
Research Article
Nonintrusive Load Identification for Industrial Users
Integrated with LSQR and Sequential Leader Clustering

Shuhui Yi , Yinglong Diao, Junjie Liu, Tian Fang, and Xiaodong Yin

China Electric Power Research Institute, Wuhan 430070, China

Correspondence should be addressed to Xiaodong Yin; yinxiaodong@epri.sgcc.com.cn

Received 3 April 2022; Revised 4 August 2022; Accepted 24 August 2022; Published 28 September 2022

Academic Editor: Daniel Morinigo-Sotelo

Copyright © 2022 Shuhui Yi et al. �is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Nonintrusive load identi�cation for industrial users can accurately acquire the operation of each load. However, it is a major
challenge in the demand-side response due to the hardship of collection data for modelling, and high precision measuring
equipment is required. Aiming at this situation, a nonintrusive load identi�cation method is proposed, combining the least square
QR (LSQR) with the sequential leader clustering algorithm. Firstly, regarding accurate depiction of industrial loads, some
appropriate load feature indices of steady-state and transient processes are extracted, respectively. For steady-state processes, the
active power, the reactive power, and the root mean square (RMS) current value are selected as the feature indices. In the case of
transient processes, ten feature indices of three stages are employed: before, during, and after transient events, consisting of the
duration of transient events, the RMS current value before and after transient events, the average value of active power before and
after transient events, the average value of reactive power before and after transient events, the maximum RMS current value of
transient events, etc. On this base, the LSQR algorithm is proposed to decompose unknown composite power to access the
operation of various loads at steady-state. �e sequential leader clustering algorithm is propounded to classify transient events of
typical industrial loads and further identify which kind of loads had switched. Finally, to validate the e�ectiveness of the presented
model, data of industrial loads from a concrete plant are collected, including blender, cement screw, sewage dump, and inclined
belt conveyor, and simulation analysis is ful�lled. �e results indicate that the model proposed can e�ectively achieve the
nonintrusive industrial load identi�cation, and least uni�ed residue (LUR) is about 10−16, which is much better than the factorial
hidden Markov model (FHMM) and the arti�cial neural network (ANN) model.

1. Introduction

With the conception of electric-load intelligent (E-LI) being
put forward, the number of users increases so rapidly that
load types are diversi�ed and users’ requirements for
electricity service are more and more detailed [1, 2]. On this
basis, it is crucial to analyze the electric consumption be-
havior more precisely and study the key technologies related
to load monitoring, e.g., load feature extraction [3, 4], load
identi�cation [5], load forecasting [6], and load monitoring
[7]. �erefore, research on these key technologies can im-
prove the e¢ciency of collection-transmission and enhance
the accuracy of monitoring and identi�cation for load
equipment. Currently, there are mainly two load monitoring
approaches: intrusive load monitoring (ILM) and

nonintrusive load monitoring (NILM). ILM is built upon
low-end meter devices attached to home appliances in
opposition to NILM techniques, and a single sensing point
of each electrical device is needed in the ILM [8, 9]. Although
ILM can provide higher e¢ciency and reliability than NILM,
it is gradually replaced by the latter. NILM can perform real-
time monitoring and analysis of demand-side load. It has
many advantages, including low cost, simple communica-
tion, easy maintenance, and promotion. �erefore, load
identi�cation methods for NILM become a research hotspot
of demand-side load monitoring.

Presently, some research results probe into deep learning
(DL) intelligent algorithms for NILM in the steady-state
process, such as hidden Markov model [10, 11], arti�cial
neural network (ANN) model [12, 13], and graph signal
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processing developed approach [14, 15]. In [10, 11], the
factorial hidden Markov model (FHMM) is considered, and
it is indicated to outperform the other unsupervised dis-
aggregation methods. In [12, 13], the DL model on ANN
algorithm is also investigated and has high effectiveness and
accuracy in analysis of power consumption behavior for load
monitoring. In [14, 15], the graph signal processing devel-
oped approach is designed for NILM. (e competitive
performance of the GSP-based approach is demonstrated
with respect to the traditional hidden Markov model and
decision tree approaches. Nevertheless, the above research
outputs are mainly focused on residential electricity con-
sumption, and there are few achievements on industrial
electricity consumption.

