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Abstract

Against the backdrop of global carbon neutrality, the emerging power system has imposed higher re-
quirements on the refined management of demand-side electricity consumption. As a core technol-
ogy for perceiving user-side electricity-use behavior, Non-Intrusive Load Monitoring (NILM) has be-
come a major research focus in smart grids. To address the fact that most existing NILM studies
concentrate on optimizing a single model, while lacking systematic horizontal comparisons among
different technical paradigms under a unified benchmark, this paper conducts a comparative study
of four NILM methods: two-stage deep learning, Random Forest, Echo State Network (ESN), and Hid-
den Markov Model (HMM), representing hierarchical deep learning, traditional ensemble learning,
lightweight reservoir computing, and conventional probabilistic graphical modeling, respectively.
First, the mathematical formulation and physical constraint system of the NILM task are established.
Then, model design, feature construction, and parameter configuration are carried out according
to the characteristics of the four methods. Subsequently, comparative experiments are conducted
under a unified raw dataset, unified comparable samples, unified evaluation metrics, and unified
post-processing rules, from four perspectives: disaggregation accuracy, load adaptability, noise ro-
bustness, and inference efficiency with lightweight performance. The experimental results show
that the Random Forest model achieves the best disaggregation accuracy under noise-free condi-
tions, with an average MAE of 0.2064 and an average R? of 0.9573. The two-stage deep learning
model ranks second overall, with an average MAE of 0.6101, and maintains only a small perfor-
mance degradation under 5% input noise, demonstrating strong robustness. The HMM model is less
accurate than the above two methods, but it offers clear advantages in terms of interpretability,
parameter efficiency, and inference speed, making it a representative traditional NILM baseline. In
contrast, the ESN model, although simple in training mechanism and potentially lightweight, yields
an average MAE of 2.4199 and an average R? of —-5.4685 under the current experimental setting,
indicating insufficient basic disaggregation accuracy for practical engineering applications. Overall,
this study clarifies the strengths, limitations, application boundaries, and engineering roles of the
four methods, and provides a systematic reference for NILM model selection under different re-
source constraints and accuracy requirements.
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PiRE, MR R AR PRI AN 2 R AR LR R AUANG RE ST BEXT ESN AR, ARAL 1 & HC 74 I PP 1R )

DOI: 10.12677/jee.2026.142005 51 AT


https://doi.org/10.12677/jee.2026.142005

SIS HACE, I el T I EA R E 2, FH0 HMM B8, R 12 T B DRI 7 GE tH AL
(¥] Gaussian HMM JEZGHESE, JFilid BIC Fe i FeeiR SRk £, (EEA N E bR LBCH FI £ 48 NILM X E
FEHEN NG — KU IR R

3) MIMAEEE . St B ALE RIVE . PR S iRk, ISR EHEEACR . BB S S TR 2 A
YERE, R G AT SRR L 25 34 5 & AT 5 W 45 AV 45 th T DU B RSAE 1 i et 46 b i) BV HE
Wit — PR AR A R R 2 R ILRC R & BENLARME G I8 R i L0357, PR B
TRPE S I G AR U FE S S 5, HMM @S 1ERR R, WRRIESiHEL, ESN MDA JE 4
fili B A A AR LR Bt T2 WS IR

2. EERAR AT R R R
2.1. FERAAR GO RO EB B FRE

AER N R AT R INILM) A& — FhJG 75 76 B B s R a8 o 2 i 2 2, AGEIEF N B R R
FLSAH ISR F 5], 55 B 5 TUE THI R F A AR, HAZ O H FE A8 I % 1A ThIh &
BN ERE,

211, RIWESZABHENTELR
T B BRSO L5, 5 R BRI T : SRR RO £ € (1,2, T} Forbt T AR
G REEN R BB N s By () A RAD P RIS A IR, P () A 1 AR
AL LA TN £(e) A AL AR, (5 R RS | LB T SURE . RO AR BER
NG ERAREN S, TR TR LT N TR A TN, AT R M A1),
SETATI SRR, AT DD 4 8 T T A RO R

