAT LU
Tu [1, 12 \Wumsihanmslnanuasiaimenisiseousidedn lu [13] asadannzlwansianis
Seudidnuuuaauligdu (CNN) Tu [14] asiadaniiglvanielaseingussamifiguwuy
Foundu (BP-NN) Tu [20] n32a5Tnanuuulsiasdndng Fuzzy Transitions Wudu uansiaegns

JU# 2.2

2e
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Estimated COl'lSl-lmP“ﬂﬂi
1.200

1.100

1.000

—_—

Watts
g

|| .. T

UL | = e o

08:00:00 10:00:00 12:0000 14:00-00 18:0000 18:00.00
Time
~ Refrigerator —  Microwave Hair dryer Coffee machine Vacuum cleaner Food cutter
Oven Fan — Dehumidifier — Braad machine

JUN 2.2 HaT0ININTIA3AIMANU [20]

N15ILAT1EYAINE1Y (Energy estimation) A N15UINATBINITATIVIAN1IEINAAIN
Ainszidionianisainslindsnuluwiazdasnian way Tieseinsldrmdany wu Yu-Hsiu
Lin way ang [21] Iénaniinmsdanmsndsnuneluthunudendanuiimuadiunidou
(HEMS) 91uddsatuilfmundodanosiuuuy NSGA ilenrmazaanlunismstaianiazlvan
LUUVIANEYn Hansvaaesiagunl 2.3 uandliifuisfeyaiianunsansainisiauvesivan wa

Aasgitoyansineu Muiwmaniansainsldngaenulumeuiiuiny

105 _—  —— - — — _—

111l]

100

98 1

90 +

Averaged classification accuracy (%)

04—
Electric Rice Electric 3 ‘Washing Air
| Cooker Water Boiler e i | Range Hood s | i Machine | Conditioner
‘ = NILM 98.5046 99.185 98.6344 92.512 83.8151 99.067 99.5233 98.9395 99.4051

(n) ANYNABIURINITNTIAFURUNTlUsaLyiin
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4 The RTP from 1 1:00 10 12:00  The RTP from [ 7:00 to | 8:00
(e, RTPyy;) {Le., RTP )
5 | 4 ‘
3
5
:5‘
= 2
=
15
1 4
05
The RTP, changes every hour
0 - - - —
12 |3|4|S|6|7 (891071 12/13[014]15(16|17(18|(19/20|21 (22|23 |24
—=NTS| 2.4 1221/ 2.1 2052.042032.072.192.562.792.933.31 32 271297293 29 3.3 3.383.113.072 882.692.65

() napnn1sainisidluihveusazaunsalluiiouiiuiay

JUN 2.3 UsgdnSnmnisnsiasuaskananisaimslalnivesudasaunsal [21]

2.2 Uszinnwasgunsalldlnili waz nswdndsaunsall gl

2.2.1 Uszam uaz wainssuvasaunsalldlni

nslanuaudivesgunsalldlnfidnludesdinwinginssunisiinuvesgunsal
annsoutadudussian fe (1) gunsaiUszanUe/Un (ON/OFF) fanugwasuwuuluuni
fnuauandaau ogrdlsinamngunsalasaniesisinisldndsnuuuuiiendtu aliannss
5293l S1dudeaniaduiunuiionsiad; (2): gUnsaliifidsluinarsanug (Finite State
Machine: FSM) figtnuunslindanuiasuuiamunsldnu Wy vaealn anugnsiey
Auarwadng fduiadudesiiefiesasiadiededdliilifisnatender sgdlsiamuilesu
mslindanuvagegathmeiunsnsasifamiududou Wumsenfastilainidsihang
Antuluguuuuiudsle ddudndudesdunnsvuuvlussezinamiaiedangieg
wedldlin (3): gunsallisuuuundrnuidsuuasieos Wy wsestnivdeluns nsld
wdsuaziunuluraziaudew/dnviedny/eunsiad Gedufe gunsninatsaniug ng
n1afUssanidondrlanuandiuardunnsuuuuszezenn; (4): gunsalvieuane vie
yhauenunsdfivey fegnatu §ifu vhousgrsaitaue enafisuuuuduszes vie wuy

Wenilel (Hart, 1993) 1Wunisentunisnsiag iwesanflaaunsalvihaulddaau
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AINAINIANITTIUTINYATRYATIHE LN A1 TUEdmMTUANYY way WauLiiensIas

[
[

WOANTIUNTINAIUAIL:

1) yadeyanuim
ﬁﬁagamaﬂqﬂﬂizﬁgﬂf{’fmmjumsﬁwmﬁwmmﬁﬁw (Sampling frequency up to 1 Hz)
lasun1siAsesiuaziuIeuliigu: GREEND, AMPds, REFIT, RAE waz IAWE 131w [22] aau
FRertesvesadoyamaiiiinangunsaifiiduinnsgiu nswisuifioussninanudnue
vsegsvesgunsal liun audadssianeis Tnsanuilunisguaenadesiunaiveanis

Guitnwa agulilumsam 2.1

=] ~ a ! % a0
A19191N 2.1 ﬂ'ﬁL‘UiﬁJ‘ULWUUiSW?WQﬁ@%@%ﬁﬂ?WNﬂ@W

YAvBYUA U (w.a) AR Tu/an (Gudin)
GREEND 2014 1 Hz 3-6 DU
AMPds 2015 16.67 mHz 2%
REFIT 2017 125 mHz 21
RAE 2018 1 Hz 727U
IAWE 2013 1 Hz 737U

2) gadoyaninuigs
Yoyavosgunsaigninngunisvinsusdieanuiigs (High frequency) lé3unisiiases
uaglUouLfieu: REDD, BLUED, PLAID, WHIETED wag UK-DALE agUlilu [22) avmiAeades
vosndayamaniiinangunsaifilumnsgiu maFeuiiousenintsndnvmzusegies

gunsal laun anudlunisguiiedvaenndesiunaivesnstuiinug asulilumsen 2.2

o = = ! v a
M99 2.2 ﬂ'ﬁLUiEJ‘ULV]EJU?EW'NQSQW?JBH'G?W?']QJQQQ

YAveYA U (w.a) A Tu/an (Gudin)
REDD 2011 15 KHz 119 $u / (10 $als9)
BLUED 2012 12 KHz 8 Ju / (1 F3lu)
PLAID 2014 30 KHz 1,094 Fyeyrad / 1 Jundl

WHIETED 2016 44.1 KHz 5,123 dnyayie / 5 il

UK-DALE 2015 16 KHz 655 $u

17



3) gavaagun

Foyanisviauvesguasalldluin leun Adsind nszua vie usedu Fududeyanis
viaugasszeenils vy wie sveren) gnivdsundasgunse way duiinludnwae
Fayanin s3usulilaedinseiuaziUSeuiieuds: V-l Trajectory [11], Color Map [23], uag
AWRG [24] agulilumsnedl 2.3

M13197 2.3 NMSUT UL UYATRLAN N

YAUBYA U (w.a) veyaldau ALY
V-l Trajectory 2016 Masing, nsvua L. Du et al.
Color Map 2019 MaTIng, nIzua Y. Liu et al.
AWRG 2020 AMaadinm, nsewkd A, Faustine et al.

2.2.2 msidns waz Juiinwg@nssunisviteuvasgunsalldlnva
nszuIunslaundagadeyaiduiideddyveiniside andayniauunnd1aesyn
Joya wliyadeyaiinewnsarsisasdulsslevdegiunn widnUszaulymaenisfinenle

sl v v

thlunasssldauiugunsaidu Wosmnundsiiiandinuvesgunsaiiiidsindmsloudus
dnwaigfiunndnsiu dawalsiinsiauimedaaznisidifsgndeyalmiq egrseiles ain
Ms@nw, finsimusesdidnnseindianis uas gunsalindyaruifey Waunduszuy
A333IANNSYINUYesgUnTal 1 Uesa Arduino f3eE1s 1ag Arun KR. et al. [25] diauenis
WnsazatuAugUnTaiLuuneag (nskddisunisiauiuvassianigg) dueuigesin
nszuanazhssnu dedaluds Arduino bord AruAugUnsalkuuanludd n3e n1slduain
Raspberry Pi fiagnalag A. Harsha et al. [26] Ussendld raspberry pi $3ufiu smart meter
lun1snsradudnwauzeunsal duduludemiasausin (power rating) Wwu13UAY k-mean
algorithms lunisusifenginssuvesgunsal Buq [27], vosa FPGA faghslag Y. Sarayut
etal. [28] l@us FPGA $aufu CS5490 dwmfumsiinfegunsal gatiulusigunsaidviindid
fdslilenetu Snvis eenuuuaTianssiaLazusIRulonuANTERUNTITRIgUn Tl
uennfinsznrumInnaierfemaialuuifianudlumsdiuan uay arwdavgudied

SrunuguUnsalfindiu Buq [29-31]
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NLUININBUNTN, N5AnwdeantuultasaIvangUnsalldluil inindauas
wWasuadeyeyrandu Digital Bnviatn FPGA unldanu Fsfianudalunisdudyaia uas an
MszAldIelumM i (low cost) nsnaaesjuiuludgunsalldlnindanuwansneiu 5

¥ way WasuwlasinuurvesaUnsallviegludnuae 2 15 (2D) Bwagnailumidedaly

2.3 d@nAsuLAasiaLnsy

maulastayalegludnvugvesgunnvseteyawuu 2 6 [32] umsiiudnvuzyes

[

Jayalvdanuwnnang Fefruandnisimulaeasdlilunised 2.3 Fadunveuduagig

Y
aa

@E]LUEN ﬂ’]iﬁﬂ‘lﬁ’]ﬂﬂ'ﬁ EJﬂGﬂsUaLﬂﬂmiﬂJLﬂE]ﬂmLﬂﬁﬂJ LUUTJSV]NE"IQ WUQ%QQI@L&JN‘UENL’J&']LL&”
ﬂ’)’]ﬂJﬂVlWQWSiUWQ’]ﬂﬂ?i?jﬂﬂi}ji}j’]m mamms‘m 1 Lll’e] Kf D ﬂﬂﬂﬂﬂ‘l@ﬂ’]ﬂﬂ’l’ma%@ﬂ f uay []

Ao AnaaslutaImils, He, £) A 919089081 tag ANNDTRsdIa y(t) A

SRR
(1)
- (wen)
NNANnSH 1 LLUaﬂw“'%LEJ%izazgu (STFT) fisamin1sil 2:
t+N, -1 i
H(t,f)= D> W(n-1).x(n)e *" 2
n=t

e w(t) Ao minisresdaaiuaIINgIves N, megnniswlainagun 2.4

K, = 4.6643 at level 5.6, Optimal Window Length = 6, K = 2.2985 at level 2.6, Optimal Window Length =12,
Center Frequency = 151.0417 Hz, Bandwidth = 10.4167 Hz Center Frequency = 125 Hz, Bandwidth = 83.3333 Hz

= B
o &
Specrs) Kurosis,

sUN 2.4 naeslaunsy
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2.4 M3EPUsLBIEN

2.4.1 lassneUszamiiey

UayayUsedeg (Artificial Intelligence : Al) fisUuuulasasiuazn1suseaianamilouiu
aupesdeldin InsuuilAsusniesensneuaueesdunanminguesnsiious (earming
rule) ndsniilassdneldiFousieiidosniuds Tasstnetuaraunsavianuiisinun fiingn
MsBouiiunfAnadieadsiunsinuvesaussyed JwszneusmemiieUszananalondi
fhseu (waduszanm 3o neuron) Suuiasevluanesdinisidonsounnune Jsausana
Ifranenduneufinnesiinisuiudies (adaptive) wuuldiduidadu (non-linear) uae

aukuuILU (parallel) dnwaign1sviusiuiuvessounsguin 2.5

@) ¢ @5 )~ b
)¢ EeE) -5

() (2) 4(z) —
Ui 2.5 TassneUsvamidien

2.4.1.1 Foyadunm (Input Data) Aedeyailuiiay .Wudeyadanunmuazaiunsn
wUasbieglusuidisUsuna asungluguvesianvannuaieflaseineyssameeusula
2.4.1.2 Yoyaie1iny (Output Data) AsnadnsNiinuase 1WunaannseuIun1g

Seuivedlaseingysvamiien anuutiudAuedivteyaniiunilngduy

Y
[

2.4.1.3 Atimiin (Weight) AothwmiinvosusarlnuaiildainnisiFeuivedasedie
Usvam vide Fendnogrmisindraug (Knowledge) Arilgnifudurinugiieldlunisand,
Yoyadu feglufifiieatu annsausuidsuldtuogiuoyaiiinuiindu

2.4.1.4 #affunasiu (Summation function) Wunasiuvesteyadeutdinasad
whwiin

2.4.1.5 flaiunnsudas (Activation function) AeflsdduivhwiiisuAndsiavain

wdne wasnauladeentuluule duldnuudedunseliludadu nsdenldileiduas
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¥
v v

Juagfivdnuuzredlaseigyszammiluly daidunisuadisgratesuuuuitu sniniin

F15NANALUUANLITH WUULEUATI WUULFUATIVIN WUUTNUBY LUUTNUBELAUFUNE TnuDU

[ A

wuulewas sasun 2.6

Y

Unit step D, z<0, Perceptron L
(Heaviside) #) =405 z=0, variant —_—
1, z=0
Sign (Signum) =1 spel Perceptron —
#D=40, z=0, variant S i
1, z>0 Eem—
Linear Adaline, linear
Pz) =z regression 7‘4
Piece-wise linear 1, iz 3. Support vector | —
d=4z+L -Lez<l machine Tl
2 I+ 5 -3 3
. 1
0, 25 —3a
Logistic (sigmoid Logistic
gistic (sigmoid) 1 gistic —
Pz = T regression, ]
HE Multi-layer NN
Hyperbolic tangent gt Multi-layer
vp g M) = eie ; V
ol 4 gt Neural C-
Networks :
Rectifier, ReLU Multi-layer //
(Rectified Linear diz) = max(0, z) Meural _ .
Unit) Netwaorks

U 2.6 flstunisuas [33]

ndlsenevvedlaTieUsramlusun 2.5 eSunednuuzansalaaveilandy
wIesEAUNsSsuisuAmtinvestayaluzun 2.7 Walsrmnasiuvestoyaintinudiuinu

Wisuiisuiuilindunisulasezldondnaduavedeyauarasludlnunsosiy

In

Y(vn)

Activation
Tunction

Synaptic
waights
.

UM 2.7 MmyUszinanavedlasaiglszamiiiey [34]
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NFUN 2.7 M3iTeuiendenisiiausngusiiegis (examples 138 training set) 11y
lasstrglugvendmune (target) Mdoan1shilasedngnavauss lagfiarsungsunauas

Wnneaa:

{P1, f1}, {Pz, tz},--.,{pa} fo} (3)

Wedunngnleuludilaseng azgnindssuiisuiuidmingvesdunn udilaseineay

9 Y
1%

msusuaniminuagludaniungnissens sulumsdwendounduluisess ielendnm

lassthelinalnalAeadmang faguin 2.8

| black to network

—"1

U 2.8 msflnstudszamidien [34]

2.4.2 Tasednguszamiiisuuuunaulagdu
1) %’uﬂau‘hgﬁu (Convolutional Layer)
fumeuligiuvsznaudeirofivaiiawes uiasiaofiuaasgnimuslnenisdy ndsmn
fuvsualasnaidsuduuouninszaefoundu Suunadnsildanduneuligiuasinty
SruuvennesiuaTiawes Bund1 Thaosism (Feature map) luduvesaoulagiustnasmudng
Herfdunszdu SaduilsiFunuulidadu (Non-linear Function) saduszneuvesduneulagiu
Tuguil 2.9
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Activation function (ReLu) Activation function (ReLu)

Iy ~ g p

Max Pooling
L ] L )

Convolutional feature map Convolutional feature map

5UN 2.9 Fumsuligdu

- Junvesiangea (Filter Size) AoAnuninauazaugevesiansasiaztiunldlunis
aeulgtu

- MyeeuligdukuuLAy (Narrow Convolution) Aig N15UIAINTBININITABNIY
3nd IneSudeyavuin NxN fudinsasuun mxm aglawnsnduuna (N-m+IDx(N-m+1)

- yuAweInn3AN9 (Stride Size) Rodurudesvasdoyaiuidn avgnideulilon
Haansvesrauligtuluusazes

- 91UMNTBS (Number of Filters) iuu,m'az%umaaﬂaubq%’uﬁ@ffmiaﬂé’mﬂﬂ’j’mﬁq
Tngthntnaesianseusagialiivinfy Sruninseduduneulgiulay asunssivua

IuItesvesteyasurinluisuinall

) a . = .
2) Yuwaas (Pooing Layer %38 Subsampling Layer)
nmshuadadiidmineiiieanvuinvestayafiiunsaeulgiu toudeandunsuligdu
FazAuegiuniseenwuy msnadsiiluiteuilasdisee

=

- WAGMUUAIMINGR (Max Pooling) tUun1smiA1adeusian map veengutoya
aula lngdnanizAnngnannn1s map Yeyauazdlutudialy
- WaGawuUANaAY (Average Pooling) WHlauAUNITHATILUUALINGR WAKATNSNA

a [ ! a
mammaawuﬂummaa

3) mil,%aui&l\‘ngmgﬂtwv (Fully Connected Layer)
lasstgUszamiieuwuuingueuy gnussendlddmsunsduunsauivtunsuligiu
Ingndsandumeuligtuiasiuyads Juilussnaudetugens Almesidunseuagduiuuin

) v A

mfldudenmesidunseunny mandunsuntuastudnly

€e

h
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2.4.3 lawaswisdimasuaznisiniulung

1) lawaswisfiwmes

lawesmmimeshminiimuaungfinssuuasnsvhauresdaneifiu Sndanastng
unreUsEanSamsISeu :nmsAinvsiinesiddsoussansaimsdenismaasiagy
’gfézﬁﬁ:

59UNSRNEU (epoch) WAy YUIAYLY batch (batch size) n15t38usvedlunaeAens
fvuadnauseunsiseuslneduiusiuruinves batch vie naudoyaiignieuludslunaly
Asfnruses1uIUTaU 89 epoch waz batch vwnidiang1n nsveaaedasuindudiumils
193019 fit-tune n1siaunluinaludg wie n1snaaesdiedinisaislouiniudsunlas
W190WERINaTT [32].