Moreover, several methods concentrate on the transient
process with a view to further monitor the load switching
status, including data acquisition, transient feature extrac-
tion, and load identification. Some research evaluates load
signatures established by voltage-current (V-I) trajectory
[16, 17], and some papers propose signal processing tech-
niques to extract features, such as wavelet transform [18] and
Stockwell transform (S-transform) [19, 20]. Some novel
algorithms are applied to transient energy analysis to im-
prove recognition accuracy and computational speed. For
instance, a stealthy black-box attack construction model is
suggested in [21], and ANN model combining with turn-on
transient energy analysis is utilized in [22]. Most of load
disaggregation methods are designed to focus on the load
on/off events of single appliance; however, a current in-
vestigation in [23] can effectively deal with the simultaneous
on/off events of multiple appliances by applying a cepstrum-
smoothing-based load disaggregation method.

(e aforesaid research results are mainly aimed at
household loads, and the experimental data mostly use open
REDD data sets. (ere are few studies on the load de-
composition and load identification for industrial users, and
testing data of industrial loads are limited. In [24], it presents
a new nonintrusive energy monitoring method for industrial
microgrid; however, it is not suitable for demand-side
monitoring for industrial users. Moreover, load feature
extraction and load identification are only performed for
steady-state or transient processes, and there is no overall
process to cover steady-state and transient processes.

Given the above, a new method of load identification for
industrial users is suggested, integrating with the analysis of
steady-state and transient load feature of industrial users.
(e active power, the reactive power, and the root mean
square (RMS) current value are selected as the feature in-
dices of steady-state processes. (e least square QR (LSQR)
algorithm is utilized to decompose the loads in the steady-
state process. In addition, for transient processes, ten feature
indices of three stages are employed: before, during, and
after transient events, consisting of the duration of transient
events, the RMS current value before and after transient
events, the average value of active power before and after
transient events, the average value of reactive power before
and after transient events, the maximum RMS current value
of transient events, the maximum active power during
transient, and the maximum reactive power during

transient. (e sequential leader clustering analysis is applied
to classify the transient events of typical industrial loads and
further identify transient events.

1.1. �e Main Contributions

(i) According to the characteristics of industrial users,
the steady-state and transient feature indices of
industrial load are extracted, and the steady-state
load feature space and transient load feature space
are established.

(ii) (e load decomposition-identification model for
industrial scenarios combining the LSQR with the
sequential leader clustering algorithm is proposed.
(e operation of each load is obtained by using the
LSQR algorithm model, in combination with the
sequential leader clustering algorithm to further
identify transient events.

(iii) Four kinds of loads, including blender, cement
screw, sewage pump, and inclined belt conveyor, are
selected to test the load decomposition-identifica-
tion model. (e industrial load dataset has collected
30 hours of bus-side three-phase current and volt-
age signals from a concrete plant by DL850 oscil-
lograph recorder.

(iv) (e results demonstrate that the proposed load
decomposition-identification model gives better
performance for the nonintrusive industrial load
identification compared to the FHMM and ANN
model.

(e remainder of this paper is organized as follows.
Section 2 provides a brief analysis of industrial loads and
summarizes the feature indices of steady-state and transient
processes. Section 3 describes the framework of the envis-
aged model, followed by the details of the three components:
data processing of raw sampling, load decomposition of the
steady-state process rooted on the LSQR algorithm, and the
transient process load identification built on the clustering
algorithm. Section 4 delineates the data sources and dis-
cusses the performance of the proposed model, and a val-
idation of the whole approach is given. Section 5 concludes
the paper and envisions the future work.

2. Characteristic Analysis of Industrial Users

(e types of industrial users are so diverse that the traits of
different types have certain distinct. In accordance with the
electricity price classification, the industrial users can be
categorized into following, namely, commercial mixed
electricity, office-used, agricultural-used, civil-used, non-
general industrial users, and large industrial users. (e
electricity demand of industrial users can be characterized as
a sequence fluctuating with time. Modeling and analysis of
this sequence can achieve its inherent traits [25, 26]. (e
equipment-side of a concrete plant is selected as the
monitoring target in this paper. And, at 10 kHz sampling
frequency, the DL850 oscillograph recorder is operated to
record the current wave information of multiple typical
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loads on the equipment-side, including blender, cement
screw, sewage pump, and inclined belt conveyor. For in-
stance, Figure 1(a) shows the current change after a cement-
screw-on event, while Figure 1(b) shows the current change
after a cement-screw-off event.

