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Abstract
consumption, plays a significant role in promoting energy conservation and emission reduction for achieving the dual-

Non-intrusive load monitoring, as an essential means for fine-grained management of household electricity

carbon goal. However, it is challenging to achieve high-precision load identification using a single voltage-current
trajectory image. Therefore, a non-intrusive load identification method based on the fusion of Gramian angular difference
field (GADF) image coding is proposed. First, the high-frequency steady-state data collected by the device are
preprocessed to obtain a complete base-wave period current and voltage signal. Then, the one-dimensional voltage and
current signals are encoded separately using the GADF to generate the corresponding two-dimensional feature images, and
load identification is performed via superimposed fusion input to a neural network based on a convolutional block attention
module. The public datasets PLAID and WHITED are used for testing experiments to verify the effectiveness of the
proposed method. The results indicate that the method has a high recognition accuracy, with average accuracies of
99.45% and 99. 24 % for the PLAID and WHITED datasets, respectively.

Key words image processing; non-intrusive load identification; deep learning; convolutional block attention module;
Gramian angular difference field
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Table 1 Comparison of experimental results

PLAID dataset

WHITED dataset

Model Load signat
oce cad Sighattre Accuracy /% F1 score /% Accuracy /% F1 score /%
V-I image 95.16 95.11 97.55 97.56
CBAM .
GADF image 99.45 99. 44 99. 24 99. 23
V-Iimage 97.39 97.41 96.92 96. 89
ResNet-18 .
GADF image 97.41 97.42 97.73 97.72
V-Iimage 95.53 95.52 96. 15 96. 12
LeNet-5 .
GADF image 96.43 96. 44 96. 24 96. 24
SE V-Iimage 95.16 95.15 96. 15 96. 14
: GADF image 98.52 98. 53 98.48 98.47
ECA V-l image 96. 27 96. 26 96. 15 96. 21
- GADF image 96. 86 96. 87 97.18 97.17
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A far U VR AT R L. BT A SCRR Y S5 5 3 7
PLAID %4 48 b &, Horp SCBR [ 13 )6 V-TH03k BIR
55 Ty B R AE Al G O 8 2 BP 2 X 45 S 3 A o
PO o SCHR (14 ] 306 g B 0 VT80, 5 A1 ]
K-means 2 255 1 1 AlexNet # 28 [ 28 gE 47139 . ¢
KL 28 1R RGB 1€ 9 % il 45 R fiF A4 2 67 £ s 1AL, O

%2

it VGG16 CNN SEHfff il 5] o SCERL29 1R H VAT
BT AT R 24 2] 7 s, G X VT3 A A IR R B A
B IX S AN TR 4 B far o SCHR [ 8 T BUE CNN 41 B £
i BT B 2 R AE S0 B faf R0 o 4 B Aar U O I Y
WERR R L 25 RN 2 i o th & 20150, Br 4 5 vk xf
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TR 7 ¥
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Table 2 Comparison of accuracy with other load recognition method

Accuracy /%

Appliance Ref. [13] Ref. [14] Ref. [28] Ref. [29] Ref. [8] Proposed method

Fluorescent lamp 100 98.5 99.43 100 99.4 100
Fridge 70.0 84.0 81.58 90 78.9 100
Hairdryer 100 94.5 96. 79 99.4 98.1 100
Air conditioner 75.0 92.2 92.42 86. 6 95.5 100

Laptop 100 92.4 96. 51 99.4 99.4 97.96
Microwave 100 98.6 97.84 97.9 100 100
Vacuum 100 100 96. 79 97.4 100 100
Incandescent light 100 93.2 100 97.4 100 100
Fan 75.0 83.3 100 96.6 100 100

Washing machine 85.0 90.0 96. 15 100 88.5 95.92
Heater 95.0 82.8 100 100 100 100

Total 91.0 94.0 97.95 97.7 98.2 99.45

2410001-7



E605F 24H/2023 F 12 B/ ERBFFEHE

5

“h 1w

P& T — R T GADF G 4 85 14 17 faf 1250 77

e, k4 R R O MR 5 1T GADF B 4
i, I LAS I A i Jr =Xk 67 fof B IE L 3G T 6 g R
TE B FRAERE 1, A A & T A IR B oy 2 1) B0 9 TR
BEAN BT T 3T CBAM 1 4 28 I 45 A by fap 1500 45

LN

ffer EC R SR BOE 2 A 805 B, it — 28T T i

FFPR AR . %7 e 1E PLAID s 42 #l WHITED %¢
PE4E LT TSR U0 0E , I 7F PLAID $di4E b 5 H
My AT T . SR A R S HAL A L
VT B W R R B (BN — SRR IR R B
GFEPLE PR ML) M & IR B RCR A et .
B, Aok TAERE 2351 A TE 22 B R AE LA B G far 5501

(1]

(3]

(4]

(7]

& % X #

TER, M2, HSEH, & LT U-TH0 ih 4ok 4 k123
9 AR A S B G M 0 D 3 [0 LB 2021, 45
(10): 4104-4113.