8M31N15458 U3 (Learning Rate) Hudrmedia fnadoaunusiuvesnimgn (weight)
Tuusagluuaveslassngyszan inulagn1smAITILAuAIALRANAA (error rate) TIULLN
fuAnimdnlusdazivundelilaaniminlng aumnranvessnsnisSey
nansiindy fnsdnwuasiausnunniveasdaenisdeudasnisdeus Faduns
migapdevesluinadmiunsnad mmnassegludnunzuens fit-tune WilemuaiiaTign
Yaalama [10], [35].

mMafiuUszansnmlinena [36] mnuduiusvemnsiwesveanaianisBouiidedn Wu
n15an loss lurazilumadsusudazsounumsdnnavenduld aunsouiulmnganse
n13aaede (objective function) lasunisimuilagagull: Gradient Descent, Momentum,
Minibatch, RMSProp, iag Adam

AuaAEeY Cross-Entropy Ao AALEAEVDILUUTIADY gdueldanuadnsfifainy
drazdusewing 0 8 1 Wenmsiindumumuinasduiinnnisell’ vie wafuansiain
iy il cross-entropy wag loss function wansafuliuagfuuiun uimseususs DL

AUIISNIITORANAINTENINE 0 B9 1 aunsaunlawasldidudrufeniu
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2) nselnelu

(%

N19:38URNITURRUNSRNKUAITU 2.10 YATayafii1uN1T normalized kay H1UNTS
At g (label) gnadsiuludilaseaineuszam (NN) uag Asidunisaayide (loss function)
lagdilvun (node) virntiiimianud1iusvestoyn wag daA1goundu (prediction) Lite
Wiguiguiuilmung (label) vesyatayan1u loss function FanaveeAl loss Ao AR

& & 1 Ao . . < = al 1 [} a v a [ %2
voflentus LA gradient function (Junisi3euliieusendng loss iU wafilsannsiseus)
AOUNEINIUNATDY gradient lUFsduLNUTEANT AW (optimizer) AntliuUsEENS AN

(upgrade (weights, bias)) Yasluiaa InTEUIUNTFEUTAUTINIUTBUNITUA (epochs)

Label
Data Loss function
Input vector l / l gradient

Neural network _ Optimization
weights, bias

5UN 2.10 n1sieusvedlung

wallansiieusitedndudanesiiufiaunsoimuiwazysuasulasiasalaetuivyn
Toyatiug Fansnwitihunimulaenisuilelaseie wsdives suiaaseauvedasavig

WinuUszanSnnvaduwatazanseazainisiniy Ingaznandsluaisudnld

2.4.4 FFnsiaUszanininuasluna
nsimunelulagyguseivg anfen1sinUsednsnn anuwiugiveanalln Weus
vonivtoyawaryseansuauug Tuveasiinisfigadtanisldau Sruiudeyaninasdoniny

wiughvadluna Tudagtumsinussansamveslygussivgivarawuy laglunisveasil
laaguliludeannisi (@), (5), (6), (7), (8) uag aunsh (9)
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TP + TN

Accuracy = o P Y PN+ TN @
o TP
Precision = TP + FP (5)
TP
Recall = TP TN (6)
PrecisionT * Recall

F1 = Score = Precision + Recall 0
MSE = (®)
9

RMSE =

= .. =~ 1 ) = £4 A 1 ~ ..

D Precision: AAINULLLUYN, Recall ABAITUGYNADY, F1-Score ABALRAYUDY Precision
WA Recall, Accuracy Aadnuiudeyariniggnuasmnaaia, TP Aedayailinuieudignaedile
a Y a A v a W oA ° A v A o 9 ' v Al
WIBUNUUDYAY, FP ﬂ@%@%a‘wLQ@EJLLG]IZJZJﬂ’]iV]’m’]EJ, FN ﬂa‘uayjawmmﬂumim_]ﬂmmL:ua

Wiguiutoyadse, MSE wag RMSE Aa loss Milnthgiiefiumiuys y

o/

2.5 UIeMNeU04

miﬁ@umwmﬁﬂmsmiwifam’aziwawwﬂw%wLLUUVLaJdaqﬁﬂLﬂuﬁaau%“ULﬂmm’ﬁN VRIN)
HANUNAINTATIINITOBNUWUY NITIATIZAT R0 qﬂmaﬂﬁmmmL%’ﬂumsﬂizmama LAY
gana3nulun1snsiaian1iglnan aaenauni1slonuate AwulsasuazfAndanunadnud
= ¥ vo X
BERONSEEDE

Ty [10] 85 U18D9n1598NLUUSEUU NILM Tagn1stdd@unsindinsunisnsiadaulvan
wuuka1987 AanInd 2.11 UAF8LFINA1NNINITODNLUUIZUU 2 UV AD A1SASIAIUAINY
nnRuYeuEuUNs I naMAeldunisandygimsuniuresdunTIiansaduIduNSIMNNAN

= ~ P ) ' o A = P )

FIUSEU WuuRaes Aen1susunsdkazin ludygyiunsin wWeFeuiisuiuanuaunaves
A5 9ANBINUAINANINAIUITINAUINABLUULNS AU 8 UTBUUSEANS ANAUDANBSNUWUU

fulsl
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Training Testing

Rising edge 1
Falling edge

v

samples

5UN 2.11 Meseilassaiaveuduns

Tu [37] eSunefenisuszanalddanesiudyanusshivg (C-NN 59ufiu R-NN wag LSTM )
Wisuigulsednsnmussusazdaneiiiu laguszgndlunaved TensorFlow (Free-Model)
138 APl U89 Deep Learning Model nagaufegiudoyaves REDD dulugrudoyaiildsy
Al Tnsfidnvazvsdygialiiiuy 1 98 werduiinn1sl9aunietiudnuIl 6 naenn
3ou Usznaulumegunsal 8 vila lausvdnSninuesdanesiiusosas 80 vaansindu wan1s

yaasuandliluguil 2.12

21.13

Recall
Precision
F1 score

5UN 2.12 Usg@ivEnam C-NN $3uiu R-NN uag LSTM
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Tu [38] a5 unefian1sussendld hybrid-convolutional ¥esluiaa CNN $9uAU GLU
dmsunisnsiaianmglvanuwuulianan 1asevngues CNN Usenauaiedun1snses

[ A

(sequence to sequence: seg2seq) AI3UN 2.13, Activation function wazdu Full Connected

[
U 1%

$3UN1INTBIUVY Residual Nenun 12 Fu nadeumeguteyaanivivanuuy REDD 1u

[ v

TayamiUningaisisae Usenaumedoyarestiu 2 vae Jeunsainisviieu 6 vile lawn

Y

fl 0 v W

naoalyl lulasian 1r3099U 1ATRTNHN ALY LarlASeIa1991U aUNSallASRdLANATIAY

Y 9

a a

T gunsaludazytialaldanu 14 Tu Usednsaimues seq2seq Andnludiuvesgunsal

v o v
vaealnl iy way A3

e
o o o 5 3]
— -4 e ol - s = % Q —
9 U 7] v 7] v - ) 2 = o o
= < 2l |8 o b v 2 o
al 12 (2] (& |2l E 1z 1B (2] 2] 2] 1Bl |-
= 5 3 N = ai| ] oai = =
3 z o) v <] z ¢l ] IR o 5 9 oY
%—bs—b_g—ba—b_g—b;—bg—bg—bé—bc—bd—bz—b-'—bg
; L — ~ = 17 = = = .
H U o) o ) v 5, i o ) = 3 E 0
& & = & o e 3 = 7 7 r 5
o (25 - (0] - 2 z U 0 2 ] @]
] | ¥ = ¥ 5 v # e B 4 a0 L
@ o o o < 3 £ =
z > 2 2 )
= %

U 2.13 Tassieuszamifioauuy C-NN 93/ GLU

Tu 139] gafunmassgunsalldlnidseianiiaes Iiun in3osldlninifidnuaznnsg
FaurestranuuulUAsudaiunsalvinaunaenal (multi-functional: Type Il appliances)
nsiiudeyaianvasiuy 1 87 veaessedeyaiasindsiy dufinnisvinnuveseunsaiain
n15:0a-Un (ON-OFF) nsnaaasuiulassigdseamiiesuuunauligdu Useaiananediuiu

03810 UTU C-NN 97121 18 U Uszneusnieti Convolution 10 9y, U1 MaxPooling 4 ¥y,

[
=

Fu Full Connected 3 41 wiazduusenausae 1000 ua taedl 1 aanaduie1ving dagy

2.14
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Layer #16 - Layer #17 -
Fully Conpected ~ Fully Connected
Layer #14 - Laver#lS

o~ Layer #2- Layer #3- Layer 44 - Ccnvolutlun Maxpoolmg 1024
ol convolution convu\uhon Maxpooling
Input 16
| | / / / g
|
Tabdifs / () ’s
— | $’ 3
Input 2 !

Layer #18 - Output:
Aelectricity consumption
estimate for the target

appliance of the given input

U 2.14 Tasstne C-NN $1uau 18 T

Tu [40] sjafuluganisszynisddsundaswedlnanlunisenadunsudeu lae
91/8N15MTITULLY zero-cross %30 AuAdIEAFsTuTetgUnTal ansefuduradlasidie
(100%32, 5032, 50*64, 25*64, 25*32, 12*32) Iawl fully connected $7u7u 2 4u FHagu
2.15 wansindudiusganinn [natanasdssana 7 wii watlunisussinanasie 1 seulae
\de 105 ms wan1ImegpuanInandigUnsalldisgunsaluuuiieamieldsusuinanduy

o

HaENSHanIIAIURANAIAUTEIM 3% lunsnsiadurunsel

Flatten
output v ector:
14384

Man pmlmg Maxpoaling £ Seftmax
oupu matrix /B

FEATURE EXTRACTION EVENT CLASSIFICATION

Ui 2.15 Tase1e C-NN wuv 1 37
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Tu [41] 91n3U7 2.16 thiaus BILSTM $amfu dAE sadfulusnsaistumauuln
dmsuszylvanuuulsified Tuwalidnumens convolutional lnimuudeniteanszezinan
Tnefnafiuawosdmiunmaiouiaudnvusidenududou 3nit anszduvadassineuas
fudeyaas ileanuiinamsfivesussuuudassiitnniiuly aunsafunismanesiuavens
ni1etu uay awnsndoudgadnvagnisieuimiuresgunsalldBdu naasdlagld

giudoya UK-DALE Faudu grudeya NILM ildsuniseensu

I .\\.\

conv . . dense linear
k=4 BILSTM BiLSTM
e =16 — c=128 i =256 |——» —
il peephole peephale
linear TanH
™,
\“\..\
input sequence padding: same with peephole with peephole channel: 128 output sequence

sU 2.16 Tasatg BILSTM

Seinanundned, miﬁﬂmﬁﬁwLauamiﬁwmwlﬂﬁﬂmimnifam’asiwamLLUUhJa"Ngﬂ
lngldinatianisiSeudidedn daduludinisesnuuuinsindyyin snvasdeyanimuuua
Gnafu (reslaunsy) dmsuidfiudnuagruiiuandis uenainid W fuvdsulassnenis
SoudidednileiuUszanBamvosnisnsiaiinan uay annarluiindu fagndiidunis

AR ARAGINY

30



uni 3

A5 uUN15IY

3.1 YUABUNIIINNUVRINITATIRTENEInannuUlta9E)
unilaznanisneaziBeanmsdniunsise duil 3.1 udseenBusdnldun 1). ns

nsrvingunsalldluihdglulasreulnsaaes, 2). n1seenuuuszUUATIAFIVaANIsiN1AIY

=

nsiAsIeiuUluwng, 3). MInsiaiivaamemaiinnisiseusidadnuuuasuligdy, 4). fAnw

Y

a

d@n17¥ ON/OFF saunuluwma AlexNet, 5). nstUSeuiiguUseansnnwedsrmaaus

-------------------

: | | sCT-013030 |;
! 7 <l Microcontroller :
i 5 : SC5490 |
' | Microcontroll | ! * 7 :
R = NILM (Binary) | |
iiainisiisisisisisisisiisiniok W : v | FPGA !
Load data v
! PR < d !
| 7 : NILM (C-NN) | Binary |
Data to Kurtogram i * Y\ :
@ i D NILM (Alexiet) 1 |
! : OFF-ON Data !
| CNNmodified |1 /TN ¥ ; !
! T ! w % . ; v !
; : omparing . ;
! ! AlexNet !
i C-NN & VGG 1| (Classification techniques) | I :

5UM 3.1 MIaiiun15ide

WANIUMTITeMgUN 3.1 MIUssInanaduiuwsn, a5U18aN1598NKUUITNTIITANTS
auvesgunsalldliihselulasaeulamessauiu CS5490 diuiaes, afurefienisosnwuy

FEUUMIEINILIBSHLADS, CS5490, aunsalaadnuuulusunsy (FPGA) lunisiinfwasduiin



foyavesgunsnl Bnfiesurefenismsrasivandimaiaddnealuund (digital binary) Sadu
MIAMNAMULILL MIUszsnanasufiufiany, efueianaiiansSeudidednuuunoulgtu
fifiterlusunsafnandnvurvestoya naaswnensuiuasulasaisuazmfinesi
L‘Vimsamﬁm%’umimaﬁamwi‘wamﬁﬁmm%wi’fau N15UsTLNaNasUFUTIE, N1sMnasIRe
AlexNet Lun1s@nwianiug ON/OFF anelddayauuunesiaunsy Basinavadunismaass

wuulngdlunisiann NILM aaving, naaeeaig Deep C-NN LitalUTeuiisunaiuizanaaus

asunglneazidensasaludl

3.2 M3vanuuUkazn1InTIinaunsalldlniidielulasreulnsaiaas
NnMsAdunsIselugui 3.1 (Msneaesd 1) fuwAeigiamiwsiitiaruauss

ayrvfamasliihuagiuiinnisiauvesgunsal TnsuanssateyansliiiuuuiSeal il

nyvaouteyansldluin was Usudsungiinssunslalainltiussansam iedelld

1 Y Ve

Lfaunsadsendaalddnela gAnwimuilaeldlulasnoulnsaaes PIC32 Falu
llasreulnsaesniey Weoswinanudilunisussanadmiuyalulasaeulvsaaes 8nis
n1sWauIsessunisdedeyanisldndinusuuisealnd Waursiudvledasiafandeany