From Figure 1, it shows that the load power con-
sumption of industrial users generally has the following
traits:

(i) Current wave shows obvious fluctuation with time
(ii) Load on/off events cause significant changes in

instantaneous current
(iii) Current waveform tends to be stable after load on/

off events

In the action of load switching, the transient event of an
industrial load consists of three stages: before, during, and
after transient. (e stage before transient refers to the
original steady state before a load switches, and the stage
after transient stands for another stable state after a load
switches. And, some features, such as current and power,
will change dramatically during the transient process.
(erefore, it is necessary to extract complete features of
steady-state and transient processes for load identification.

2.1. Steady-State Features Extraction. (e active power and
the reactive power are regularly opted as feature indices for
the steady-state process:

P � VI cos ϕ,

Q � VI sin ϕ,
(1)

where P and Q symbolize the active power and the reactive
power, respectively. V and I are the RMS values of voltage
and current, respectively. ϕ means the phase difference
between voltage and current, and cosϕ is defined as the
power factor.

Figure 1 exhibits that the load signals of industrial users
are periodic when the frequency of the modulation is a
harmonic of the fundamental frequency. In order to char-
acterize the industrial loads more comprehensively, the RMS
value of current in the steady-state process is also extracted
as a load feature index:

I �

���������


N
n�1 i(n)

2

N



, (2)

where N is the number of sampling points in one funda-
mental period, n is the number of sampling points, and i(n)
is the instantaneous current value of each sampling point.

(erefore, as shown in Table 1, the active power, the
reactive power, and the RMS current value are extracted to
construct the steady-state process feature space. RMS is a
feature that is very sensitive to the window length; hence,
here, we select the composite-window method based on the
cumulative sum (CUSUM) algorithm to calculate three
steady-state feature indices. (e composite-window method
is applicable for the feature indices of both steady-state and
transient-state [26].

2.2. Transient Features Extraction. Detection of transient
events is a central issue to realize load identification for the
transient process. Waveforms between the original steady-state
and the new steady-state can be captured to extract the transient
features of different loads. In order to outline the transient
process more completely, features of three stages delineated
above are selected to construct a comprehensive feature space.
As can be seen in Table 2, there are altogether 10 feature indices.

In the case of load-on events, the first stage in Table 2
represents the steady-state before the occurrence of load-on
events. (e second stage represents the process of load-on
events. (e third stage indicates the new steady-state after
load-on events. It is similar in another case, except that event
types are load-off events instead of load-on events.

In this paper, transient feature indices are extracted
according to the composite-window based on CUSUM [26].
(e window length is very important for transient events
detection. If the window length is too short, the steady-state
fluctuations and glitch of the current easily lead to false
detection of the events. However, if the window length is too
wide, transient events cannot be accurately identified. Due to
the wide duration of industrial equipment start-up transient
process, we select the maximum RMS current value during
transient as one of the feature indices. (is composite-
window method can verify the validation of event detection
and distinguish transient events due to quality problems,
gaps, and impulses, etc., from the connection or discon-
nection of industrial loads.

(e average value of active power before or after tran-
sient relies on the active power in each period, the same goes
for the average value of reactive power. Take the pretransient
process as an example:

Pf �
1
T

P1 + P2 + · · · + PT( ,

Qf �
1
T

Q1 + Q2 + · · · + QT( ,

(3)

where T expresses the numbers of steady-state waveform
periods before the transient process. Pn and Qn (n� 1, 2, . . .,
T) are active power and reactive power in the n-th period,
respectively.

3. LoadIdentificationMethodDependingonthe
Steady-State Process and the Transient-
State Process

To obtain an integrated load identification for nonintrusive
industrial users, this paper focuses on the load decompo-
sition of the steady-state process combining with identifi-
cation of the transient process. (e designed identification
algorithm mainly includes two parts, as can be explicated in
Figure 2. Firstly, the steady-state load decomposition can be
described by the least squares problem which can be opti-
mized by the LSQR algorithm. Secondly, the sequential
leader clustering algorithm is introduced to classify the
corresponding load on/off events in the transient process, in
such a way as to accurately identify which load or type of
loads have a switch action.
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3.1. Data Processing of Raw Sampling. Random errors are
prone to occur when waveforms are recorded due to the
complex industrial environment, regardless of the equipment-
side or bus-side. (us, invalid data need to be eliminated and
corrected. In order to record the waveforms of collecting data
more objectively and comprehensively, the data of voltage and