N

Pou ()= (1)+&(1), t=1,2,---,T (1)

i=1

()4 NILM AR5 B2 O EEZR, Wit 7 B Ih R 58 s iR BN R, R T i R i)
Hehtl o

2.12. FEBARSHEERES
NILM (8055 BTN DTS A N 51 { Py (1)) RORTRE T, SR HAR S
ATV SN BFEAL {2 (1)) 36k B () M5 i B AT DDA AT TR, SRR e AR AL

TN Th R 5 SRR 2 AR % .
HNEATRN G RS B IAE B ZE, AWFFCR X KR ZEE T ok J& O A7 faf 2008 3 sl R5 1 13
77 % (Mean Squared Error, MSEWE AR 2 B m S HE[12], M8 LURZE /IMEAZ O BRI H AR R 3L
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SRR E RO & DK SRS & B

4.4. BERBSRFKIR

BEMLARARN T AR R A R 5 S, BRARVERL G RE 98, Jo M s AUy
X ARG S IIFE S B A DIARZ M B AR E R & BB, SRS ARG Ja, BARREE IR
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o A AR R I, ORI, AR SO LR AN BB AL LA, =,
XA TR BB A R S RE DA IR, e BB OGS s SR, S ANRFE A& T
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gr b, ZRE T BB E . RS TTIIwRIy, 0 SEIRHPERTAT il R A B 2R, ISk
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ARNES m AN R S U SRS R x(m) e RY, Hoh N W& 02 o HUR : Sl
y(m)eRY, R4 A FHARESAOTIIE . BEALHT A3l e vl R o

x(m+1):(l—a)x(m)+a-tanh(Wme(m+l)+Wx(m)) 7

y(m):Wow-[x(m);e(m)] (8)

Hep, W, e RYORMINBERE, W e RV Jyfls it i AE o, w7, e R it i i
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BEAUAZ OB
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A =0.9605 « HALEHIA T 1S =0.0110 « FHiE SD=0.1+ MIFF o =0.2588, {EHAIFRLRE . HHHEA
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2) HH ZINZR 57 2 SR 7 L2 1R A PR ] U= R A B R R, T D4k R &8 M 2.46 %107,
TEARVEAILA A P52 14 ) o 0 ) Je 40045 XU

3) AL R BT AR IE L, LE TR i 4 A £ g S 5 L 51 R 67 gy T 4
B, MRS T AT TONE 2 A ST — 8 IR T R R A

4) PFfEFR: K MAE. RMSE. R’. MAPE SR F3)40 %} 7 4 b iRk 2 (SMAPE) HLIii g bR, 4
T B2 A AR R

5.3. HEES KRR

EFST ESN MEBE R KBS E . N LIRS EBCRIE B S BN R R 08, AT T MR
SNSRI A MBS EURHESL24].

ZHEZELL RMSE N Otk Bbx, 1R IEEE S S MBE . SNGUA 7 E. hRR. 1%
B IENA R AL S AMEOSEL,  Horb g a2 0 FER 500, 30001, 4 N8R 74 &6 FELAT0.01,
aﬂ,%¥ﬁﬁ%ﬁﬁﬁmmLm,ﬁﬁ%ﬁ%ﬁﬁ%mmmﬂ,Eww%ﬁﬁ%ﬁﬁﬁﬁwhoﬂoﬁ
2 ARbR IR & 2R AR MBS AL A YERE, RN 5] N R 57 S e ML R T T4 . 18
ZIA R NPIE: el AR R 100 250 B RS EAR; B G AR 1 R 7E A0,
WITRE S0 Ui %R, mARILERRRSHAE.

6. BETRERAXERN AR BIEE
6.1. RBSINSEFRE
s L /% T FAS (Hidden Markov Model, HMM)&AF {2 A\ 2 i 43 M8 ATUR e 85 LA P ) e S e

DOI: 10.12677/jee.2026.142005 56 AT


https://doi.org/10.12677/jee.2026.142005
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T AT IR PR A AT A, BB R A S IR T4 R W B 85 I RS 1T, ARSI
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6.2. HMM = EIHg5E
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Figure 1. Overall accuracy comparison of four types of model test sets
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Figure 3. Comparison of training time, reasoning time, parameter quantity, and storage scale for four types of models
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