CS5490 Miflmnuazan 5957 way JnAlavaten uanidunaunsinaunagui 3.2

Wite Logging date to SD-Card

- §

JUT 3.2 unudanisesnuuunsnsiasivasmglilasreulnsames

31N3UT 3.2 NMseenkuuNsnTIsivansiglulasreulnsaaes SuAUN PIC32 Mg

Fune 1o1ews waz 1Wanisldnuluga antuldsunsuazyiinisdaaniuzsves SD Card Al
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Sufinnanislindsnuindiviels mnliflasyinnsasaaeuaniugaudluyng 10 Jund win
TUsUn5um599a0UL98 SD Card 9zvi1nnslusunsuansusuls SD Card iilotufinnanisin
aFanuandugeslunng 10 3undt wdaufiuan ims, vims, Psum, Pave 2 ntuled CS5490
szt inAInEsY waz vhnsadlidtuniteiuamnsinedaneg wdatufinas sD
Card uaz lUsunsunTIvdaiuy SD Card 8nads Tneausuuuiiites s Mnuanisyiaudn
voslusunsilunsasaaeuifilndeguield mnliflndoradatul mndlndoguédanssi

AsvufnNanIsTandsnumaanluany

CRD5490-Z2

Voltage Cap. Drop + Load

Divide Buck Supply

AC

"\ Current

Cs5490 '

MCU

\ 4

A 4

pe)
[solation

JUT 3.3 udenlaozinsy

n1seenuuuitnsTaaldndesuliide Cs5490 iiedstoyariiumiigyszuiana
PIC32 9n3U7 3.3 Bunmvedlediandsaruiuainszualnain CURRENT SENSOR way A
4396 971 Voltage Divide Sensor Iag Cap Drop Buck Supply Wunadnglwides 3.3 1aas
Thunlediandsau Woselnanliled iandsny ledazvidsrnszuauazusadiuaindumns ds
toyasenluganas Isolation Wursasndeusosznindlediandanuuazmieuszanana PIC32
1USEUU RS232 \lenhevuszanana PIC32 lafudeya azvinstiuiindeyasiie anledas

SD CARD iitelddayawmanilluldlumstiasgimsldndenuseld
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Ul 3.4 mssioledinndanu CS5490 Au PIC32

9113 3.4 uay JUT 3.5 nMseiersasled CS5490 Auvedalulasneulnsaiass PIC32 lne
wiigUszanana PIC32 (A) Wudisuteyaninasasled CS5490 (B) Wuunsgiunisdeteya
LU UART #2853 UU RS232 neufinrddinisldndssnuluds sD Card (O lny (D) e
uwasinelWliiuases namasssidadfulnan 4 9da uazvhniamnassda-Daudasivan

6

P v .:4' 1% A o a
LW'E]I"VIL"VIUﬂ'ﬁLUaEJULLUaQGU@QGU@MUa‘Vlu’]ﬂJ'nLﬂﬁ']s

[

Ul 3.5 lediandssnu CS5490

2 v a a . & v
sreriialunisinudeyaaiuisaivdsundaindnud (sampling) lunisinudeyalag
azlden WethlUinsevlaegagneies Aian 10 Junil Li‘JuLﬁaammﬁluﬂ'}slﬁu%yjammm'i

7IARDINUU
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P, o ==t
|__ — e l‘ =
= ™ = =
- i’ !, .. i
Lo 1T
¢ 7z i L H
[ |
- EE |..>
|!_-’_'T'n_|

gﬂﬁ 3.6 (A) madwlil (B) wasledianaseu (C) Voltage Divider Sensor Current Sensor

mﬂgﬂﬁ 3.6 N1599NLUVIATIANAINULUIeanTY 3 d1u a1ngU (A) F1elides 3.3
Tadlnledinndanu ngldlalon 1N4007 Sosnszualudeledisagiames LM2575HV (Jusin
ANTTAULIIAU bag SNB1TEAULIIAUMIETLILET IN5817 91n3U (B) 2995Ladinndeau Su
IhAssanaadnglil Inedanianea 4.096MHz 1iuled drueinmiinn Rx wag Do ey
PC817C iiaidausadyqnaseninnsastodiandsnuivieng solator filudiudausewing
lo@Tanassuiunuisyssuiana PIC32 dygraulddiainlediandserudouin 3.3v 14
PC817C Woudodsdaaalnilnludnms Isolator aua 5V Wietlesfiunissunuvesdayaio

o

Tagan Tx A3U&yn1nu91n7995 Isolator Aer1u PC817C Aouwdnuniilediawdsauiiieannis
sUNMuTBsdyIauiu 93U (0) 1asiuuulunia current sensor JaAnssualnasieiu
CT uaz Wiovimnlusaled CS5490 1ga IN+ uaz IN- d2ursasiudradunin voltage
sensor 3afusaduanivan uay duewinnludiled 55490 figm VIN+ Lag VIN- Fauananis

PONLUU PCB 939 AeUTl 3.7 uanawansinAmasnuluguil 4.1, Un 4.2 uag JUN 4.3
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Uil 3.7 eenuuu PCB vadlodinmdaanu CS5490

3.3 A39ANLUULAZN13ATITaN e InaauuUliidaAden1sIaTsiwuuluung
mﬂﬁﬁ’umaumiﬁﬂmﬂugﬂﬁ 3.1 (M3NAaDsii 2) HANwI2enLUY NILM G"fﬂgﬂ‘ﬁ 3.8 10u
nsdmaTINveInsvihuvesgunsalldlni (fAds, nszualiin vise useiu) undinsgsise

Uszynaldgunsaimsliivsedineadineans

- 1

ir Condition  Air Condittion  Freezer  Pump

-QIM‘I H

, 220 AC
C85490 cr

5U# 3.8 MI0NUUUTTUUATIIIIVAN

3.3.1 msidfsgunsalaleneiiiinesuasluga CS5490

31n3UN 3.8 nsidnfiegunsalniglidia suduusnyinsiaiideldau (wat) lneende

SCT-013-030 Fuduwuwesinnszuaunazussiuwuusnuweniiauannsalunissuinseuala

1Y [

49ga¥ 30A Tuserue1ng 1 (Vep) anvaizgniedygaldagsiuilaainimiiesinesdeely

[ [y [3

aluga CS5490 A/D wlasdanamdnealdudygiaeunden uaninsieusansgui 3.9 (n)

<
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=4

& o =~ ! sa & 1 Y] A o 1
Lo AAD GRISGITTgIAY! RS WU INLNILIDTURDITINAU data Logger, B ADMILLWUIUDINIT

[ [y [y

Tosaunseiw/nssua, C AadunusvesnstuiinAamasnu way Tugua 3.9 () Ae s

YD circuit breaker

(M) AUMUIYDINTINAINE Y (b) nMMTINVRINTRURERUN T
5UN 3.9 nmmsinvesnsregunsalldlniihsiuninesives

3.3.2 gunsalaadnuuulusunsuuasnisngivilnandewmatinluuni

1NgUT 3.9 dyanadineaiiiuluga 55090 azgnieulvidu FPGA naasslnguasn
DE2-115 91nlUsuns1 QUARTUS 15.0 Sinthilniafannizlnanvsliiuuuliaadlasld
wAila digital binary é’qgﬂﬁ 3.10 (a) n19¥iauvesgunIniaedniuulusunsy uay 31J‘17‘i 3.10

(b) logic element ¥89 FPGA

| Device EP4CE115F29C7

Timing Models Final

|Total logic elements 6,565 / 114,480 (6 %)
Total combinational functions 5,276 [ 114,480 (5 %)
Dedicated logic registers 4,263 /114,480 (4 %)

[Total registers 4313

{Total pins 525 /529 (99 %)

Total virtual pins 0

| Total memory bits 2,188,160 / 3,981,312 (55 %)

(N) ANTATIMUNINAAAIY FPGA (9) logic element w89 FPGA

JUT 3.10 Myvhauvesgunsalasdniuulusunsy
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91n3UT 3.10 nMsmsaadanmglnanuuuliidaddiensiiesgiluni ordentsm
Arindeindlaesau Py, =P+ P+ P+ P, + P, ifle P, fe mdalwisiuvesgunsal was
R.P,.P, P, fie mdsliihwesudavaunsal, msnenuazgunsalumeda digital binary fuaaily
Snwaziarluuiiviomgiuassuniiugiues FPGA Sn1suszananadeyanuusuiuyily
ansafinduauvedasyalwihiinaasdldsuusnnloe:
A5 3.1 Msasrafaunsallagldiavluund (Look Up-Table) faadnfisfaaniuzaas
f&slndinildase Power on w38 (P, ) wWisuiflsudumdsing1d198s Power reference wie
(P

ref

) MsSeuiiisuiavluunsanunsaesuiele wu e B egluaniiy “ON” wise Py, A1
FPGA AuadlaaziiArnudauly Ao Py, # B, waz Woulvnsdnduladaniiziwindu “0001”

Twavluun? Fadunsiieudisvanunisalitnuresaunsaiiiim 1

o ° 1Y a a
M1919N 3.1 ﬂ'ﬁ‘ﬂ']LLUﬂ@’JEJW]ﬂTJﬂLLUU‘lUU']i

Condition P, . 2 Pret et Pt
0 F F F B 0
1 F F F N Plrer
2 F F N 5 P, et
3 F F N N Poret ¥ Plret
a F N F F Pt
5 F N 3 N Prer * Plrer
6 F N N F Poret T Poret
7 F N N N Purer ¥ Porer ¥ Flret
8 N ¥ F F Prret -
9 N F F N Paret + Piret
10 N X N F Paret + Porer
1 N F N N Prrer + Porer ¥ Plrer
12 N N F F Paret + Parer
13 N N F N Pyrer + Porer + Prres
14 N N N F Paret + Paret ¥ Prer
15 N N N N Puret + Poret ¥ Porer ¥ Pyt
n N N N N

I:)MAX
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nmneaesihihgunsallnihdwiu 4 wie " " asuuna 30,000 BTU (28,792 W), wes
38 o v

o

YA 18,000 BTU (5,275 W), guaidu (700 ¢ Jui1 (K150 W) LUsuwenmudnees
miﬁwwuaguiiwmmﬁ (1), nadl (2) uaz muaadl (@) HnsrUIunINAaeInNEn Yz
yhandldun gunsaiiauniendu 2 sliaidunsveassil 1, gunsalviaundeudu 3 vy
Manaaesdl 2 wazgunsalviaundoudu 4 vdiadunmsmaaesd 3 wanismaaedusud 4.4, 3U
7l 4.5 uay gﬂﬁ' 4.6

3.4 N3R5 lnannlgmaliansiseusIBaanLuuAsulg Y
nsiauludwintenauntl, Yssaulymnsnsiaiaunsalvliabedtuyiaunsouiy
ammnmslesgilunifunstmuesuuindnusiuuesgunsal Femgiinaae
thinedianisi3oudiBsdnaniimun 9903y 3.1 (Msvinaesdt 3) wwaduaudmliun nisidds
Yoya mawandnuazdoyafiunnsislneasudnuasyndoyaliioglusUassdd (2D images)
derfiuaruamsalunsdouddnune sy vie noinssudeyatun uar n1snsrasivan

% a Y oA = a a N
ﬂ'ﬂﬂﬂ'ﬁlﬁﬂuzlﬂfﬁaﬂ EJﬁ‘U’]Bﬂﬁiwﬂaaﬂ%am%ﬂugﬂﬂ 3.11

Signal

Cenditioning

Classification

S - ansy :
|
1 I L |
[ Deap 1
Kutogram Images 1
= 1 Learming

"y

I

I

e e

JUT 3.11 msanfiunmsenaianneinaniuulidnawenisiteusidadniuuneulgiu
3.4.1 299IAUANTEAUNTELALSSAULAzaUnTalasdnuuulUsuN Y

= ! A = I Y = v ¢ &
Q']ﬂzﬂ‘l/l 3.11, A1TNARDIATUNNUY, LUuﬂ'ﬁL"U']ﬂﬂsUaﬂquaQﬂﬂimﬁi@ﬂqsaaﬂLLU‘Uig‘U‘U

Tufinteyansluilaeidouuseanduassdius;
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'
YY) a o [y [

1). 19395U5UsEAUFyau1es (Signal Conditioning: SC) fintnAiusussauwssaulninld

e

winngaunaudsliduuesn oanuuulagld Op-Amp viuinveedygravsasslann daaion

A7)

v
1% v

11970 PT way CT fonsvensdyanuduniumaiumulsuals (VR) elidadunisesnuuy

[ a

WelianunsauSuusaduliegnadase Wee” “udyaadunaniladuin-dessaiuueg

[

MawihauvesgUnsaludazyila Asgun 3.1

ElectronicPra Design)

Ao
-
noa

(1) 1933MIVAL Schematic

[y

5UN 3.12 299smuRusEAUdaMLay PCB ¥893433

2). m3senuuvIaasAEly FPGA 141Usunsy Quartus Il faguil 3.13 (n) deyadisinu SC
Wuusadu PT way CT deludauasn DECA Altera MAX 10 FPGA Evaluation board an s

AMNTINYBINTMEIUMITUN 3.13 (V) uaz nMTINN1sidensevesnsiintateyavedlnani

o (Y] v

JUN 3.13 (A) M9dNaInn1sLAULIIILaIN FPGA BiTethuniauigiudeyasenisuvandu

Y

v 6"

TOUARUULADSLAKNTY BeanTalansdnwzauvedyyunbnilagazesugludinu
moly

Voltage Signal  —— ADC1 UART [ Data Output

HIOS
CPU

Current Signal  —1 ADCZ ITAG  [4— Debug

PLL GPIO
t 1 I
] !

k UserInput  Solid State Relay

(n) eankuU9asNely FPGA Taaldluswnsy Quartus |l
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e sequencer pu

i

ph_led

(A) AMTIMVBINISAUTOLAFY R0

sU 3.13 mseenuuuasesmelu FPGA Tagldlusunsa Quartus |

miwmamﬁﬁ’uﬁﬂmiﬁwmmaﬂqﬂﬂiﬂif\i’m’m 5 9ia lawn k85vuIm 30,000 BTU
(8,792 W), Lasuu1n 18,000 BTU (5,275 W), nasaln (=100 W), lulasianl (=800 W) waz
Hanh (=150 w), mavmresUABulasasiugUnsainnsaaedugU 3.8 ieliidnve
nsvhendlumnedt (1) Soaned @) Tnetufinnsiaudusdanioauieabus (stable)

AR5 3.2
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M19199 3.2 MegreanuuzgUaiuluivesaunsal

guUnIaINg

i Aa819N13uveIgUnIal

i - il L : \”

wosHa 1 *_f—“||J|INNﬂwmw ‘||\||||u||ll.M"‘Wf“\’\‘v"”A ..... ‘”HJ\J A
Lo 2 :r---Tﬂml‘pumwvMw ! —\J\J\“‘l‘c‘l‘c'ww««:vmww ””Ww/w.mmwx
naoaln EARAABARA AR 3 o AMAAVAAAAN S VTN
W A

%JJ'S"] MR~ A A A ; A AMMM

3.4.2 MINMUIFIUTagALUULABS AN T

91N3UT 3.11, NMsveaesdIufass, wastayanisvinauluiwmisiad 3.2 egludnwaue
yaunaslaunsy daluaunisn 1 wazaunisn 2 Wnendeyadunadunisvinauvesgunsal,

‘U’e)iLIﬁL’eJ'W]‘WG]ﬂE) Guauamwaaf (aL‘Uﬂﬁﬁll) NaUeIN1TLUaLADSLALATH 6. @\1@]’]3'1@1’] 3.3
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M19199 3.3 Jeyavesunsainslnihuuunesiaunsy

qunIw anwgnlnihvesdeyawuuinaslaunsy
el

LBSFIN 2

b i 4

vaon b

Tulasia

a v =2 o ' ¥ U [
Tegazdgan siunndwunaeslawnsuluidazyaden amgnusuruiady 100 x
100 x 3 finia wustayaluyarlniy YAATIFEU LaTYANAAEU AINEIAY WUITIWIUTBY

JoyaannsguarinwdndiuveRaafeInuiumwian aguduanluuddsyndeya

Alusansnai 3.4

M13197 3.4 Jeyanuuinesiainsy

YRNNY  YARTIEDU  YANAFDY

YAtoya :
(A1) (V1) (A1)
WUULAE (5 class) 4,000 500 500
Munsaunuaassin (5 class) 4,000 500 500
Maunsenduauyia (5 class) 4,000 500 500
vaundeuiudvia 5 class) 4,000 500 500
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3 v