current are usually sampled at high frequency. However, it will
cause a sharp increase in data volume and decrease the data
processing efficiency to a certain extent. As well, data of dif-
ferent load features are generally not in a unified dimension;
accordingly, it makes normalization more essential. In short, it
is necessary to adjust and process the original sampling data,
including data cleaning, downsampling, and normalization.
Herein, the Irada criterion is applied for data cleaning to
eliminate the random error data, and the Nyquist sampling
theorem is employed for downsampling to obtain the balance
between efficiency and accuracy of sampling. (e min-max
normalization and Z-score normalization methods are both
utilized to normalize parameters.
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Figure 1: Current change of on/off events for cement screw.

Table 1: Load steady-state feature indices of industrial users.

Number Feature indices
1 Active power, P
2 Reactive power, Q
3 RMS current value, I
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3.1.1. Irada Criterion. Assume that s1, s2, . . ., sn are original
sampling data, respectively, and vi � si-s (i� 1, 2, ..., n)
symbolizes residual error, where s is the arithmetic mean. σ
denotes the standard error in terms of Bessel’s formula. vi

satisfies the following formula:

vi


 � si − s


> 3σ, (4)

where si is considered as a gross error value that should be
corrected. Here, we use the average value of adjacent
sampling points to replace the invalid data for correction.

3.1.2. Nyquist Sampling �eorem. Nyquist sampling theo-
rem depicts the relationship between the sampling rate and
the signal frequency. It is ruled that the sampling rate fsmust
be greater than twice the highest frequency of sampled
signal, which is usually called the Nyquist frequency fN:

fs > 2fN. (5)

3.1.3. Min-Max Normalization. (e min-max normaliza-
tion can transform the original data into the range of [0 1] by
the linearization method. Assume that sij is the value of the j-
th feature of ith load. And, min(sj) represents the minimum
value of the j-th feature among all the power consumption.
Similarly, max(sj) indicates the maximum value of the j-th
feature among all the power consumption.

Z sij  �

sij − min sj 

max sj  − min sj 
, max sj ≠ min sj ,

1, max sj  � min sj .

,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(6)

where Z(sij) denotes the normalized value of sij.

3.1.4. Z-Score Standard Normalization. Z-score standard
normalization is usually used to standardize the original
data, and it can eliminate the influence of different variable
units on the results:

Z sij  �
sij − si

S sij 
�

sij − si
�������������������
(1/n) 

n
j�1 sij − si)

2/n,
 (7)

where si is the arithmetic mean of all power consumption
features of the ith load, S(sij) is the sample standard devi-
ation, and n is the number of the feature indices. Z(sij) has
the same meaning as formula (6).

3.2. Load Decomposition of the Steady-State Process Relied on
LSQR Algorithm

3.2.1. Problem Description. (e LSQR algorithm solution
consists of two steps [27, 28], as illustrated in Figure 3. (e
first is performing Golub–Kahan iterative bidiagonalization
to simplify the calculation. (e second is to solve the least-
squares problem after bidiagonalization.

Given a known load feature database and a composite
power feature database with unknown constituent elements
in a certain scene, an unknown power can be decomposed
into several identifiable loads which belong to the known
load feature database. So, the load decomposition of the
steady-state process for NILM can be described as

min
x

‖H · x − y‖2,

s.t.
H · x < y

xi ≥ 0
,

(8)

where H � [H1,H2, · · · ,HR] means the load feature matrix
of R kinds of industrial users and Hi � [fi,1, fi,2, . . . , fi,M]T

expresses the load feature vector of the ith load with M
feature factors. y � [y1, y2, . . . , yM]T is the feature vector for
a composite power expressed by the same M features. x �

[x1, x2, . . . , xR]T represents the weight vector of the loads,
where xi designates the operation status of ith load. ‖min‖2 is
the minimum second-order residual norm, which is the
fitness function between the estimated composite power and
the actual data.

In general, the feature matrix is nonpositive definite.
(erefore, the LSQR algorithm is adopted to approximately
solve the linear least squares problem as formula (8), which
is equivalent to iteratively solving the regular equation
HHHx � HHy.

