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Fig. 2 Overall system block diagram
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Fig. 4 Siamese network structure of this system

F 4 7] UL, CNIN AU 171 53 4 BIUR €8, V -1 ]
BRI FHE 0] 5, BP BT 6 531 HR V-1 POl A 0] 5 2
(B PRI AEHBLE  CNN 278U 22 28 ML PR 2 et Ao 2 I 4 A
I Lenet-5", f 5 5 i1 32 4EA5AE 1) /L RR A AR Z 1
Lenet-5 4514 [ 00 VR B 0 #ft 28 ) 28 A5 780, 41 AlexNet
VGG16.,GoogleNet 55, {H I K 4 7 fiif V-1 130 BIZIF
A A%, T H NILM 75 22 E i AN BAEZistT, B
DI 25 O 8 TR AN TG LR & 22 1 2544 o Lenet-5 45
Fafai B, 2 2 BEAIG , REAEH /2 SERTHE T 75 5K . BP BB fY
i NJEPIAS V=T ER 2800 CNNRERLAR T 32 4
FRAE ] 5 IR 200 64 dEm it Fr 2 — D 0~12Z
(1) 3 22 B A B0 K 2 A I 285 1 it 45 215 45 72 1 1
{H LA 19 B0 1] 2 A5 8 T A — 2R e A5 R
322 AT IMAFAEFRGRIE B 69 5 2 N EIRA)

FIHZEA 28 %55 €8, V-1 30308 R HEA TR 25 1R 5]
Ji , Rk b V- AR A AN [ 67 i (A58 1), 38 2o 1
PERFAEREA T4 2 By B Uil o 76 V=1 0308 EHGOGT 1 Ay i
PERFAE PR LR R R AE (L5 1R 3RS IR TIR)
DCPC B4 87 AT, 1P 4 5K B S v U AR A 22 ] 4 A A
JE AT
cos<a, bi> =

X1 Vit X Yp+tX3 Y+ X, Vi (1)

Vet 4 OhHrh R )
A 2 @ 3l AT D R (e L AR 45 21 Y
T BRI, @ =(x,, x5, X3, -+, X, ); b, A RFEFE A
BT VIR B, b= (1115 V2o Vigs = Vi )o AR TZ I S
FEC, DU VA 87 47 AR AR & S AR T I (L
R, BT R ) S A PR A e Al P rh (4 o AR RS
ANT BT, AR RFR BN G808 14T, T 6 A
FAARFAE [) S S I B RRIE A B 2o Sl A BB R AE 2, Y
A N — U B, BRI E A T
323 ARG EARIERAR

S5 PIAB B iR, B far RO S 0 A I AR
K5 B

ARGITHRIEAT

mﬁvqﬁm@@.]

!
HRIE SR (V-1
HHE LB WRFAE )

V-8 1]
BRI LS

=
THE IR [ Y
FLEE (ARGZBEE )

5 NILM RGBTz E
Fig. 5 NILM system operation flow chart
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Fig. 6 Colored V-I trajectory image of different loads
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Non-intrusive Load Monitoring Based on Colored V-1 Trajectory Features and Edge Machine Learning
LU Lingxia', MENG Fanju', YU Miao"", REN Qinyuan®, BAO Zhejing'
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Abstract:

Objective A large amount of data is generated during the process of power consumption, which serves as the basis for informed user decisions
and helps realize home energy efficiency monitoring, safety protection, and demand-side management. Therefore, obtaining real-time electricity
consumption information through load identification has significant research value. Non-intrusive load monitoring (NILM) refers to a method that
does not require the installation of a monitoring device for each individual load. Instead, it analyzes only the voltage and current data on the bus
to obtain information about various factors, such as load type, operating status, and power consumption. Studies have shown that non-intrusive
load recognition helps users reduce their energy consumption by up to 15%. As a primary tool for analyzing users’ consumption behavior, non-
intrusive load identification is crucial for both energy-use monitoring and electrical safety assessment. Methods based on the VI trajectory have
indicated promise, but several limitations remain. First, V-I trajectories often overlap: many appliances produce very similar shapes, especially af-

ter normalization, so using the trajectory alone makes it challenging to separate look-alike loads. This calls for integrating auxiliary cues, power



%53 RIS EE 55 TR V-THLB R IE AL AL a8 S AR A AT RSB0 7 ik 141

and power-factor statistics, harmonic features, or other spectral or temporal descriptors. Second, many approaches are closed-set. They frame rec-
ognition as multiclass classification and identify only classes seen during training, while unknown loads are mishandled. The associated neural
classifiers are also relatively complex. Third, training pipelines typically depend on server-class compute. When ported to embedded edge de-
vices, limited resources prevent timely model updating or retraining. As the number of unseen loads grows, accuracy degrades without on-device
or real-time adaptation, making it challenging to guarantee effectiveness and latency in practice and revealing a gap between lightweight Al and
deployable systems.