3.4.3 MInsaianizlnaanuulidrsasielaseinenaulgtu

1NFUN 3.1 MInaasdIudd, Anliun1saienisseudiddniuunsuligtu naasame
nsusuasulaseinelmiielvidussansamnagwu Isasnanianutiavgulunisinsey

Joya nsnaasstisaniuulinacail:

31N3UN 3.14 wellansiseuiidednuuunauligdu Qaweai 1) laseadiewes CNN

Y

va o

AI98USUlAS9Y18904 LeNet-5 531U DropBlock vuan1s1dinesnisiseusuuy Adam i
sefunsifinUszansa1nlutag (Bata 0.9 fis 0.999) $1urunnsEndy 500 soU fiswaziden
Tnsstneusenaudae ConV wun (32, 5, 5) §1uu 2 Hu vu1ATesianges 5*5 uag ConV 4un
(48, 5, 5) 17U 2 Fu WPBITAINTDS 545 Faiumadanis optimizer a8 DropBlock lagl
vunemasuden (bz = 5) uagmsiilmesniuny (KP=0.7) finthiidadeyasenuuuudonainnis
Ay saildauveanmasuunmaaesingld FC $1ua 3 4u aun 128 iun, 64 iun was
32 Tyun fifleAdunasiuuuy Softmax Hnduhesnsnmsgayde (L 71 0.0001 vuInYes batch
7l 36 HamsMARDILANIUsEAVEAMNSENEY M13RSI9EEU NMsMAERY LAy aIMsHIny a3y

Aluansned 4.1

Activation function (Relu) Activation function (ReLu)

- i TN A ~ T T Fugs -

MaxPooling, =] MaxPooling,
(32.5.5) (32.5.5) Dropblock (48.5.5) (48.5.5) Dropblock
) )
T

1
T
Convolutional feature map Convolutional feature map
(Block 1) (Block 2)

Activation function (ReLu)

Class 1
Class 2
Class 3

Class 4

06008

Class n

128 64 32

Fullyy connected
layer

Clas 511{: ation

5UN 3.14 lassaiiveanailanisiseuiidedniuuneuligduvesnisnnaesi 1
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913U 3.15 maidansieudidednuuuneulagtu Quead 2) lassai1aves C-NN
Usenauie ConV wun (32, 5, 5) $1uu 3 $u su1aveafangas 55 way ConV 1uia (48, 5,
5) 19w 3 Fu uevesiINgas 55 uay furesnisuunmnaedlay FC $1uam 4 du aunn
512 e, 128 111ue, 64 lnuaway 32 1un ANaNTUNasINYadlnanuy Softmax Bnrunig
dnsamsgauide (L Avuam 0.0001 ¥u1AYes batch 1 36 §1uIUANTHNHY 500 50U UAnd
Usednsarnvelumad miunisiniy N19nsiaaauaNgnae anlunsiniuLay

UsANSNINVBINITNAABUAINNT 1N 4.2

Activation function (Relu) Activation function (ReLu)
L{Poo}mg | -~/ MaxPooling,

= . _. Dropblock Dropblock
(32.5.5) (32.5.5) (32,5.5) (48.5,5) (48,5.,5) (43.5.5) o
L J L ]
| I
Convolutional feature map Convolutional feature map
(Block 1) (Block 2)
Activation fiunction (Relu)

Class 1
Class 2
Class 3
Class 4
Classn

Fully ct!nnecbed
layer

|

Classification
5UN 3.15 lassasnaanallansiseusidadniuuneuligiuren1snaaad 2

9n3U7 3.16 madiansiisuiiBadnuuuaouligdu (uiaadl 3) Tnssaiiaves CNN
Usznausig ConV aunn (45, 5, 5) §1uau 6 9y, FeilosAuseneuvesdudiou MaxP w1 5*5
Fafiunadianis optimizer #7e DropBlock lnefivuiaveuden (bz = 5) wasnisdines
AuAL (kp=0.7) $1u7u 2 Suisegndsuuinues MaxP wihfidadeyasonainmsisdnuases
A Halduvesnissuunnnasdlagld FC $1uqu 3 Yusuin 1024 Tus, 512 Tnusuas 128
Trnug SilsdunasIuuuy Softmax faeganan1snaasssdae Lr flvuin 0.0001 Yu1nved batch
71 36 S1urnNSENRY 500 59U wanIUsEANS A MweslumadusunsEndy NIRsIIEEUAIIY

9nFeg LA tUNMIRNNUKALUSEAVIEANYRIN TNAABUAINNTIN 4.3
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Activation function (RelLu) Activation function (Relu)

[FEA—[FHEm-

(45.5.5) (45.5.5) (45.5.5) (45.5.5) (45.5,5) (45.5.5)
L ] MaxPooling, ] MaxPooling,
Convolutionallfeature map Dropblock Com olutionall feature map Dropblock
(Block 1) (Block 2)

Activation function (ReLu)

Classz 1
Clazs 2
Class 3
Clasz 4

Claszsn

5UN 3.16 lassasnweunallanisiseuiidadniuunauligiurenismaas 3

1n3UT 3.17 wadiansiieudidednuuuasulagdu (uead 4) {naasdldviinisveny
Tassadrsvaslunafifliuavostunisnsesfiufuanlunadsud 3.16 Usenoudae 3 uden
Tngudendl 1 uazufendl 2 i4u ConV wuin (45, 5, 5) $1uru 3 Fu 5 MaxP wua 5%5 4
sihiinsesAngagaiidansawiueg udendl 3 B4u Conv aun (60, 5, 5) F1uau 3 Fu & Maxp
YUIA 5*5 99UAU DropBlock ¥uU19 bz = 5 kag kp = 0.7 ﬁwwﬁwﬁﬁm%’a;ﬁaaaﬂmmﬁﬁﬂ
dnwaizveann lasseiiiladidunisareleudoyauuinvessundndd 36 (batch size) Tudau
nsduunld FC $1uru 3 duruin 1024 Taum, 512 wuauay 128 Tua Sflsfunasiumes
LueaKUY Softmax HnHuAIednsINsgads (Lr) flwunn 0.0001 $1uruNHAKL 500 S8V
wanUseangainveddunad i niunsniy n1InTIadeuAIINgnaes LAt tunsEnNuLAL

YSLANTNINVDINITNAADUNINISIN 4.4
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Activation function (ReLu) Activation function (Relu) Actyaiion fuictiod (rax).

b b
< JI =
= [ T L /T L
(60,5,5) (60,5,5) (60,5,5)
" (4515.5] (45,5,5) (45,5,5) - Lk : | S
Comoluticaalgearare map  Divpblock  Comvolutionallfemrure map  Dropblock Comvoluticnal'feature map  Dropblock

(Block 1) (Block 2) (Block 3)

Acsivation function (Rel.u)

i, 8 3P Clasa 1

Class 2
o
Class 3
Class 4
Softmax

Cu
1024 512 128 -

Fully Sgons

layer
| - ]
Cln.unlrmnu

5UN 3.17 lassasweanallansiseuiidadnuuunauligduvedumai 4

1N3UTl 3.18 sewadiamsFoufiddnuuuaubaty (Tuead 5) Tasaaiisves C-NN
Tuudeni 1, uenil 2 Usenouse ConV wuna (45, 5, 5) $9u7u 3 %uﬁmﬁuaej waz Tuudan
7 3, UBend 4 1l ConV wun (60, 5, 5) F11U 3 Hu N9 Suiishnsesuunn 545 (kemel) 321U
DropBlock 411 bz = 5 way kp = 0.7 ﬁmﬁﬂﬁﬁm%’agaaamwwﬁaﬂ TudunsIuuANAae
Tneld FC $1uam 3 Fuauin 1024 Tnus, 512 Toiue, 128 Tvuna Seidunasuwuy Softmax
AnEumegnsINsaaLde (L) 71 0.0001 uIAYB3 batch 7 32 Hndudesuru 500 soU wans
Uszansnmveslunadiniunisinalu wansuszandammesslumadiusunisilnedy n1s

ASIAABUANGNABY LIANTHNNY Uay UseanSnmvesnsnaaeulunisnan 4.5

Activation function (ReLu)

I !

Activation function (ReLu) Activation function (ReLu) Activation fonction (ReLu)

25 Tt ll 41 @ P Jl
!, 77 AL If /T
(60.5.5) (60.5,5) (60,5.5) (60.5,5) (60.5.5) (60,5.5)

oL~ AN A
(#5.3.5) (45.5.5) (45.5.3) - | MaxPocling, | ) MaxPooling,

"
MaxPooling 3 ing, -
Comvolutional featore m Dm;?g; " Comohmionalesmmemap  Dropblock Convolutionalfesture map  Dropblock  Convolutionallfeature map ~ Dropblock
ekl (Block 2) (Block: 3) (Block 4

Activation function (ReLu)

-y = WY Class 1
Class 2
Class
Class 4
Softmax
Class
1024 512 128 °
Fully connected
layer

5UN 3.18 lassasiwweanailanisiseusidedniuunauligtuveduinad 5
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3.33  msuSulslasetigaauligduuunugIuYee VGG
91NN15USUIASIUN8INN1TNAR89BIlATINY CNN Tulunai 1, 2, 3, 4 waglumain 5
WAl LAl TEANS AT NUIluAE NANIINAADU KaT LIAINNTNAABY UBNAINT N1TNAADIEY

[

annsavenetuldreiiios 91nnsAne, laeadaaueasaUSuIIALa SNl
denndeafiu VGG Net [40] Fslunavunalve) Sdefiiaunainvats wilinaiidedesainnis
Boudtoyarundn Snitadmnevesnmsannafiaydeannisiiny

N3V 3.19 shamedansiGouiidsdnuuuaouligdu (amad 6) lassaiisves C-NN
Tuuondl 1, uden#l 3 Uszneudis ConV aun (32, 3, 3) $1uau 2 FuiFesiueg uas Tuuden
7l 2, 4 uaz vdenil 58 Conv v (64, 5, 5) $1uu 2 Fu wﬂq%y’uﬁé‘f'mﬁawmm 2*2 (kernel)
i DropBlock ww1¢ bz = 2 war kp = 0.9 Tuudend 5 ﬁﬂwﬁwﬁﬁwﬁayjaaaﬂmﬂmiﬁqé’ﬂwmz
Tudunssuunnaaesld FC $auau 2 $u 1 Fuste 500 Tuun Silsifunasiuuuy Softmax
Anslusnednsnisgayds (L) 1 0.0001 yuraves batch 71 24 Anslusned iy 100 58U uans
Uszdnsnmvaslunadiniunisindu wansuszd@nsninveslumadinsunisineu nns

RTIRARUANUYNABY LI81NTHNAY Wae Useavaninveansnaaeulunised 4.6

Activation function (RsLu) Activation function (ReLu) Activation function (ReLu) Activation function (ReLu) Activation function MU)

7 Mapao ] \thou].lng(Z 2)

(64.5.5) (64.5.5) (1*1) (64 5.5)(64,5.5) DB(2 0.9)
L

(32 33) (3233)
[

[
Convolutional feature map Convolutional feature map Convolutional feature map Convolutional feature map c;,m olutional feature map

MaxP,
M&EP’P ‘(6-1 5.5) (3222) (z*ﬂ) (32 3.3) (3233

(2*2> N

(Block 1) (Block 2) (Block 3) (Block 4) (Block 3)
Activation function (ReLu)

— N Class 1

Class 2
Class 3

Class 4
Softmax

500 300 Classn

Fully connected
layer
L J
T

Classification

5UT 3.19 lnssasnseanaliansiseuidadniuuneuligiuresnismaaesi 6
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91N3UN 3.20 mginadanisiseudidednuuunsuligiu (ueahn 7) lassaiaves NN
fidnvauzvestunisatnauaudfindrends UNet Tngluudenil 1, Usznaudae ConV au1a
(512, 5, 5) 91w 3 Juisesiuey Tuudenil 2 uaz udeni 4 § ConV wwa (64, 5, 5) T 3

= I~

Fuiseariued, luudeny 3 i ConV wu1a (32, 3, 3) I 3 Tuudendi 5 3 ConV wum (128,

[y 1

5, 5) 914U 3 %gulﬁsmﬂuaq NN Fuildnseswunn 2¢2 (kernel) & DropBlock 4u1A bz = 5
uay kp = 0.7 imihiifadeyasenainnisiednwae Tudrunissuunnaasdld FC druau 2
Fu 1 Fuste 1000 Inun Tiladunasiuuuy Softmax Andudaednsnisgaide (L) 9 0.0001
YUIAY84 batch 71 24 Hndusedinau 100 soU uanwszansamuedlunadmiunisiinedy
wanUszansainvedumadiniun1sindy N1595I9EBUAIINYNABY LIANTANNY Lag

Useandnnasanisnaaaulunisnan 4.7

Activation function (ReLu) Asuvanicn fancuon (ReLu) Actovalion lunction (el u) Actovation function (Relu) Activation function (ReLu)

Gl AL 2 @Eﬂ@w,

(}l 5.5 (512,59 (512 53) ]_]3[ U-’} (5.; 51 (64,3 J(rl } DR '7 AE33) (1233 DB( A7) {6.1 SHELS5) (615.5) JM\ o0 il’BJJ)(I"4\1)f1?S‘:‘:} m( D}

Comvalutioms 1 feature g Con\oluuona.l feature map Canvi DIWW-“ fearure map Coinyhuts '“' Reanwe niap Cony oluuomlﬁm\:cmsp
(Mock 1) (Block 2) (Block 3) {Block 4) (Block 5)

Activation finction (Rels)

T

Clas 1
Clas 2
Clags 3
Class 4

Eof
|‘lf)_'-l 1024 Classn

Fully comnected Layer

5UM 3.20 lassasiveunalinnisiseusidadnuuunesuligturenisaas 7

NN3UT 3.21 fewmedamsFeusiddnuuuasulaty (umai 8) lassaiives C-NN
Tuugend 1, Usnoude ConV awa (32, 3, 3) §1uau 1 94 wag ConV wum (64, 3, 3) $1UIU
1 4 Sesiueg; Tuvdend 2 uaz Udendi 311 ConV aum (32, 3, 3), ConV au1n (64, 3, 3)
waz ConV wwa (128, 3, 3) §1uau 1 9u (Sedev) Fudunisidesdfusuinvestunisnses;
Tuuaenil 4 Usznausae Il ConV vuia (128, 5, 5), ConV au1a (256, 5, 5) waz ConV 4u1a
(512, 5, 5) $9u7u 1 94 (3898160) war luudendl 5 Usznaudie ConV vuin (512, 5, 5)
$1uau 3 T naq%uﬁﬁamawmm 2*2 (kernel) 1awdl DropBlock UM bz = 2 Wag kp = 0.9

Tuudend 5 vimiihfAadeyasenainnisisdnune Tudiunisdwunnaaedld FC §1uu 2 4
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1 Fusio 1000 Inua Jilatunasiniuy Softmax AnHumednsINsgeade (Lr) 71 0.0001 Y119
U84 batch 7 24 Hnruaigdnwiu 100 5oU uanslsyaniamvaddunadmiunisindu uana
Usgansarnveslunadimiunisindu n1sasisasuadugnaes LIan1sindy uaz

Useandnmaeanisnaaaulunisnen 4.8

Activation function (ReLu) Activation function (ReLu) Activation function (ReLu) Activation function (ReLu) Activation function (ReLu)
Ma}.Pculm! NLM @@@hiﬂmimg @ @E&lmm @) @ Ma)d’onlmz @)
(3233) (3233) ( 2 (3233)(6433) (1283 3 @ (3233)(54;;) (128.33) cz 2) (17335) (256.5,5) (512.5.5) DB(ZOD) (512)5) (512,5.5)(512.5.5) DBaog
Com olutional feature map Cmnnlutmual feature map Conv Dl“t‘ﬂml feature map C"“""l‘lmml feature map Cmvoluh:mal feature map
(Block 1) (Block 2) (Block 3) (Block 4) (Block 5