3.2.2. Golub–Kahan Bidiagonalization. By singular value
decomposition (SVD) method, the feature matrix H can be
constructed as a bidiagonal form:

Table 2: Load transient feature indices of industrial users.

Stage Feature indices

Before transient
RMS current value of the steady state before transient, If

Average active power before transient, Pf
Average reactive power before transient, Qf

During transient

Transient duration, Tt
Maximum RMS current value during transient, Imax

Maximum active power during transient, Pmax
Maximum reactive power during transient, Qmax

After transient
RMS current value of steady state after transient, Ib

Average active power after transient, Pb
Average reactive power after transient, Qb
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UHHV � B �

α1
β2 α2

β3 ⋱

⋱ αP

βP+1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (9)

where U � [u1, u2, . . . , uP] and V � [v1, v2, . . . , vP] are both
unitary matrices, which can be determined by the iterative
method. P is the number of iterations. αk (k= 1, 2, . . ., P) is
the element on the main diagonal of the bidiagonal matrix B,
and βk is the element on the diagonal below the main
diagonal.

In both sides of (9), multiply U on the left to get

H v1, v2, . . . , vP  � u1,u2, . . . , uP 

α1
β2 α2

β3 ⋱

⋱ αP

βP+1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

(10)

Hvk � αkuk + βk+1uk+1 or βkuk � Hvk−1 − αk−1uk−1 can
be deduced by (10). On the other hand, apply the Hermit-
transform to both sides of (11) to get VHHHU � BH. (en,
multiply V on both sides by the left to get HHU �

VBH � VBT:

Collecting original signal
data of typical loads on the

equipment-side

Collecting unknown and
composite power data on

the bus-side

Data
Collection

Data preprocessing method:
>Irada Criterion
>Nyquist Sampling �eorem
>Min-Max Normalization
>Z-score Standard Normalization

Data
Cleaning

Constructing steady-state
feature space

Constructing transient
feature space

Feature
Extraction

Identification
Method

Steady-state load
decomposition based on

LSQR algorithm
Transient load event identification

built on the sequential leader
clustering algorithm

Steady-state load decomposition
and transient event identification
are combined to test effectiveness

of the identification method

Figure 2: Flow chart of the proposed load identification method.
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HH u1,u2, . . . ,uP  � v1, v2, . . . , vP 

α1 β2
α2 β3
⋱ ⋱

αP βP+1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

(11)

Similarly, HHuk � βkvk−1 + αkvk or αkvk � HHuk−

βkvk−1 (β1 = 0, k= 1, 2, . . ., P) can be calculated.
(e bidiagonalization depending on the Golub–Kahan

method transforms the load feature matrix H into sparse
bidiagonal matrix B, and the process can be summarized in
Table 3.

3.2.3. Solving the Least Squares Problem. Based on the
bidiagonalization of P iterations, the least squares problem
of load decomposition designated in formula (8) can be
transformed into the following equation:

min
VHx

UHHVVHx − UHy
����

����2 � min
cp

Bpcp − β1, 0, 0, · · · , 0 
T

�����

�����2
,

(12)

where BP is a (P+1)∗P bidiagonal matrix. cP � VHx denotes
the solution of the least squares problem of sparse bidiagonal
matrix, which can be attained by QR decomposition of (13).
Since V is the unitary matrix, the approximate estimated
solution of (8) can be obtained by cP in

xP � VcP, (13)

where xP is the estimated result, which signifies the com-
ponent weight of each known load after load decomposition.

3.3.LoadIdentification for theTransientProcessUnderlyingon
the Sequential Leader Clustering Algorithm. (e sequential
leader clustering algorithm [29, 30] is approved to detect
unknown transient events to realize load identification of
the transient process. According to the load feature space
established in Table 2, the main process of the load
identification based on the clustering algorithm is as
follows:

Start

Data collection and cleaning
on device-side and bus-side

(Min-Max normalization, etc.) Problem description

Golub-Kahan
iterative

bidiagonalization

Solve the bi-diagonalized
least squares problem for

load decomposition
Steady-state process

decomposition for NILM
based on LSQR algorithm

Construct the steady-
state feature space:

P, Q, I

Final result

Detailed Procedure

Figure 3: Load decomposition of the steady-state process relied on the LSQR algorithm.