Methods This study proposed a NILM method that combined colored voltage—current (V1) trajectory features with a lightweight Siamese net-
work. The aim is to address the overlapping features caused by different loads. The method has two main objectives: to enhance the information
conveyed by V-1 images and to maintain a compact inference pipeline suitable for embedded, real-time NILM applications. This study intro-
duced a simple and effective method for constructing colored V-1 trajectory images. The approach involved creating colored V-I trajectory im-
ages that incorporated directional information using load voltage and current data, while employing the RGB color channels of the images. Com-
pared to traditional V-1 trajectories, this new method captured more load characteristics and clearly reflected the distinct features of each load.
The improved colored V-1 trajectory enabled a more detailed depiction of load characteristics, enhancing the accuracy of load identification.
Given that the load VI trajectory images were not overly complex and that NILM must operate online on embedded devices, a highly complex
neural network structure was unnecessary. This study employed a Siamese network to calculate the similarity between the V-I trajectory image of
the load to be identified and the V-1 trajectory images in the load feature database, which enabled preliminary identification. The Siamese net-
work model consisted of two components: the convolutional neural network (CNN) model and the backpropagation (BP) model. The CNN model
extracted feature vectors from the colored V-I trajectory images, while the BP model computed the similarity between these feature vectors. The
CNN model referenced was the classical lightweight neural network structure known as LeNet-5, which produced a 32-dimensional feature vec-
tor. LeNet-5 has a simple architecture and low complexity, which makes it suitable for real-time operation. The BP model took as input a 64-di-
mensional vector derived from merging two 32-dimensional feature vectors obtained by the CNN model, and its output was a continuous value
between 0 and 1. An evaluation was made on whether the input vectors belonged to the same class by comparing the output results of the Siamese
network with a predetermined threshold. The second stage incorporated harmonic features for identification after the initial recognition using the
Siamese network to prevent misidentification of different loads with similar V-1 trajectories. Specifically, the cosine distance between the har-
monic features of the current was calculated and compared against a threshold to complete the load identification process. Initially, loads in the
harmonic feature database corresponding to the V-I trajectory image that has matching harmonic features (including the 1st, 3rd, 5th, and 7th har-
monics) were identified, and the similarity between these harmonic features was assessed using cosine distance. A greater cosine distance indi-
cated higher similarity between the two loads. If the similarity exceeded the threshold, the load to be identified was classified as a known load in
the database. In contrast, if the similarity fell below the threshold, the load was considered a new load, and its feature vector was added to the fea-
ture database. Through this dynamic updating of the feature database, the load was recognized as known if it appeared again. The method effec-
tively avoided misidentifications that could have arisen from the similarities in V-1 trajectories of different loads by integrating the features of V-
I trajectories with harmonic features.

Results and Discussions The Siamese network model was trained using V-1 trajectories from the WHITED dataset and was deployed on an em-
bedded Linux system powered by an STM32MP1 microprocessor. It was then validated using laboratory electrical loads. The results indicated
that the colored V-I trajectory provided a more detailed representation of load characteristics, which enhanced the accuracy of load identification.
In addition, the improved artificial intelligence model was lightweight, which significantly reduced computational requirements. The on-device
feature database was updated online in real time, and local retraining or incremental updates were supported. Unlike server-dependent pipelines,
this deployment eliminated the requirement for a round-trip to a PC or server for retraining and subsequent redeployment to the edge device.
Conclusions The method employs the embedded terminal to accurately identify unknown loads, preventing a reduction in recognition accuracy as
the number of unknown loads increases and ensuring effective load recognition. The system’s runtime for identifying a single load is approxi-
mately 0.2 seconds, which satisfies real-time requirements and demonstrates substantial research value and practicality. The colored V-1 trajec-
tory combined with a lightweight Siamese network model provides a robust and deployable approach for real-time NILM on resource-constrained
embedded hardware.

Key words: non-intrusive load monitoring; edge machine learning; siamese network; embedded Linux system
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