Activation function (ReLu)
fonie Class 1
)| Class2

Class 3

Class 4

Softmax.
1024 1024 Classn

Fulty connected layer

Classification

5U# 3.21 lassaiweanallansiseusidadniuunauligiuresnismaaedi 8

NNV 3.22 hemadiansFeufidednuuuneuligdu (anadl 9) Taseairsves C-NN
Tuudend 1, Usznousne ConV auana (45, 5, 5) $auau 3; luvdeni 2 Usznausie ConV
YuA (45, 5, 5) $1u7U 3 T1: Tuudendt 3 Usenaudae ConV auin (45, 5. 5) §1uau 3 vu: lu
udenit 4 T ConV aun (60, 5, 5) $1uau 3 Fu waz Tuvdentt 5 Usvneusae ConV auin (45,
5, 5) $1uan 3 T LAY DropBlock Uu1® bz = 2 @y kp = 0.9 ﬁmﬁwﬁﬁ’m%’a;&aaaﬂmﬂmsﬁq
Snwar nnatulifansesaun 2+2 (kemel) Tudmnssuunvnaeddd FC S1uau 2 4u 1 dusie
1000 Tniun Hilstunasaunuy Softmax Andusnesnsinisgaude (Ln A 0.0001 vurAveq
batch 71 24 Annugaesiuau 100 souU wansUszaniamveslimadiniunisilndy wans
Uszangainveslumadiniunisilnedu n15as19aauAINgnaed LIan1sindy was

UszanSanvainisnaaaulunisnen 4.9
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Activation functica (ReLu} Actvarion fancuon (Relu) Actvabion fimetion (Relu)

(64331 (ous) (64,3,3) {6433,1 433 (13533) g GL23DES3) (B33

Couwhmnnxikmxcmxp ( “omvolistional feature map Cemya rluhmu!l ilure map
(Block 1) (Rlock 2) (Block 1)

Activation fimetion (ReLuj

Soflma
1024 1024

Fully coanected layer

Attivation function (ReLu)

Activation fanction (ReLu)

b

MaPoolmg (2°2)
fi',‘ﬁ 5.5) (256.5.5)(256.5.5) I)H 09

Foe BE0e BETS CR08 BRE

?*ii)qmnm 6,3,5) f2

L.am'omunml feature map

(Block 4)

Cnmuh‘lmulf it map

(Block 5

5UN 3.22 lassasveanallansiseuidadnuuunauligdurenismaasi 9

91n3UN 3.23 Mmemadanisiseuiidadnsuuneuligdu (lueain 10) lassaiieves C-

NN Tuudendt 1, Uszneudae ConV wun (128, 5. 5) s1uau 3: luudenil 2 Useneusie ConV

UR (128, 3, 3) 91U 3 Tu; Tuugendt 3 Useneusiy ConV wuin (256, 5, 5) IMUIU 3 FU;

Tuuden? 4 1 ConV au1a (512, 5, 5) 31U3U 3 T4 wag luvdeny 5 Usznausie ConV wu1n

(1024, 3, 3) 71U 3 Fu NNTULAINTBIVUIA 2*2 (kernel) Tudrun1sTwunnaaely FC

13U 29U 1 Fusio 1000 Tnun Tilaidunasiuiuy Softmax AnHumednsnisgede (L) 7

0.0001 VUIAUDY batch 71 24 Hnelumigdiuiu 100 5o Lansuszansninveslunadnsunis

AN wansszavsnmveduinadmiunisiinay N1srsIadeUANYNARY LANNTRNNY uag

UszAnSnnuean1snaasuluns1en 4.10

Actvation functios (Rela) Activaticn fimstion (ReLu) Activation functics (Rela)

FEEe (BEE8 SE0R BF0

@2 (51 SHBILSIGILSS) @272 {lo: 3 (1024, 3 301024.33) ;)
1]

(12855}(”:)] (2855 @B (1283 J:{lxﬂ)us 13 @ (2‘55‘)[5555}{ 9655
- )

Coavolusi M:I Zeanze map Cons vﬂulwnai feature mag Cmﬂhﬁm“m e map
Block 13 {Block 2y (Block 1)

Activation fuection (ReLu)
A T

Class 1
Class 2
Class 3
Clssd

Sol
1024 1024 Classn

Fully connected layer

Classificativn.

Activaien fancion (Relu)

leu'l tional feature mag
(Biock 4)

Astivation function (Relu)

T
Comvatutional feature map
(Block 5)

5UN 3.23 lassasnveanalinnsiseusidadnuuunsuligiurenisvaasdi 10
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WERINSIUSUMIEUS18aLLBunvaIlunaT 6, 7, 8, 9 kay Jakmai 10 LIRam151991 3.5 Na

nsnaassiUseanduaiuddiu: Uszansnmueansilnduy nansenusennuiivensiseus

Ha loss vadluaa way Usedndainveanisdnwungunsal lumisneil 4.6, 4.7, 4.8. 4.9 uay

A15797 4.10

A15197 3.5 W15TReSUaTaIR

[%
LYY

YYUYDILULAAN 6, 7, 8, 9 WAy Lman 10

vien Tuwai 6 Tuait 7 Tuwai 8 Tuaii 9 Tuwait 10
ConV(323302L%  Conv(512.5.5)(3L): ConV(32,3,3X1L)& ConV(64,33)3L);  ConV(128,5,5)3L);
AcT: “RelLu”; PaD: ACT: “ReLu”; PaD: ConV(64,3,3)(1L); (ACT: (AcT: “RelL.u”, PaD: (AcT: “RelL.u”, PaD:
o “Same”; AcT: “ReLu”, PaD: “Same”, “Same”, (all: 3 L)) “Same”, (all: 3 L));
Uasn 1 “Same”; (all: 3 L);
“ReLu” (all: 2 L); (3 L)); MaxP (2, 2), St: MaxP (2, 2), St: (2,2) MaxP (3, 3); St:
MaxP (2, 2); St: (22) VP (225t 2,2) 22)
2); DB: (5, 0.70)
ConV(64,5,5X2L); ConV(64.5.5)(3L): ConV(32,3,3X1L)& ConV(64,5,5)2L)&  ConV(128,3,3)3L);
ACT: “RelLu”; PaD: ACT: “Relu”; PaD: ConV(64,3,3)(1L)& ConV(128,3,3)(1L); AcCT: “ReLu”; PaD:
o “Same”; AcT: ConV(128,3,3)(1L); (ACT: “Relu”, PaD: “Same”; AcT:
Uaan 2 “Same”; (all: 3 L);
“ReLu” (all: 2 L); (ACT: “Relu”, PaD: “Same”, (3 L)); MaxP “RelLu” (all: 3 L);
MaxP (2, 2); t: (2,2)  MP 2 DSER2E w1 (31)) Maxp 2, 2), St: (2,2) MaxP (3, 3); St:
DB: (5, 0.70) 2,2), 5t (2,2) 22
ConV(32,3,3)2L); ConV(32.3.33L); ConV(32,3,3X1L)& ConV(32,33)M1L&  ConV(256,5,5)3L);
AcT: “RelLu”; PaD: ACT: “Relu”; PaD: ConV(64,3,3)(1L)& ConV(64,3,3)(2L); AcT: “RelLu”; PaD:
“ “Same”; AcT: ConV(128,3,3)(1L); (ACT: “Relu”, PaD: “Same”; AcT:
Uson 3 “Same” (all: 3 L);
“ReLu” (all: 2 L); (ACT: “Relu”, PaD: “Same”, (3 L)); MaxP “ReLu” (all: 3 L);
MaxP (2, 2 5t 22) MR B ESER2E v, (31)) Maxp 2,2), St: (2,2) MaxP (3, 3); St:
DB: (5, 0.70) 2,2),5t:(2,2) 2.2)
ConV(64,5,5)2L); ConV(64.5.5(3L); ConV(12855(1L& ConV(12855(2L&  ConV(512,5,5)3L);
ACT: “RelLu”; PaD: h B ConV(256,5,5) (1L)& ConV(256,5,5) (1L); AcT: “ReLu”; PaD:
AcT: “RelLu”; PaD:
« “Same”; AcT: ConV(512,5,5) (1L); (AcT: “Rel.u”, PaD: “Same”; AcT:
uaan 4 “Same” (all: 3 L);
“ReLu” (all: 2 L); (ACT: “Rel.u”, PaD: “Same”, (all: 3 L)); “ReLu” (all: 3 L);
MaxP (2, 2 st 22)  MBP@2ESER2 g Q3L Ma (2,2, St (22 MaxP (3, 3) St
DB: (5, 0.70) MaxP (2, 2), St: (2,2); 2,2)
DB: (2, 0.90)
ConV(64,5,5X2L  Conv(128.5.5)(3L); ConV(512,5,5)3L); ConV(256,55)3L);  ConV(1024,3,3)(3L);
AcT: “RelLu”; PaD: ACT: “Relu”; PaD: AcT: “ReLu”; PaD: AcT: “ReLu”; PaD: AcT: “RelLu”; PaD:
- “Same”; AcT: “Same”; AcT: “RelL.u” “Same” (all: 3 L); “Same”; AcT:
Uaen 5 “Same” (all: 3 L);

“RelLu” (all: 2 L);
MaxP (2, 2); St: (2,2);
DB: (2, 0.90)

MaxP (2, 2); St: (2,2);

DB: (5, 0.70)

(all: 3 L); MaxP (2, 2);
St: (2,2); DB: (2, 0.90)

MaxP (2, 2); St: (2,2);

DB: (2, 0.90)

“ReLu” (all: 3 L);
MaxP (3, 3); St:
(2,2)
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M15199 3.5 NNNDILATANPUTUVRILUAGN 6, 7, 8, 9 way Lman 10 (sv)

udenns FC1: 500; (ACT) FC1: 1024; (RelLu) FC1: 1024; (ACT) FC1: 1024; (ReLu)  FC1: 1024; (ACT)
UN FC2: 500: (ACT) FC2: 1024: (Relu) FC2: 1024: (ACT) FC2: 1024: (ReLu) FC2: 1024: (AcT)
SoftMax SoftMax SoftMax SoftMax SoftMax

NNgUT 3.19 faguil 3.23 agunmsiFeudivuseazidonvedunalumsned 3.5 maUsu
Tassnelanaail 6 Wamn191nguil 3.18 waz VGG 11 vinsududidunisvens convolutional
layers 99nU19 64, 128, 256 way 512 10U 32, 64, 32, 64, 64 winandunisusurualuaae
sogndaadidl resolution wuraidn Tufitisands kemel Tnedin DB luudanit ConV Block 5
fviun DB: (2, 0.90); msusulasstnelumadi 7 Wunsresenaniuna 6 Tngesnuuulaseng
WU U-Nat [43] aaen15v818 Input layers Tadiuua 512, 64, 32, 64, 128 way DB lagA1nun
DB: (5, 0.70) Lila@nwdnvauzauduRusves kemel fidiwasie feature Feimuisaiiiosly
Tunadt 8 fddunisideavestu Convolutional Tnsannnsiiwesluudondt 1, 2 uaz 3 Snii

1%

Wiy DB Tuudenyl 4 way uden®l 5 A1vua DB: (2, 0.90) nnseenwuuiliivelaidseulunis
a o w ' koo LIRS ~ A v o X P

I589819UV89 kernel lwnANNsYEIElATIIeilasutunsveeNgadees el lumall 9,
10 waz luwail 11 fAganaINNISNAaeNaunti1 Fudun1sanseaunisIimesadann tean

LRANUMNSHNHURALUSEANS NI NDRIUN1TNNa DY

3.5 Anw1an1az ON/OFF saufiulaina AlexNet

awn%umaumsﬁwmuiugﬂﬁ 3.1 (msvaaesi 4), umsiauntluna AlexNet 7ilF5u
NSWELNIIIMAaeITINAUYATayarasiawnsy daiulumaidssuieuannznslalanis
yhauvesgunsal (ON-OFF) saguil 3.24 Tnedangunismaasaiiu 10 yateya Ao Class1-ON,
Class1-OFF, Class2-ON, Class2-OFF, Class3-ON, Class3-OFF, Class4-ON, Class4-OFF, Class5-

ON wag Class5-OFF, #ailignisinudeyawteendu 10 nsdlds:
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100 T

80 B

Class3-On

Current (A)

Class1-Off
Class2-Off
Class4-On
Class5-On

Class1-On
Class2-On
Class3-0ff

Class4-Off
Class5-Off

0 1000 2000 3000 4000 5000 6000
Time (Sec)

5UN 3.24 #ave5rUU NILM dwsunsiaianniglvanuuusiaiies

1. Class1-ON nsdlillaiadesldlliin Class1 vde Air conditiont flesdafien wiesinns
Waededdlnlindusgrounth udwhnmsidmedesdluii Classt wazshnstuindr Current
Tut24 Transient Power On waata3sldlufin Class1 wazifiudeyalfidu Class1-on lu
Dataset

2. Class1-OFF nsdlilaa3odldladiy Classt gnillaliifissdiien n3efinsiln
inFesldlninduegieunide 1efinisUaededldluli Class1 wagyinistufingr Current
Tugaa Transient Power OFF ¥aata3aaldluiln Class1 waziAudoyaliifu Class1-off lu
Dataset

3. Class2-ON nsdlidainiedldluiin Class2 w3e Air condition2 Lilesfaiied 3eiinng
Waededldlnlinduegnoumi wudwhmadaedesldlni Class2 uazvhnstufindr Current
129 Transient Power On weata3 ol Class2 wazifudoyalfidu Class2-on lu
Dataset

4. Class2-OFF nsdliUaadesldluiin Class2 gnilialiiflssdaiien niefin1aila
insesldlnindusgieuntige 1elinisUandedldluli Class2 wagsinnistiuindr Current
Tut24 Transient Power OFF waata3asldfludin Class2uagiiudoyalfidu Class2-Off lu
Dataset

5. Class3-ON nsd@daadasldlafln Class3 nie Lamp sfissdniien nIefinnsida

w3esldluinausgnaunty udwinisilaasedddlniin Class3 wagviin1sdudindn Current
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Tug29 Transient Power On weata3asldflulfin Classt wazifudeyalfidu Class3-on lu
Dataset

6. Class3-OFF n3dlilata3asldluiin Class3 gnilialfifisaiaifien n3efinis1da
insedldluindusgieuntinge 1WelinnsUaadeldlyiiin Class3 wagsinnistufindr Current
Tugaa Transient Power OFF vaaia30aldlulfln Class3 waziAvdoyaliifu Class3-off lu
Dataset

7. Classd-ON nsdlila3dldluii1 Classa 130 Microwave iigsiufen wdeiiniside
in3esldliinduagiount udivinnsidaeedddlui Classa wazvinnnstiufinan Current
Tut24 Transient Power On waata3asléflulfin Classd wazifiudeyalfidu Classa-on lu
Dataset

8. Classa-OFF n3dlilata3asldlaiin Classd gnilialfifisaiaifien niefinis1da
insedldlulihdusgdeuntide wlefinistaiadedldlnin Classd uazvihnistudindr Current
Tugi19 Transient Power OFF vasia3asldlufln Classt waziAvudoyaliidu Classa-off lu
Dataset

9. Class5-ON nsdilaadaaldluiln Class5 n3e Pump iesdaiiien niefin1side
wsosldlnindusgiounth udwimsidandedldlni Classs uagyinnnstudinedr Current
Tut24 Transient Power On vaaia3asléflniln Classd wagifiudoyalfidu Classs5-On lu
Dataset

10. Class5-OFF nsaliUainTealdlnily Classs gnidnliifiosfaifien niefinsida
insedldlulihduegdeunindae wefinstaiadedldlnin Classs uazvinistudindr Current
Tutia9 Transient Power OFF vasta3asldluil1 Classs wagifiudeyaliidu Classs-Off lu
Dataset

nsnaaasusaznsivinnstufindoyald 1000 afufeidugadoyaiiiilunaasuiu CNN
Tngvhmsudsteyaluusazyadimiuyinnisilneu 509% uaz ¥innsmaaeu 50% deyatigniiudin
dudnszuangneuanldvazdaeieddiniiutazii szozinalunstuiin 500 ms

LAAINANISNAABIUANSINN 4.7 Ay A157197 4.8
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3.6 N15NAABIA2Y Deep Convolutional Net wag n1stUSeuLisuNan1sNAaY
LENEIET

Mndumeumseuluguil 3.1 (Maaaesi 5), iWumstannthlunaildumsmeuns
umaassnfuyadoyatneslaunsuiieIeuifiouiulumaduauslnefiseazidonlusui
3.25

MLP
Alex-Net
— - A ': - Performance model
urtogram > : VGG : >

1 1

! | - Confusion matrix

1

1 CNN [24] I
1

E kel -» Transfer learning

A CNN [44] :