Table 3: Golub–Kahan bidiagonalization of the LSQR algorithm.

Steps Description

Setting initial values

β1 � ‖y‖2
u1 � y/β1

α1 � ‖HHy‖2
v1 � HHy/α1

For P � 1,2,. . .. . .

Iteration

βP+1 � ‖HvP − αPuP‖2
uP+1 � (HvP − αPuP)/βP+1
αP+1 � ‖HHuP+1 − βP+1vP‖2
vP+1 � (HHuP+1 − βP+1vP)/αP

End
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Step 1: when an unknown transient event occurs, the
corresponding load feature indices are extracted and
the feature vector of the event is constructed as
Fnew � [T, If, Ib, Imax, Pf, Qf, Pb, Qb, Pmax, Qmax]. Each
component is a dimensionless value normalized by
Z-score standard normalization.
Step 2: take the load feature vectors of the transient
events corresponding to known load operations as
cluster centres. So, the cluster set can be designated as
C� [C1,C2,C3,. . .,CG], where G is the number of known
transient events and Ci (i� 1, 2, . . ., G) refers to the ith
cluster centre. (e data dimensions and vector ele-
ments of each cluster centre in C are the same as Fnew.
(en, calculate the Manhattan distances between Fnew
and each cluster centre in C, respectively, which can be
depicted as D� [d1,d2,d3,. . .,dG], i.e. di � |Fnew-Ci|.
Step 3: find the minimum distance dmin in D and select
the appropriate threshold β. If dmin<β, then Fnew be-
longs to the cluster centre corresponding to dmin.
Otherwise, Fnew should be added to set C as a new
cluster centre.
Step 4: when a new transient event occurs, repeat Step 1
to Step 3.

(e setting of distance threshold β depends on the re-
liability and accuracy of loadmonitoring equipment. Herein,
the DL850 oscillograph recorder is operated for recording
the transient waveform and related load characteristics of
common appliances. (en, clustering is conducted to find
the β parameter values with the best clustering effect.

4. Experimental Analysis and Results

4.1. Evaluation Index. (e least unified residue (LUR) is
selected to evaluate the accuracy of load decomposition. (e
LUR is a measure between an unknown composed load
compared with the known database items, and it is defined as
follows [3]:

E �
‖y − y‖2

‖y‖2
, (14)

where y refers the composite load feature vector estimated
by the introduced algorithm and y is the feature vector of an
unknown load-on bus-side as defined in formula (8).

4.2. Simulation Results. In this paper, the NILM method is
applied in the industrial application scenario [31]. Four
kinds of industrial loads are investigated, including blender,
cement screw, sewage pump, and inclined belt conveyor, as
shown in Table 4.(e industrial load dataset has collected 30
hours of bus-side three-phase current and voltage signals
from a concrete plant by DL850 oscillograph recorder.
Considering the influence of transformers, on the bus-side,
the current transformer (CT) ratio is 100 :1, the potential
transformer (PT) ratio is 1 :1, and the sampling frequency is
10 kHz. (e proposed load decomposition-identification
model is performed to this application scenarios.

For three-phase power, the amplitude of voltage or
current is the same, but the phase of the waveform differs
from each other. (e phase of voltage or current is not a
determining issue for load decomposition. Hence, data
preprocessing is carried out for only one phase.

4.2.1. Data Preprocessing. In this paper, random error data
are eliminated by using the Irada criterion to get relatively
smooth waveform. (en, according to the Nyquist sampling
theorem, the data are sampled at 1 kHz frequency, instead of
the original 10 kHz, to balance the efficiency and accuracy of
sampling. Figure 4 shows the comparison between the
original current waveform and the downsampling of sewage-
pump-on event. As shown in Figure 4, the downsampling
data do not affect the extraction of load feature, while re-
ducing the data quantity to 1/10 of the original.

4.2.2. Decomposition for the Steady-State Process. In terms
of the previous analysis, the RMS value of steady-state
current, the active power, and the reactive power are selected
as the feature indices. (erefore, the load feature matrix H,
which is mentioned in formula (8), is constructed as shown
in Table 5. (e load feature matrix H here includes four
kinds of loads, and each load is described by three feature
indices, so matrix H here is a 3∗ 4 matrix.