Wang Y, Yang W, Xiao X Y, et al. Non-intrusive
residential load monitoring method based on refined
identification of U-I trajectory curve[J]. Power System
Technology, 2021, 45(10): 4104-4113.

AL B, I TE L AR L DAL TR 22 N 4 S B
At A ) ST RN B 2 T]. O 5Ot 727 i
2023, 60(2): 0210001.

Zhao A J, Zhao X, Jing J, et al. Non-intrusive electric
load identification algorithm for optimizing convolutional
neural network hyper-parameters[J]. Laser &. Optoelectronics
Progress, 2023, 60(2): 0210001.

Han Y H, Li K K, Feng H T, et al. Non-intrusive load
monitoring based on semi-supervised smooth teacher
graph learning with voltage-current trajectory[J]. Neural
Computing and Applications, 2022, 34(21): 19147-19160.
BTOF, BT, SRR, SRR T A AR N A S
0 4 e =X AR A A S B U0 D7 22 [T, v [ AL TR
e, 2022, 42(24): 8876-8887.

Wei G F, Zhao H, Hu C H, et al. An ensemble non-
intrusive load identification method based on Shannon
entropy weighted voting algorithm[J]. Proceedings of the
Chinese Society for Electrical Engineering, 2022, 42
(24): 8876-8887.

MW, RHT , MUk, & ARR A ST T 45 A
(01 A3k, 2022, 48(3): 644-663.

Deng X P, Zhang G Q, We1 Q L, et al. A survey on the
non-intrusive load monitoring[J]. Acta Automatica Sinica,
2022, 48(3): 644-663.

Makonin S, Popowich F, Bajic I V, et al. Exploiting
HMM sparsity to perform online real-time nonintrusive
load monitoring[J]. IEEE Transactions on Smart Grid,
2016, 7(6): 2575-2585.

Iwayemi A, Zhou C. SARAA: semi-supervised learning
for automated residential appliance annotation[J]. IEEE
Transactions on Smart Grid, 2017, 8(2): 779-786.

(9]

(10]

[11]

[12]

[13]

[14]

(16]

[17]

(18]

(19]

2410001-8

Chen J F, Wang X, Zhang X T, et al. Temporal and

spectral feature learning with two-stream convolutional

neural networks for appliance recognition in NILM[J].
IEEE Transactions on Smart Grid, 2022, 13(1): 762-
772.

XIE BT, S, IRIEAE, 45 . — Rk I RNN KA i JF
AR BRI L] B Rg Ry 5, 2019,
47(13): 162-170.

LiuHY, Shi S B, Xu X H, et al. A non-intrusive load
identification method based on RNN model[J]. Power
System Protection and Control, 2019, 47(13): 162-170.
Mukesh K, Gopinath R, Harikrishna P, et al. Non-
intrusive load monitoring system for similar loads
identification using feature mapping and deep learning
techniques[J]. Measurement Science and Technology,
2021, 32(12): 125902.

Liu B, Luan W P, Yu Y X. Dynamic time warping
based non-intrusive load transient identification[J].
Applied Energy, 2017, 195: 634-645.

Du L, He D W, Harley R G, et al. Electric load
classification by binary voltage-current trajectory mapping
[J]. IEEE Transactions on Smart Grid, 2016, 7(1): 358-
365.

ESFAR, SRREPE, BRI SC, 4 B TARME AL A 5 IR
AW AR AKX R BRI T B R A g,
2020, 44(9): 103-110.

Wang S X, Guo L 'Y, Chen H W, et al. Non-intrusive
load identification algorithm based on feature fusion and
deep learning[J]. Automation of Electric Power Systems,
2020, 44(9): 103-110.

file v, MR, FREE A LT VTR 6 g 1 0 R R
AT RGBT R T B R 88 A S i, 2022, 46(4):
93-102.

Xie Y, Mei F, Zheng J Y, et al. Non-intrusive load
monitoring method based on V-I trajectory color coding
[J]. Automation of Electric Power Systems, 2022, 46(4):
93-102.