U 3.25 msiFeuidfisumadanisnsaaiuaznisiBeusidedn

mﬂgﬂﬁ 3,25 Usznausiemaiia MLP, AexNet, VGG, CNN [24] 41 ConV auin 25, 5.
2 veeufl 1; ConV aunn 32, 5, 2 veatuil 2, uay ConV wum 64, 5, 2 Inefifledtunissau
WUU ReLu Sfunssuun 2 $u (1 Fuste 1000 Tnun) way CNN [44] S4u ConV vwa 16, 32
uay 64 lawiliAsiua 3*3 4 stride 2 x 1 LUV padding N1snAaasEniuAI8ITa1ETaUNS
Foud (Transfer learning (TL) agunalilunisedl 4.8 tieadnuduiiagiunisiivun
wsfnesdu eanuluiasgiudmiunisilndu fmunseunisilniu 100 58y batch
Sualdf 24 seninatunsunisineuslaSunsuTuuLs learning rate Tu%24¢ 0.0001, A5
Ansuanfie Adam optimizer ¥3euAlayy1 decaying va4 gradients dusunisiseuilunsay
59U dn3n1saatadaivuailu 0.9 uag 0.9999 faddunisieusiuy Categorical Cross-
Entropy Loss Anuan1safiinasigrelun1sinlulifi 1e-8 (Epsilon). Uszutanauy
55UUUHURANS Windows 10, RAM 32 GB 134a1u5alun1sAuiaende Nvidia GeForce RTX
2070 Super Gaming OC, GPU memory 8 GB l5U1399n 1L UU Deep Learning W W10 28

Tensorflow uag Numpy 1.15.0 Ingn1wn Python 3.6
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unil 4

NAN1INMEBN

4.1 WaNMINAABINTINAQIUINHN

9nnnnaedluzul 3.2 nansvaaeis 3 wuureanisn1snTaringunsafldluiidae
lulasreulnsaiaed Wumsihiaueiiderlunisingunsallagdie 1uisfmneanlunsiau
szuunsraiinaniioandldine (Low cost) Tunounsvanomdsaindensasais lnstad
nstindsnuanivan 4 wia loun Junia, vaealil waz uss 2 9u leeiln-Ungunsalusay
yiiplutianariinetu navesnislimdanuifnanled Cs5490 dedfumineussanana
PIC32 nan1svaaneRaguil 4.1, U7l 4.2 uaz U9 4.3 wiulddn dhanandile-Ungunsaling

FAANUY TN UNLANANY AL UI93900InsATA1a797uly dumedianainalnan

[ Y Y = a 1 £
Wwmuse Fednisiunszuaunnluyiedy

Pavg

;51]17; 4.1 n153nMas 4 1uan; (A) soldering iron a (B) Bulb (C) soldering iron b (D) hot melt

glue gun



lrms

W
2 ki | :
1 \\ i
L (A -
b RN | i
A A+B B c+b 4 E ekl inED
D @@ o o=t D22y nEYTINNEERENY Y
~ -l i CERRT- T o =T S oA N -1 - 8 5 S e "
A A A A A A A A A A AN NN

g‘dﬁ 4.2 mMyianszid 4 1am; (A) soldering iron a (B) Bulb (C) soldering iron b (D) hot

melt glue gun

e
Psum
a000
L0000
/
A
4000 Ay
000 A
e
L44] v
000 f
_’.-/
-
Lo
0 =
-] R AN W] g @~ g N ~ n
NMTm e~ S g MarR R RREE a8 A
R R I B R = oo o

5UN 4.3 M359uM693n 4 lvian

4.2 wan1InTR3nanaiggunsalaednuuulusunsusiuiumeatialuund

o ™~

A « I o v w <
nmsnaaedluun 3.8 nanisnaasddafiuamdsindlaesiu (Pmax) Wudyaioud

H1uNSWUasdyaIanig SCT-013-030 $2ufU CS5490 module AagU 4.4 (n), JUA 4.5 (n)
wazgu 4.6 (n) lutuseuilazdeldaunsanwenuezviinvesgunsallniinla drdusdeundetoya

19UlUE FPGA vN1595333l1anann1siins1eibuy binary wanaduduiusluguuuuyes

a

Laﬂgﬂuaaqﬁagﬂﬁ 4.4 (v), gih?i 4.5 (v) LLasgiJﬁ 4.6 (v), LLamNaﬁlé’mamimwﬁwamﬁqgﬂ
4.4 (p), JUT 4.5 (A) wAr3UT 4.6 (A)

58



Dita Binay Wt (W)

. — ety gmm
-.;—] g 500
0 1
L  — = Gl S]]
a £l @ g B n L] L] L 0 i1 AN 30 &l S0 L] m L] @ g
Samging (n) Samgling (n)
(N) WasIveiEing (v) pnuduiusvanarluwsregunsal
Each Load
1500
Pump  (P1ref)
Freezer (PZ2ref)
g 1000
i
= sm
M T

D 1 20 30 4 50 6 70 8 9 10
Sampling (n)

(A) HAvRINTHENLEERUNTAILAAL YN

SUN 4.4 fegremarain1snTiaianislvanuuuliiaisauy 2 gunsal

v v v Digita Binary
I () : —tgliy
= :
s
i
| | |
" 10 a0 S & & 0 B o0 ] 1 » bl 4 b ] L L] 9 10
Sampling (n) Samplg )
(N) HAYDIMATINATIN () AnuduiusvenavluwsHagUnInl
Each Load
15000 = Freezer (P2ref)
Air 1 (P3ref)
g e Air 2 (Pdref)
10000 I 1
§
g 5000
0 T T 17— e 1 e e e e
o 10 20 30 40 50 60 70 80 90 100
Sampling (n)

(A) NaveIMIUEzLergUNSRlusazyin

U 4.5 fegremarain1snsiadan1islvanuuuliaisiuuu 3 gunsal
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15000

[ Digital Binary

[ T T I
2 _— " | 111 —u‘|g|:a\bmay%
= bt | 101 1o g
@ 5l ot |
8 5 Il
0| |
| 1
[ il | | | | I J
1] 10 20 1] 40 50 [ T 1] 80 ] 0 bl K] 0 L] 1] ki L) “ 160
Sampling (n) Sampiing {n)
0 v w 3 1 v I3 a1 L3
(N) HATOINATINATIN (v) Anuduiusvonarluwsragun ol
Each Load
15000 Pump (P1ref)
Freezer (P2ref)
— Air 1 (P3ref)
S o000 _ ——Arz  (P4ren _
8 1:
= w00 ;
1
DD 10 20 3ID 40 5.0 80 70 80 90 1clyo

Sampling (n)
(A) HATRINITHEEHETRUNTAlLAAE YN

JUN 4.6 fregramaresnsnsinianislvanuuuliiaisaiuuu 4 gunsal

n1sUszendldiniesiwessiuguniniasdnuuulusunsulunissiuamdanulniuas
ﬂszqﬂﬂ%mﬂﬁﬂiwﬁﬁm%’umimsmfﬂ‘mam mamimaaﬂéﬁ“ﬂgﬂﬁ 4.1, gﬂﬁ 4.2 lay gﬂﬁ 4.3,
Biuauesitoffiansoiiniigunsaililasitg sesfunisiindiuiuvesgunsallaglidiieds
foyavesgunini woe Samsaimuiliiinsinuiiidunndsyansamussgunsalasdn
wuulusunsa Fe3smsdsnanimsnzamdusgvbdunsiannssuunsaiinaniiioansildane
(Low cost) ilawfisunisimunneunti uilumanduiy, deuiidedifamansusziiu 1ty
LianunsansavsinanlsiilegunsaliiindsliinlndiAesiu liasnsansiaiivanldidogunsaid

Ya o

mMasuliiaed Jymlumunisiiesgridileiiesynvegunsal deinanungidelaueisnis

Waugudoyasuuineslaunsuuaznisiseusidnuuuasuligiu Wudanesfuiiunsvaiy
waglasunisitganiaussdnsandiethuniauissuuaiuaunialiiin Wy au1svnin auns

lauvt w38 auniniiwes 35aenaEldeinumaaesluiitensfinui 3.4 nan1snaaesly
Wted 4.4
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4.3 WanITIATIRVTeYS

nsidegunsalldlaiianngui 3.11, divils Medednvuzguaiuleivesgunsally

M13197 3.2 way Yeyavesgunsaimisliiwuuinesiaunsulunisned 3.3 Wedinseviag

Principal Component Analysis (PCA) 1JuisnsAumdndandsladanuduiusiu fudsle

Judasy dudslafinnuduiuslunquifiendu uay dudsladudaseiuimudsiioglunguduy

WA Uoya N NABSALNTUUTATIENRAAIAIIUN 4.7

datal »
(1o e

-
3
-
.
x

PC2
=
=}
3

100 50 o =0 00 150 200

() feature space Vag1UTaNAT 3

B2
o

—50 o 50 i 150 200 250 ET]

PC2

3
ol
o

&
L .
e - & dmalzad
2 P detalzis
o 4 datal2as
" @ralzas
00 ¥ detaz3as

100 1 00 a0 300 200

(3) feature space va3g1utayad 4

JUN 4.7 MilleszviesAusenauresgiuteyanie Principal Component Analysis : (PCA)

N153LAT1EMAT19AUS 100 component UaduAdz YA 83UIEN1TNTTINLVRITIYA

lngldaniiias wag uansauduiusues feature space vo3gatoya AIgUR 4.7 (n), (V), (A)

wag 3UN 4.7 (9) asuldsseil:
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4.4

gudeyadl 1: dnvaen1snIzatevesteyasgluyig -100 f9 250 UusEUIU PCL WA
Tu%39 -100 s 300 UUTPUIU PC2 B4 datal, data2, data3 uaw data5 eglungdunieaiu
lnedliflesninesves datad Niu1dLLUsHUNsE1EluYIe 150 250 YoesEUIY PCL

LAz 80 fia 300 lusyuu PC2 fagudl 4.7 (n)

grudayahn 2@ dnvarn1snTzatevesteyasgluaie -100 f9 300 UNTEUIU PCL LAY
Tue9 -100 14 100 UusEUIU PC2 anvazvestoyainnunlsiu Felianunsowenuey

nsnseAgvetlayalanguil 4.7 (1)

gudayan 3: dnvarnsnTzatevesteyasyluyig -100 9 600 VUTEUIU PCL WAy
Tuga9 -150 §is 150 vussuIU PC2 Anwazvestoyaiainuulsdureuinnes sl

ANTOLENLEEN1TNTTIBVRITRUALIRIFUN 4.7 (A)

gudayai 4: snwarnsnszedeyaegluyie -100 fs 450 vuszuu PC1 uaglug

(%
(%

-100 §i9 150 vusEUIU PC2 aNWMgnIsNIEAevesteyausazynaglutiufediu el

i data1234 way data2345 finausdrunsyatsuaneiudiaguil 4.7 (9)

Han1sagauluanIsEusIBEnLUUAUlIg T

1N3UN 3.14 Waneaemieyatayadl 1, 2, 3 Lay Ya7 4 uansusednsainnisineuy

Y

v

UsEANSNINNIINSIVEDU LIANISENRY WaL USEENSAINNNSNAEBURIN:

A1519% 4.1 UseAnSnnveduinaveanisindy NIRTIAE0UANINARY LIAINTRNN LAY

UsLANTANNITNedauYaIlunan 1

AINARD UszansnInAIg UsedvsnInmsivaau natluns UszansnInng
e ANUGNFIBY Annu (i) GGRN

‘1261‘17‘1' 1 98.79 + (0.09) 98.69 + (0.05) 42.61 +(3.52) 98.10 £ (0.15)

613(51‘171' 2 91.81 +(0.41) 97.80 = (0.89) 92.50 + (2.28) 85.39 + (1.32)

613(51‘171' 3 84.16 + (0.83) 89.31 = (0.71) 75.83 + (3.02) 55.41 + (1.44)

‘1261‘17‘1' a 85.22 + (1.33) 89.85 £ (1.62) 39.23 + (2.40) 66.34 = (1.36)

#unewn nanisnaaadluuniddunanimeaeduasmataioaugniesvedluma
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nansmaaedlumsnadl 4.1 anyadeuadl 1, 2, 3 uay Yadl 4 UszdnSamuosyanig
finsluiosay 98.79 + (0.09), 91.81 = (0.41), 84.16 + (0.83) uay 85.22 + (1.33) WosiGum wa
VBIYANTIVADUAIYNABITAILIUEToEAY 98.69 + (0.05), 97.80 + (0.89), 89.31 = (0.71)
ez 89.85 = (1.62) Wosiud geydeoriatiineu 42.61 + (3.52), 92.50 + (2.28), 75.83 + (3.02)
waz 39.23 + (2.40) und et lumaluneaeuiiuszansuasesas 98.10 + (0.10), 85.39 +
(0.32), 55.41 + (0.44) uag 66.34 + (0.16) LUasLHUA WaAS confusion matrix ¥BIN1TILUA

a a d‘

aunsallugun n.1 winan1sveaesiiuszdnSamia wilassrenenanndelszaudymainuum

v Y

guwaLanfitiainuniiaavesreuligiu Fsdansauiuilasunasiausesenls Mdlausu
lasselvsllnedisuavidundiail

91n3UN 3.15 Waneasnieyatayall 1, 2, 3 uaz Ya7 4 uansuseAnsainnisiney

USLANTAINNIIHIIVEDU LIAINISHNEY LAy USEANSAINANSNAZaUR:

A1519% 4.2 UsAnSnnveduinavean1sindu N1IRTIAE0UANINABY LIAINTRNN LAY

USLANTAINNTNAABUVDILULAAN 2

N15NAABY Usgandnw Usg@vsnmesiaaeu  Lailun1sindu Usgansnanng
nsRnely AHYNFBY (W) NAGY

613(5117‘1' 1 99.88 + (0.04) 98.45 + (0.14) 68.33 + (2.44) 97.31 + (1.16)

‘Z;Gﬁ?ll 2 99.40 + (0.02) 98.41 + (0.26) 134.24 + (1.43) 85.59 £ (1.22)

613(5117‘1' 3 98.20 + (0.02) 92.20 + (0.42) 126.67 + (1.04) 55.46 + (1.52)

il 4 99.26 + (0.18) 91.37 + (0.40) 66.45 + (1.48) 65.94 + (1.50)

#unewmn nansveaedluunfiddunanisneaesdt emanadenugnowedliag

nansMaaedlunIei 4.2 9nyadeyad 1, 2, 3 uaz Yafl 4 UszAnBAINTRIYANNST
Anulusauay 99.88 + (0.04), 99.40 + (0.02), 98.20 + (0.02) ta 99.26 + (0.18) Wasidud na
VBIYANTITADUANNYNABIIANULIUETRERE 98.45 = (0.14), 98.41 + (0.26), 92.20 = (0.42)
wag 91.37 + (0.60) Wesidud ayideriainisiniu 68.33 « (2.44), 134.24 + (1.43), 126.67 =
(1.04) uaz 66.45 + (1.48) Wit ilehluealunageuseyadeyanismageuiiuszansnmies
a¥ 97.31 +(0.10), 85.59 = (0.22), 55.46 + (0.22) W@y 6594 + (0.34) LUBSLEUF LaAN

confusion matrix Y@ 5T wungUnIalluguy n.2
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dloleuusyansamvesluwad 1 uaz luweadl 2, waﬂwsmaaqﬁ’mﬁqmﬁﬁazgaﬁ 1,23
way ﬁqm?‘i 4 veslueail 2 SUszAvsamdianinluwadt 1 lasuinnindesay 1.09, 7.59, 14.04
uawSouaz 14.04 (vosyafindw) fussAnsaminturesyadeyad 2, 3 wax 4 Yevay 0.61,
2.86 Uay Jaay 1.52 (V0IYANTIVABUAIINGNABI) i, UseAvsnamsnaaeuinalnaifeay
nansveasssanaluiinelalusureslsyansamuaidedoduna Wesnsuiuvesiy
WarfiSOUAINARBLIANNITAIUIL INNHANITNARBIAI8ITN15VE181ATI 8 LEATILTAUIN
UseAvBamannsaiutuldinaumnzanedasie Uinadeya Snvazduvesdoya
Fathy, iileneusuiznsnnassldvhnsneassiudsluluwad 3, 4 uarluwad 5