In order to verify the effectiveness of the proposed al-
gorithm, four groups of unknown power on the bus-side are
collected as test data, i.e., y1, y2, y3, and y4. Each test data is
the feature vector y in formula (8), which is described with
the same features as the load feature matrix H. With ref-
erence to the feature indices and extraction methods of the
known loads, the corresponding features of each unknown
power are extracted, respectively, as shown in Table 6.

Since the units of each feature index are not uniform and
the load decomposition results must be nonnegative, the
min-max normalization is chosen for dimensionless pro-
cessing, as formula (6) delineated. Considering the test data
y1, the proposed load decomposition algorithm is applied to
the normalized feature matrix as shown in Table 7.

Figure 5 shows the influence of iterations of the LSQR
algorithm on the accuracy of load decomposition. As the
number of iterations increases, the accuracy of load de-
composition also improves, while when the number of it-
erations reaches a certain level, the decomposition accuracy
does not improve significantly. It can be seen that the op-
timal iteration number is 3 for y1 in Figure 5.

Each group of unknown powers are decomposed into a
linear combination of four known loads to complete steady-
state load decomposition. Based on the optimal iteration of
the LSQR algorithm, the decomposition results of each

Table 4: Application scenario.

Load equipment Number Rated power (kW)
Blender 2 110
Cement screw 4 18.5
Sewage pump 2 5.5
Inclined belt conveyor 2 55
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compound power are shown in Table 8. For test data y2,
when the number of iterations exceeds one, the decompo-
sition weight appears negative. It does not meet the con-
straint conditions of (8); hence, the decomposition result of
y2 is obtained by one iteration.

(e decomposition weight of each known load is cal-
culated by the proposed identification algorithm, and the
weight of each load represents the proportion of the load in
the composited power on the bus-side. For instance, the
decomposition results of test data y1 are 0.249 (blender),

0.340 (cement screw), 5.445(cement screw), and 0.003 (in-
clined belt conveyor), which indicate the proportion of four
loads. It is showed that the sewage pump accounts for the
largest proportion. According to the decomposition weight
of each load, the LUR of the predicted load combination and
unknown power on bus-side are calculated to measure the
accuracy of load decomposition.

In order to verify the effectiveness of the proposed al-
gorithm, considering a single sample, the load identification
models in [11] (FHMM) and in [12] (ANN) are selected to

Current waveform at 10kHz sampling frequency

Current waveform at 1kHz sampling frequency
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Figure 4: Current waveforms before and after data preprocessing for “sewage pump on” event.

Table 5: Load steady-state feature matrix table.

Feature indices, unit
Load types

Blender Cement screw Sewage pump Inclined belt conveyor
RMS value of steady-state current, A 31.849 25.848 10.806 1.804
Active power, W 5002.000 4725.900 1992.665 312.759
Reactive power, var 5393.400 4821.300 1494.499 275.828

Table 6: Features of each unknown power on the bus-side.

Feature indices, unit
Test data

y1 y2 y3 y4
RMS value of steady-state current, A 66.464 251.879 150.383 104.778
Active power, W 12129.499 51307.556 27066.371 18913.008
Reactive power, var 9731.272 41163.100 21714.847 15173.555

Table 7: Normalized load steady-state feature matrix table.

Feature indices
Load types

Blender Cement screw Sewage pump Inclined belt conveyor y1
RMS value of steady-state current 0.0000 0.3718 0.1392 0.0001 1.0000
Active power 0.3968 0.3735 0.1422 0.0001 1.0000
Reactive power 0.5412 0.4807 0.1289 0.0001 1.0000
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compare with the proposed model in terms of LUR and
calculation time. (e identification results of different
models are shown in Table 9. It can be seen that although the
proposed algorithm does not have advantages in calculation
time compared with other novel machine learning models, it
has obvious advantages in accuracy.

4.2.3. Identification for the Transient Process. 10 feature
indices are chosen in terms of the transient feature space
established in Table 2, and the load types selected are
consistent with steady-state load decomposition. (e tran-
sient load identification underlying on sequential leader
clustering algorithm firstly needs to construct the cluster
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0
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1 2 3 4 5 6 7
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Figure 5: Relationship between the iterations of the LSQR algorithm and the LUR.

Table 8: Load decomposition results for the steady-state process.