Faustine A, Pereira L, Klemenjak C. Adaptive weighted
recurrence graphs for appliance recognition in non-
intrusive load monitoring[J]. IEEE Transactions on
Smart Grid, 2021, 12(1): 398-406.

Wang A L, Chen B X, Wang C G, et al. Non-intrusive
load monitoring algorithm based on features of V-I
trajectory[J]. Electric Power Systems Research, 2018,
157: 134-144.

Faustine A, Pereira L. Improved appliance classification
in  non-intrusive load monitoring using weighted
recurrence graph and convolutional neural networks[J].
Energies, 2020, 13(13): 3374.

M, k4, FR, 5. 2T GAF 5B ML 1Y
HLRE BT 4 Sl 23 28 0], o RGP 5, 2021, 49
(11): 97-104.

Zheng W, Lin R Q, Wang J, et al. Power quality
disturbance classification based on GAF and a convolutional
neural network[J]. Power System Protection and Control,
2021, 49(11): 97-104.

B 56, X PR SC, R AE , 4 . T AU 4 I 45 1 Lz



E605F 24H/2023 F 12 B/ ERBFEHE

[20]

(21]

(22]

[23]

AP LV S B R ] BOL 5t F 5 iR,
2022, 59(6): 0617018.

Bao R, LiuQ W, Liu Y Y, et al. Inversion algorithm for
optical properties of double-layer tissue based on
convolutional neural network[J]. Laser & Optoelectronics
Progress, 2022, 59(6): 0617018.

TEE, B A, AR LTS TR 4 I 4% Y A 6 A
A SR 7 2 BE SR [T]. WOt 50t i gk, 2022, 59
(6): 0617026.

Ji'Y, Gong L R, Fu S,
recognition method based on convolutional neural network
[J]. Laser &. Optoelectronics Progress, 2022, 59(6):
0617026.

Woo S, Park J, Lee J Y, et al. Cbam: convolutional
block attention module[M]/Ferrari V, Hebert M,
Sminchisescu C, et al. Computer vision-ECCV 2018.
Lecture notes in computer science. Cham: Springer,
2018, 11211: 3-19.

KRB, WIS . LT s A O 2 RERHERLG 1 4
Wk BE oy 25 0] OG5t T R, 2022, 59
(10): 1010005.

Song Z Y, Pan H P. Fabric defect classification
algorithm based on multi-scale feature fusion of spatial

et al. Automatic phase

attention[J]. Laser & Optoelectronics Progress, 2022, 59
(10): 1010005.

Nguyen H M, Cooper E W, Kamei K. Borderline over-
sampling for imbalanced data classification[J]. International
Journal of Knowledge Engineering and Soft Data

Paradigms, 2011, 3(1): 4-21.

(24]

[25]

[26]

(27]

[28]

[29]

2410001-9

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition[C]//2016 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR),
June 27-30, 2016, Las Vegas, NV, USA. New York:
IEEE Press, 2016: 770-778.

LeCun Y, Bottou L, Bengio Y, et al. Gradient-based
learning applied to document recognition[J]. Proceedings
of the IEEE, 1998, 86(11): 2278-2324.

Hu J, Shen L, Sun G. Squeeze-and-excitation networks
[C]/2018 IEEE/CVF Conference on Computer Vision
and Pattern Recognition, June 18-23, 2018, Salt Lake
City, UT, USA. New York: IEEE Press, 2018: 7132-
7141.

Wang QL, WuB G, Zhu P F, et al. ECA-net: efficient
channel attention for deep convolutional neural networks
[C1/2020 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), June 13-19, 2020,
Seattle, WA, USA. New York: IEEE Press, 2020:
11531-11539.

R, A, W, § R TEAHB MR R AR
i 240 5 O 2k (D). W R R, 2022, 46(4): 1557-
1565.

Cut HY, CaiJ, Chen L, et al. Non-intrusive load fine-
grained identification based on color encoding[J]. Power
System Technology, 2022, 46(4): 1557-1565.

Liu Y C, Wang X, You W. Non-intrusive load
monitoring by voltage-current trajectory enabled transfer
learning[J]. IEEE Transactions on Smart Grid, 2019, 10
(5): 5609-5619.



	1　引言
	2　基于GADF图像编码的负荷印记构建
	2.1　数据获取与预处理
	2.2　负荷印记构建

	3　基于CBAM的负荷识别模型
	3.1　卷积块注意力模型
	3.2　负荷识别模型

	4　实验及结果分析
	4.1　评价指标
	4.2　实验结果
	4.3　分析与讨论

	5　结论