1N5UN 3.16 Wenaaswsieyadeyadl 1, 2, 3 uay YA 4 uansuszansnImnIsHnHy

[

UsEANSNINNIINTIVEDU LIANISENHYE WAy USEENSAINNNSNAGDUAIN:

a a

M19199 4.3 UsganSnmvediaaensindy MInsIvaeuaugnaed LaNHnHuLay

UsgANSNINNISNAEaUVaIluLman 3

N15NAABY Usgandnw Usg@vsnmesiaaey  Lailun1sindu Usgansnanng
nsRnely AUYNABY (W) NAGY

612(51‘171' 1 99.90 + (0.01) 98.77 +(0.01) 92.04 + (3.10) 97.08 + (1.02)

612(51‘171' 2 99.72 + (0.11) 98.41 + (0.16) 182.34 + (1.64) 85.44 + (1.22)

‘Z;Gﬁ?ll 3 99.47 +(0.14) 92.67 +(0.43) 167.41 + (2.36) 56.21 £ (1.15)

612(51‘171' 4 99.08 + (0.25) 91.72 + (1.41) 90.44 + (1.62) 66.82 + (1.28)

#uunewe Kan1sveaedluunddunan1snaaed WemaAkadenNgnaeIatliag

nan1svaaedluns1R 4.3 angadoyail 1, 2, 3 waz Y7l ¢ UszAnSnmaesyanis
Hnelusasar 99.90 + (0.01), 99.72 + (0.11), 99.47 + (0.14) wag 99.08 + (0.25) Wasdus wa
YBIYANTIVAULALLAUENToEAE 98.77 + (0.01), 98.41 = (0.16), 92.67 + (0.43) waw 91.72
+ (1.41) Wesidud aaqdsiianilndy 92.04 + (3.10), 182.34 + (1.64), 167.41 + (2.36) uae
90.44 = (1.62) il Wethlunalunaaeuseyndeyanismaaeuiiuszavsamiosay 97.08 +
(0.16), 85.44 + (1.22), 56.21 + (1.12) way 66.82 + (0.28), WUasLHUR wana confusion matrix

vaan13duungunsallugun n.3
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91n3UN 3.17 Weonaasinieyatayail 1, 2, 3 uaz Ya7 4 uansusednsainnisiney

USLANTNINNITHIINEDU LIAINISHNEU ey USEANSAINANSNAZDUR:

A1519% 4.4 UsAnSnnvedunavean1sinduy NIRTIAEeUANINARY LIAINTRNN LAY

UsLANTAINNITNAdUVDILULAATN 4

NINARDY Usgansnn Usgdvsnmasivaeu  nalunisinelu Usgansninnisg
QRERGIA ANUYNFIBY (W) VGEY

51;91‘171 1 99.77 £ (0.13) 98.69 + (0.10) 87.07 + (2.22) 95.91 + (1.02)

il 2 99.64 + (0.08) 97.45 + (0.28) 68.58 + (2.10) 84.34 + (2.18)

51;91‘171 3 99.36 + (0.06) 91.42 + (1.15) 59.53 + (1.45) 54.97 + (1.38)

‘qmﬁ 4 99.10 + (0.38) 91.06 + (1.05) 32.44 £ (1.01) 69.38 + (1.04)

#unewmn nansveaedluunfiddunanismeaesdt iemaAnadennugniowedligg

nansnaaeslumssil 4.4 anyadeyad 1, 2, 3 waz Yaf 4 UszAnsnmuesganis
Andudosay 99.77 + (0.13), 99.64 + (0.08), 99.36 + (0.06) waz 99.10 + (0.38) Wosidus wa
YBIYANTIVADULAILUIUEToEAY 98.69 + (0.10), 97.45 = (0.28), 91.42 + (1.15) war 91.06
+ (1.05) wWesiiud geyideriatflndu 87.07 + (2.22), 68.58 + (2.10), 59.53 + (1.45) uag 32.44
+(1.01) W LﬁaﬁﬂmLmalﬂmmaauﬁ’sBﬂgm%’agamamaauﬁﬂszﬁw%mw%aas 95.91 + (1.02),
84.34 + (2.18), 54.97 + (1.38) uay 69.38 + (2.34) LWaSITUA AR confusion matrix VBINTT
$uungunsalluguil na
mﬂg‘ﬂﬁ 3.18 Lﬁ'amamﬁwm%’agaﬁ 1,2, 3 uay '?gm?i 4 wanusEaNsSAINNITRNEY

(%

YSLANTAINNITHIIIEDU LIAINISHNAEY ey USEaNSAINNISNadaundi:
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a A a P P P
A15199 4.5 Useansnmuealunaveenisinelu N1IATIVADUAINYNADY LIAINITNNHULAY

UsEANSNINNISNAZUVDILILAAN 5

N15NAABY Usgandnw UsgdvBamasiaaey  Lantunsiniu Usgansnanng
nsRnely AUYNABY (W) GGEL

612(51‘171' 1 100.0 + (0) 98.28 + (0.04) 87.21 + (2.45) 96.91 + (0.26)

‘Z;Gﬁ?ll 2 99.88 + (0.04) 98.09 + (0.26) 218.08 + (4.02) 85.59 +(1.48)

‘Z;Gﬁ?ll 3 99.73 + (0.08) 92.90 + (0.22) 189.55 + (3.36) 55.11 £(1.12)

612(51‘171' 4 99.85 + (0.05) 91.84 + (0.31) 175.54 + (3.02) 68.42 + (1.33)

#uunewe nan1sveaedluunididunansnaaed WenAadenNgnaesaslilng

nansnaaeslumssil 4.5 anyadeyadl 1, 2, 3 uaz YAl 4 UszAnBamuesyAnIs
AnWu3esaz 100.0 + (0), 99.88 + (0.04), 99.73 + (0.08) waz 99.85 + (0.05) LUBSITUA NAVDS
YAnTIvdudAMULiugITaEay 99.88 = (0.04), 98.09 + (0.26), 92.90 + (0.22) war 91.84 +
(0.31) Wasidud agidaiiaiinlu 87.21 + (2.45), 218.08 + (4.02), 169.55 + (3.36) uaz
175.50 + (3.02) il Wethlunaluneaeuseyadoyansveaeuiiuszavsnmiesay 218.08
+(4.02), 85.59 + (1.48), 55.11 + (1.12) Uay 68.42 + (1.33) LUasiGus Wana confusion matrix
Guam'mi’muﬂqﬂﬂmﬂlugﬂﬁ n.5

Tunad 3, 4 uaz Jwaad 5 dnanisindusglneuszuias 99% 3 100 % Fadunainlu

v

n1seankuulasliy widinsdvanayainiiainisindu memgidinainuideiiios lngas

asunefanN1snnassanusall

45 wansuFulgslassiieneulagiuuuiiugiuees VGG

nmsvaaesluguil 3.19 fs U7 2.23 saneveaedlumsnei 4.6 wanisiinduseyn
Yoya 1, 2 uazyateyai 3, lueadl 10 fUseAnsningsanil ~99.96% (ACC), ~99.95% (ACC),
Waz ~99.95% (ACC). Wi, qusﬁagﬂaﬁ 4 Tnadi 9 ﬁﬂszﬁm%waqqqmﬁ ~ 98.85%: laaad 6 i
UsgAnBn1mianffigadl 05.29+0.21, 05.35£0.36, 05.30+0.32 Way 05.12+0.46 W17 HAYDS
loss $eMTIaUszANEAIW mse wag rmse , lanad 9 uafiiluyadeya 17 0.0221£0.007
(mse), 0.1447+0.018 (rmse) Lay ﬁ@ﬁﬁ@u‘ja 2 9 0.0448+0.002 (mse), 0.2038+0.012 (rmse);
Tnowa loss ¥0s yndoya 3 luaail 10 nadTianil 0.0549+0.008 (mse), 0.2325+0.014 (rmse)

ua Ha loss Yesyateya 4 Tuina 8 fnafifigail 0.0682+0.026 (mse), 0.2506+0.036 (rmse).

9
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A a a P v P
A15199 4.6 UsLaNSNNUaIlunavaanIsuney N1INTIVFEOUAIINYNADI LIAINTIENEULAY

UsEANSAINNISNAZaUVRILULan 6, 7, 8, 9 kay lauman 10

Tupa tnioyai 1
NAYDI MSE NAYDY RMSE NARNNY (%)  LIaInsHnRy
I&JLﬂaﬁl 6 0.0283+0.008 0.1685+0.011 99.30+0.13 05.29+0.21
Imma‘ﬁ 7 0.0390+0.002 0.2013+0.002 97.43+0.49 74.05+1.26
Iumaﬁ 8 0.0227+0.003 0.1468+0.006 99.26+0.15 17.11+1.15
Iumaﬁ 9 0.0221+0.007 0.1447+0.018 99.69+0.21 14.51+1.28
Imma‘ﬁ 10 0.0282+0.003 0.1553+0.007 99.96+0.01 45.83+2.12
yntoyail 2
INL@@‘?‘]‘ 6 0.0549+0.002 0.2287+0.003 96.52+1.11 05.35+0.36
INL@@‘?‘]‘ 7 0.0704+0.006 0.2704+0.015 90.42+1.27 21.16+1.48
Iumaﬁ 8 0.0481+0.003 0.2371+0.006 96.87+1.28 17.12+1.46
INL@@‘?‘]‘ 9 0.0448+0.002 0.2038+0.012 98.31+0.32 15.12+1.51
Imma‘ﬁ 10 0.0465+0.006 0.2658+0.010 99.09+0.16 45.03+1.53
yatoyail 3
INL@@‘?‘]‘ 6 0.0726+0.003 0.2611+0.002 95.65+0.33 05.30+0.32
I&JLﬂaﬁl 7 0.0955+0.018 0.3024+0.018 85.59+1.03 81.85+1.44
I&JLﬂaﬁl 8 0.0573+0.005 0.2352+0.006 99.05+0.16 15.06+0.55
INL@@‘?‘]‘ 9 0.0586+0.007 0.2658+0.012 99.32+0.06 13.45+1.08
Iumaﬁ 10 0.0549+0.008 0.2325+0.014 99.55+0.11 41.41+1.45
yatoyaf 4
INL@@‘?‘]‘ 6 0.0821+0.012 0.2894 +0.051 93.59+1.05 05.12+0.46
I&JLﬂaﬁl 7 0.1150+0.038 0.3465+0.048 69.57+1.53 39.53+2.02
INL@@‘?‘]‘ 8 0.0682+0.026 0.2506+0.036 97.85+0.33 25.05+1.02
Imma‘ﬁ 9 0.0779+0.011 0.2658+0.042 98.38+0.52 13.66+1.49
I&JLﬂaﬁl 10 0.0708+0.035 0.2614+0.030 97.65+0.36 45.30+1.16
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PMNENTNETOUTBULTBUNA LAz A LA A9L:

YIATBRABILUES hay IWINTUVRlATIIENlASUNMTUTULURsUd AR nwaIzLARS LA

WNTU MegMsiUTeuigunaseialinail 1 (Yndeyad 4) anidenian 39.23 £ (2.40) w19

fu luead 9 (yadeyadl 4) gaidetian 13.66+1.49 uW udnan1sinAuduseansawlndlaes

iy win1sUsulaseseveslunadinasonainisindy Meil nan1snaassuaziiaiayias

anusaduduleind

[

9ANLE YR

NALIBULINNTIFENIASUNISEWNS [24], [44] UpNaNNTNave3

Laalunns199 4.6 LenAaBUMIEYATRLANITNAABULAAINAYBINITATIAFIUATIN 4.7

A15199 4.7 U5eEnSn1nveIn1IngIng

aunsal Tunail 6 Tunadl 7 Tuinail 8 Tumait 9 Tumail 10
F1-score Recall Fl-score Recall F1-score Recall Fl-score Recall F1-score Recall
yadayadl 1
datal 0.99+0.01 1.00+0.00 0.99+0.01 0.99+0.01 1.00+0.00 0.99+0.01 0.99+0.01 0.99+0.01 0.99+0.01 0.99+0.01
data2 0.96+0.01 0.99+0.01 0.91+0.03 0.96+0.01 0.96+0.02 0.99+0.01 0.96+0.01 0.98+0.01 0.95+0.04 0.99+0.01
data3 0.95:0.02 0.91£0.03 | 0.87+£0.05  0.77+0.02 | 0.96+0.01 0.95:0.02 0.95+0.02 0.92+0.01 0.95:0.02  0.90+0.02
datad 0.99+0.01 0.99+0.01 0.99+0.01  0.99+0.01 0.99+0.01 0.99+0.01 0.99+0.01 0.99+0.01 0.99+0.01 0.99+0.01
data5 0.93+0.01 0.94+0.02 0.86+0.02 0.88+0.02 0.94+0.01 0.93+0.01 0.95+0.01 0.96+0.01 0.96+0.01 0.96+0.04
Laﬁly 0.964 0.966 0.924 0.918 0.970 0.970 0.968 0.968 0.968 0.966
yadoyai 2
datal12 0.85+0.06 0.85+0.08 | 0.72£0.02  0.74x0.02 | 0.90+0.04  0.92+0.04 0.91+0.03 0.93x0.07 [ 0.92+0.01 0.96:0.01
datal5 0.85:0.06 0.87+0.05 | 0.72£0.01  0.71x0.03 | 0.92+0.01 0.92+0.07 0.90+0.04 0.89+0.02 | 0.92£0.08  0.89+0.02
data25 0.94:0.04 0.92+0.03 | 0.92+0.01  0.86+0.01 0.94+0.01 0.90+0.03 0.94:0.05 0.92+0.02 | 0.94:0.02  0.92+0.01
data3d 0.98+0.01 0.99+0.04 0.92+0.06 0.90+0.05 0.96+0.02 0.99+0.01 0.97+0.02 0.98+0.01 0.98+0.06 0.98+0.01
datad5 0.96+0.03 0.95+0.06 0.90+0.05 0.95+0.02 0.96+0.05 0.96+0.02 0.95+0.01 0.96+0.05 0.95+0.02 0.96+0.05
28y 0.916 0.916 0.836 0.832 0.936 0.938 0.934 0.936 0.942 0.942
yadayai 3
datal24 0.55:0.01 0.55:0.01 0.35:0.03  0.31%0.05 | 0.60+0.02  0.57+0.04 0.58+0.02 0.55+0.01 0.58+0.08  0.52+0.01
datal35 0.60+0.05 0.55+0.04 0.46+0.06 0.38+0.08 0.68+0.02 0.73+0.02 0.62+0.04 0.64+0.01 0.67+0.03 0.74+0.01
data1d45 0.63+0.02 0.67+0.04 0.56+0.01 0.68+0.05 0.65+0.03 0.63+0.01 0.61+0.01 0.60+0.02 0.63+0.01 0.60+0.03
data235 0.83+0.02 0.85:0.03 | 0.79£0.02  0.75x0.01 0.860.01 0.92+0.05 0.82+0.05 0.87+0.04 | 0.86+0.02  0.93+0.01
data345 0.82+0.01 0.79£0.02 | 0.83+0.02  0.86+0.01 0.84+0.01 0.78+0.02 0.84+0.02 0.80+0.02 | 0.85£0.02  0.77+0.06
Laﬁly 0.686 0.682 0.598 0.596 0.726 0.726 0.694 0.692 0.718 0.712
yadoyai 4
datal234 0.48+0.09 0.52+0.03 0.24+0.07 0.32+0.08 0.52+0.04 0.61+0.03 0.53+0.05 0.56+0.01 0.50+0.08 0.55+0.01
datal235 0.75+0.02 0.71+0.02 0.45+0.02 0.33+0.05 0.77+0.08 0.68+0.01 0.78+0.09 0.75+0.03 0.75+0.03 0.70+0.03
data1245 0.53+0.04 0.53+0.05 | 0.28+0.02  0.21x0.05 | 0.55x0.02  0.59+0.05 0.55+0.06 0.57+0.03 | 0.54+0.01 0.58+0.01
data1345 0.65+0.03 0.64+0.01 0.36+0.05  0.29+0.04 | 0.68+0.02  0.64+0.03 0.67+0.03 0.65+0.01 0.66+0.04  0.62+0.01
data2345 0.98+0.01 0.95+0.01 0.96+0.01 0.93+0.02 0.98+0.01 0.96+0.02 0.98+0.01 0.96+0.01 0.98+0.01 0.95+0.02
Laﬁly 0.678 0.670 0.458 0.416 0.700 0.696 0.702 0.698 0.686 0.680
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. ﬁqm%’aaﬂaﬁ 1: AzWUY Fl-score Iﬁmwmmué’wqﬂqmﬁ 1.00, 0.96, 0.96, 0.99 wag
0.96 Uaz Nav04 recall aidus 1.00, 0.99, 0.95, 0.99 uay 0.96 @13 datal, data2, data3,
datad Way datas auau Tuiaa CNN fifndsiuniiffgade Tuaad 8 Fslviazuuu Fi-
score 1AvgegANaTHAYas recall 1ABfl 0.970 uag 0.970 muadu Tunaieafu lunad 7
LeUBALHUY Fl-score LQSEJ&?’]@WLL@% Nawea recall Ladgly data3