Test data
Load decomposition weights

Optimal iteration number LUR
Blender Cement screw Sewage pump Inclined belt conveyor

y1 0.249 0.340 5.445 0.003 3 1.433E-16
y2 4.766 4.152 1.395 0.004 1 0.108
y3 1.046 0.187 12.514 0.016 4 6.410E-16
y4 0.656 0.207 8.7 0.008 4 8.988E-11

Table 9: Comparison of identification results of different models.

Algorithm LUR Calculation time, s
FHMM [11] 1.25E-1 —
ANN [12] 1.04E-2 7.88E-4
(e proposed model 1.433E-16 5.31E-2

Table 10: Cluster centres for the transient process.

Feature
indices

Load types
Load on Load off

Class 1
(blender)

Class 2
(cement
screw)

Class 3
(sewage
pump)

Class 4 (inclined
belt conveyor)

Class 5
(blender)

Class 6
(cement
screw)

Class 7
(sewage
pump)

Class 8 (inclined
belt conveyor)

If −0.273 −3.584 −4.028 −11.838 −116.352 −3.643 −12.271 −0.056
Ib −0.273 −3.546 −4.001 −11.828 −117.160 −3.693 −12.407 −0.056
Pf −0.211 −3.530 −3.904 −7.277 81.714 5.545 13.691 −0.055
Pb −0.191 3.258 1.167 −5.587 −47.587 −3.603 −11.525 −0.056
Qf −0.207 −3.529 −3.935 −7.819 97.311 5.732 7.165 −0.055
Q b −0.185 3.396 −0.132 −6.328 −42.108 −3.602 −11.747 −0.056
Imax −0.267 −3.535 −3.946 −11.691 −116.358 −3.648 −12.271 −0.056
Pmax 0.755 5.376 11.222 18.452 80.803 4.485 13.691 −0.055
Qmax 0.835 5.557 7.409 14.872 96.328 5.732 7.165 −0.055
T 0.017 0.137 0.148 29.044 83.410 −3.306 18.508 0.501
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centres, which signify transient events of typical loads de-
termined by steady-state load decomposition. After a di-
mensionless processing on the basis of Z-score
normalization, as formula (7) defined, the cluster centres can
be constructed as Table 10. (e eight cluster centres denote
eight load on/off events, i.e., blender on/off (class 1/class 5),
cement screw on/off (class 2/class 6), sewage pump on/off
(class 3/class 7), and inclined belt conveyor on/off (class 4/
class 8). According to the experiment, the best clustering
effect threshold β is 0.25.

When unknown transient events occur on the bus-side,
the related feature indices are extracted and normalized, and
then they are classified by the clustering algorithm, so as to
identify the specific load switching operation corresponding
to the event.

(ere are four unknown test events (i.e., test 1, test 2, test
3, and test 4), and Figure 6 illustrates the comparison

between unknown test events and cluster centre events on
the feature of current RMS value. For example, Figure 6(a)
shows the comparison of the RMS current value of unknown
transient event test1 with the cluster centre event “sewage
pump on.” (e figure shows that the fitting degree, between
the clustered identification results and cluster centre events,
is basically consistent. (erefore, the effectiveness of the
method presented is further verified.

5. Conclusions

(is paper proposes a load decomposition-identification
method for industrial users. In order to analyze the transient
process caused by load switching operations and the steady-
state process after load-on events, the steady-state feature
space and the transient feature space of industrial loads are
constructed, respectively. LSQR algorithm is proposed to
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Figure 6: Load identification results underlying on clustering.
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solve load decomposition least square problem for the
steady-state process. (e sequential leader clustering algo-
rithm is adopted to classify transient events of the transient
process to identify load switching operations. Simulation
results prove that the disposed method can effectively de-
compose the specific loads from unknown composed loads
and accurately identify the load switching operation with an
error rate of about 10−16. Furthermore, a general process of
load identification for industrial users is constructed, in-
cluding feature extraction, data preprocessing, steady-state,
and transient load decomposition-identification. On this
basis, the detailed operation information of various loads
can be acquired from overall load signals. Nevertheless, it
can acquire detailed operations of various loads. (e algo-
rithm introduced is based on the industrial users’ load signal
collected by an oscillograph recorder, and further research
on dynamic real-time signal acquisition and online analysis
is still needed.
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