- yadioyaifl 2: Azl Fl-score TAausiuggegavinifu 0.96, 0.92, 0.92, 0.99
LAy 0.96 LasHaved recall §9t@us 0.96, 0.92, 0.92, 0.99 wag 0.96 193U datals, data2s,
data3d uag datads sy, Taia CNN ifdsaundidfiande Tunadi 10 Feliazuuy Fi-
score LaAUgan Lay Naved recall lndsil 0.942 way 0.942 iy Tunadeatu luea7
T¥nanzuuL Fl-score LaAusgn uay naved recall ldslugunsaisziam 1

- yadoyadl 3: Azl Fl-score Iarnuwsiug iidigainiu 0.60, 0.68, 0.65, 0.86
WAz 0.86 Waznaved recall Ldus 0.57, 0.74, 0.68, 0.93 Uag 0.86 §13U datal24, datal35,
datal45, data 235 way data345 a1uaisu buwma CNN ﬁﬁﬂé’qﬁwmﬁﬁﬁqmﬁdmmaﬁ 8 Flw
ATUWUY Fl-score laABgaan uaz Haves recall Ladedl 0.726 way 0.726 aud1du luiaan
Weaiuluinadl 8 fina F1-score 1Aufgn uas Haved recall ldslugunsalaaa 1 uay 4

. ﬁqm%’aqgaﬁ 4: AzuUY Fl-score IAlnuudugrasaainfu 0.53, 0.78, 0.55, 0.68
uaz 0.98 uay wavas recall 1 0.61, 0.75, 0.59, 0.65 Uaz 0.96 113U datal234, data1245,
data1345, data 1235 way data2345 anuardu luina CNN Afadsiauniffanfelunad 9
T¥AzuuY Fl-score 1A8gaanuazuayos recall ladedl 0.702 uaz 0.698 mud1fu luiaan

Wweatulaaad 7 diwa Fl-score indgsnanuasnaved recall waglunanagunsel 1 uaz 4

4.6 Han1MAARWR2Y AlexNet dwFunisrinaunuulla-Un
31n3UT 3.1 (MInaaesit 4) n1311 AlexNet Mldsun1sIdensuniumeassneunt i
Whvsneiileuaninnuuansnaweimsvhnusgningale Un fsinnisteulansvaassi 1

D4 10 LaAINaNITNARDIRA:
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AM519% 4.8 HanSEnWuge Alex Net

8RIINTITIUT YAYOY Batch  Lannsineu Guad)  wansiniu (%)
0.0001 16 2,167 98.10
0.0001 32 1,854 98.18
0.001 16 2,210 98.52
0.001 32 1,871 98.56

Han1snagsuilanuindeld dnsin19iieus 0.001 SauiuvuIAved Batch 1 32 i

a

ANNYNABURALFIGAYINAY 98.56% WAN15¥I1U1e Class3-ON uay Class3-OFF (Lamp) &

=

Pgndesgsiigalneinanugnies 100 % drunamsvinnedifisugniosigaie Classl-On
finugndes 94.8% wanisviuneiianaininainnisluviiuienaifu Class2-On uazlu
usafeafiuran1sviiue Class2-On dnanisiiuieRadu Class1-On mulanaInfing
\Anangunsal Class1 uay Class2 18y Air conditioner Fsiimsaudiadiedy
Tudnilifunanshausenuesgunsaifirndahnulagldnsduiin Transient Current
vuzda-Uawadadldlnimanedlauld Model 7 Training wannwideiiualaglunismaass
iinsda-Uaesedldlniuazdsen Transient Current ienulduninisaaey waitldann
MIVAADULARIAINT19T 4.9 Fanudnisiungwatinnugndes lusuil 4.10 nsmidudine
nszudlwihiinanmade-Ungunsallwitweidesasfviunenaiiinannisida-Unagunsal

A usaz@l wag wama confusion matrix éfm%’unflsa‘i’n,l,uﬂiugﬂ A.11
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A15197 4.9 NANINAABUATIVIAUNTAIME AlexNet

adudi a1 (Gund) anurdaau AU NaAviuneY
1 60 Class1-ON Class1-On QnAed
2 1000 Class2-ON Class2-On QnAed
3 1500 Class3-ON Class3-On gnAed
4 2000 Class1-OFF Class1-OFF anfiea
5 2500 Class2-OFF Class2-OFF gnAed
6 3000 Class4-ON Classd-On QnAed
7 3500 Class5-ON Class5-On Qﬂéfaa
8 4000 Class3-OFF Class3-OFF gnAeg
9 4500 Class4-OFF Classd-OFF QnAed
10 5000 Class5-OFF Class5-OFF gnAed

4.7 wanswWipuieuUssansamuasn1seusidedn

913U 3.25 M51$1 Deep C-NN AAldFunsAdesmivmaia NILM Aeunthumaass
eyadeyafuausiiieiUiouiieuisisnisneunti Tagiin MLP, AlexNet wag Deep C-NN
1own VGG Net, C-NN [24] wag C-NN [44] mwma@qLﬁaﬂ’smﬂummgmmﬁa’]’a NAABINILID
Transfer learning Lﬁwﬁﬂt,?ﬁ'mmiﬁauil,%qau Tngnsusuasugisutuuaylnun (1 layers -
500 node) i Relu way Softmax tHuilsidunasiu 1iUszANEAmMN15ITouSFI8 Adam
optimizer Anduluiag 100 50U way Avun batch size 1471 16 agunalilunisned 4.9 uag
naigaydelunssil 4.11

NaN5MIAABIwDsIsTIFSUNMSINEUNS 15lslaansalTeuiisunugndedldlagnss
iflosannanuunnsiamatedads Wi vuian wduwe suiadaisn nsfives yadoya
yfwesdmiunaass vunaluea duq egndlsinumadnslunssil 4.9 uay msei 4.10
Wieenedenafiiisyavsamuagliulainiifuauaidunsimundiuandng 9rnnsdanamanis

naaeUsTauNadsaiuYntayaresaunsalinuTniy
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A13197 4.10 Han15HNHY Deep C-NN argn1sanelaunIsisens

lama foyayafi 1 douawafiz  deyauadiz  deyaynd
MLP 87.2+1.02 60.68+2.23 51.08+2.55 54.13+1.38
Alex-Net 99.34+0.18 93.21+1.26 86.83+0.49 80.22+1.10
VGG-16 99.30+0.11 97.89+0.15 91.53+0.46 89.94+1.12
VGG-19 99.15+0.12 95.04+0.20 87.17+1.34 82.08+1.44
C-NN [24] 95.77+1.03 83.96+1.59 77.20+1.02 74.03+1.58
C-NN [44] 99.28+0.13 98.34+0.22 97.10+0.64 97.76+1.02

A15199 4.11 WanaINsHNEL Deep C-NN sgn1saneleunsiseus

lana Toyauafl 1 deyayeii 2 deyauei s Teyayadla
1381 (m) 4381 (m) 1387 (m) 1381 (m)

MLP 01.51+0.13 02.45+0.10 02.41+0.16 02.21+0.27
Alex-Net 11.2+1.56 11.2+0.58 12.4+1.15 12.4+1.16
VGG-16 32.7+1.28 37.4+1.44 41.4+1.02 37.241.41
VGG-19 69.5+1.32 98.4+2.04 75.3+2.36 58.5+1.53
C-NN [24] 4.08+0.51 4.23+0.30 4.04+0.31 3.50+0.26
C-NN [44] 3.24+0.11 3.49+0.32 3.31+0.11 3.40+0.18
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Developing an innovation smart meter based on
CS5490

Sarayut Yaemprayoon'

Department of Electronics and
Telecomunication Engineering,
Rajamangala University
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E-mail: sarayut_yae(@epro.co.th

Abstract— This paper proposes developing an innovation
smart meter based on CS5490. It uses to measure the energy data
and send to PIC 32-bit microcontrollers via RS232 standard.
Then it records energy data into SD card that consumer can
maonitor their energy usage and cost forecasting. The experiment
result shows that energy measurement circuit can record the
energy usage into S card. It can be used for NILM system

Keywords—smart meter; energy measurement 1C; 32-bit PIC
microcontroflers

L INTRODUCTION

Smart grid is the electrical grid that uses information and
communication technology to manage the electrical production
and distribution. It use to support the connection between main
electrical source and renewable source. This technology will be
stability when it is supported smart meter. The smart meter can
check the emergy consumption each period and cost
forecasting. Also the smart meter can use wifi to connect to the
electrical nstrument to manage the energy using in home.
There are many researches to develop the efficiency of the
smart meter such as [1] smart meter using ADET758 energy
metering chip with PIC microcontroller 18F452. It uses only 8-
bits microcontroller which has slow duty cycles. [2] smart
meter using hall effect sensor LEM LA 100-P/SP12 for 100A
[3] home appliance load modeling from aggregated smart
meter. Explicit-Duration Hidden Markov Model with
differential observations (EDHMM-diff), for detecting and
estimating individual home appliance. [4] ZigBee based real
time home automation system which be analize efficiency
ZigBee system base on home automation system. It can check
the electrical instrument load to monitor the total energy
consumption with C§5490 energy measurement IC which can
provide accurate data for analysis. From these research, the
smart meter can use to control and check the energy
consumption in home by design the circuit. This paper
proposes the energy measurement circuit design to check the
energy consumption that can record and show the data that
consumer can check their energy consumption and cost
forecasting. The microcontroller that be used in this paper is
32-bit microcontroller PIC32 that be suitable for real time with
high speed clock and work with CS5490 energy measurement
IC that can provide needful parameter of energy for analysis.
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II.  THEORY

A. Energy measurement (CS5490)

The CS5490 is CMOS measurement integrated circuit that
being able to measure voltage and current by converting A/D
especially, ability of the CS55490 1s calculating active, reactive
apparent power, RMS voltage and current, power factor and
instantaneous voltage etc. in the part of other system-related
function of the CS540 as show in Fig. 1.
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Fig. 1. structure of The CS3490.

It is strongly recommended that no connection other than
the required filter capacitor be made to VREF: The Voltage at
i1s measured across the temperature range. From these
measurements the following formula is used to calculate the
VREF temperature coefficient:

TCypr =[

VREE,,, - VREE, [ 1 3
\ vREFﬁ\"i J[

<10 1
TV T J{L.n ') (1)

Specified at maximun recommended output of 4 sourcing.

VREF 15 a very sensitive signal, the output of the VREEF
circult has a very high output impedance so that the gu¢
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Abstract: Non-Intrustve Load Monitoring (NILM, has gradually become a research
focus in recent years to measure the power consumption in households for energy
conservation Most of the existing algorithms on NILM models independently

measure when the total current load of appliances occurs. This paper presents a
distingue WILM design to measure and classify the appliances by investigating the
inrush current pattern when the alliances begmn The proposed method 1s
implemented while the five appliances operate simultaneously. The high sampling
rate of field-programmable gate array (FPGA) 1s used to sample the inrush current,
then the five proposed modifications Convolutional Neural Network (CNN), which
is based on VGG, are designed to implement as a classification model to compare
with the previous models The F1 score and Recall are used to measure the accuracy
classification. The results showed that the proposed system could be achieved at
99.06 accuracy classification

Keywords: Non-instructive load monitoring; kurtogram image; convolutional
neural network; deep Leamning

1 Introduction

Smart Home is a technology for energy consumption control in electrical appliances, and this
technology can increase the efficiency of better energy allocation The examination process of appliance load
is based on real-time [1-3] However, system development that can identify types and energy management
must consider the specification of a particular appliance, eg. the motor as a critical component of an
electrical appliance [4] or the heating element inside a heater [5] It 1s challenging to study these variables.
Therefore, the development of non-ntrusive load momitoring (NILM) 1s an exciting option [1, 3, 6, 7] The
development of NILM requires an understanding of three key components, 1e, data acquisition, appliance
classification. and energy analysis [8-10] According to studies, NILM usually undergoes the problem of
signatures of the appliance (caused by the usage of appliances in terrain) [11], particular problems of each
appliance (signatures obtained by the operation of electrical appliances)[1, 12, 13], domains [14, 15], and
graph [16] It also undergoes the operational problems of appliances, divided into four types [10]. 1) ON.OFF
state of appliances [17, 18]: It refers to binary operation status, eg., lamp by their switches, with short
operational time It is barely feasible for differentiation 2) Multi-state appliances [19]: The operational status
of appliances changed with usage. e g.. the operation of kettles changes with adjusted values. It 1s challenging
to understand signatures in any form of variables. Therefore, the analysis primarily relies on observation of
their forms for a while to make sure of their clarity 3) Variable power appliances [20]: The operational status
of appliances changes continuously, eg, the energy consumption of washing machines varies during

Thiz work iz licensed under a Creative Commons Attribution 4.0 International Licenze,
@ ® permits unrestricted use, distribution, and reproduction in any medium, provided the original w

is properly cited
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Non-Intrusive Load Monitoring using Multi-Layer
Perceptron for Appliances Classification
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Abstract—Non-Intrusive Load Monitoring (NILM) is
widely developed to serve the digital platform. The essential
kev factor is recognizing the appliance used for emergy
management. Therefore, this article proposed a design
technique for NILM based on Multi-Layer Perceptron (MLP).
The experiment uses five different appliances to be input. The
MLP is adjusted based on batch size and nodes to recognize the
load signatures extracted from the kurtogram technigque. The
experiment shows that the proposed technique performs well
with a high power consumption load.

Keywords—non-intrusive  load  monitoring,
classification, smart meter, multi-layer perceptron

appliance

I. INTRODUCTION

Eecently, load monitering has been a significant key for
the energy management system, especially in intelligent grid
systems, for identity and controlling power consumption.
Non-Intrusive Load Monitoring (NILM) iz widely used to
1dentify electrical appliances by recognizing load signatures.

The load signatures are the individual characteristic of
the electrical appliance when it is functioning. The NILM
extracted the load feature such as current hammonics [1],
power harmonics [2, 3], and current waveforms [4, 5] Many
techniques used to extract the features, such as the wavelet
transform [6], Color Encoding [7]. VI trajectory [8] and [9],
was employed to extract the load signatures. However, these
techniques provide recognition accuracy of about 80%.
Moreover, intellizent methods are exploited to apply for
NILM such as Adaptive Weighted Fecurrence Graphs [10,
11]. Therefore the Artificial Newral Networks (ANN) iz
investigated to be the proposed technigue in this experiment.
The five different appliances are used to test this system.

II. METHODOLOGY

A. Eurtogram technigue

Usupally, the kurtogram is a spectral function to detect
non-stationarities in a signal. It can be effectively used to
determine feature extraction [12]. However, the effectiveness
of the kurtogram operated in time-varying conditions. This
article proposes a kurtogram technique for feature extraction
and converting the current signal to image patter.

B. Multi-layer perceptron

Multi-layer perceptron (MLF) is a feed-forward artificial
neural network consisting of the input, hidden, and output
layers as shown in Fig 1. The input layer gets the input signal
processed, and the hidden layer typically operates as the
computational process. The output layer is arranged for the
prediction and classification class. MLPs are designed to
zolve any problem of non-linear function such as in pattern
classification, recognition and prediction [13].
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Fiz. 1. Wewral Matwork Alzontlm

II. EXPERIMENT AND RESULTS

The experiment has four stages: 1) data collection, 1)
data to kurtogram, 3) MLP and 4) output, as shown in Fig 2.
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Fiz. 2. Proposed MLP Algorithm for MILAL

Five appliances have been set to be input, and then those
current signals are sampled with a high sampling rate of
FPGA. The kurtogram technique extracts the current feature
and converts it to image patterns. Then the MLP is utilized
for training and recognition of the image pattern for the
NILM system [14], in Fig 3. This experiment used CPU core
17 and RAM 5.0 GB. The results of the experiment have
described in the following section.

Fig. 3. FPGA System for Data Collaction.
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