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Abstract

Accurate extraction of underlying features from electrical loads is crucial for intelligent microgrid management.To address
the heterogeneous characteristics and microscopic nonstationary properties of industrial loads, a shunt-cooperative feature
extraction framework relying on MSE is proposed in this work. Different from traditional methods that use a single feature
extraction or clustering model to process the entire sequence, MSE is introduced to quantify the dynamic complexity of load
sequences, and effective classification is performed for loads with strong and weak time-series characteristics. For strong
time-series loads, a multi-view Variational AutoEncoder (VAE) deep clustering model with adaptive dual-distance metrics
fused with Euclidean distance and LB _Keogh distance is constructed to accurately extract macroscopic typical power
consumption patterns. For weak time-series loads, a “coarse screening-fine classification” hybrid decomposition architecture
based on CEEMDAN-NGO-VMD is proposed, where the complexity index (LZC) is introduced to adaptively strip low-
frequency trends and Northern Goshawk Optimization (NGO) is used to optimize VMD and suppress high-frequency mode
aliasing. Simulation results show that, compared with the CEEMDAN-only method and the NGO-VMD-only algorithm, the
proposed method achieves accurate extraction of multi-scale time-frequency features and effectively overcomes the mode
aliasing problem of traditional decomposition methods in terms of clustering performance. Finally, complex loads are
reconstructed into multi-modal feature components with clear physical meanings, providing a reliable feature basis for
subsequent identification of multi-modal power consumption behaviors in industrial microgrids.
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1. Introduction significant for the optimization of power resource allocation.

. : ) : . . . Therefore, an in-depth analysis of load characteristics is
II,I :I?(bluftglal microgrids, ddeep coufhng (?f h];gh—pr((;porﬁlon required. Accurate characterization of load evolution rules is
distributed new energy and energy Storage 1S 0bserved, Where  yealized through effective feature extraction and information
advanced deep learning frameworks have demonstrated | inine which provides a reliable feature basis for subsequent
superior performance in pattern recognition and data analysis  jjengification of multi-modal power consumption behaviors.
[1]. Industrial power consumption behavior is presented asa  pecent studies on high-energy-consuming industrial plants
nonlinear superposition of macroscopic production rthythms oo o0 ot high-dimensional daily load sequences

and microscopic random fluctuations, showing extremely o nain complex nonlinear characteristics, making effective
high complexity. Effective analysis of big data is considered
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feature extraction and clustering essential for accurately
characterizing industrial electricity consumption patterns [2].
The integration of Artificial Intelligence (AI) and Machine
Learning (ML) paradigms, especially deep learning models,
has emerged as a pivotal solution for enhancing the resilience
and predictive analytics of modern power systems, and deep
learning approaches have achieved remarkable performance
in load forecasting [3]. Concurrently, to accurately capture
the microscopic dynamics inherent in non-stationary power
consumption signals, adaptive multi-resolution dynamic
mode decomposition frameworks have been introduced to
improve feature extraction precision and suppress mode
aliasing in complex industrial load profiles [4].

Load feature extraction is employed to identify and
quantify key information reflecting users' power consumption
patterns, equipment operating status, and demand response
potential from massive power consumption data. These
features are applied as the basis for load clustering analysis,
demand response potential assessment, non-intrusive load
decomposition, and other applications. Especially in the
context of high-proportion renewable energy connected to the
grid, accurate mining of the flexibility potential of industrial
users is considered crucial for maintaining the stability of
microgrids. Early studies are mainly focused on clustering
based on traditional statistical features. Scalar features of load
curves, such as daily load factor, peak-to-valley ratio, and
extreme loads, are calculated as static indices, upon which
conventional algorithms like K-Means [5] and hierarchical
clustering [6] are adopted for user grouping. For example,
early demand response projects at home and abroad are often
used to identify “high-potential interruptible users” based on
such clustering results. However, time-series morphological
information of loads is lost in such methods, and the ability
to distinguish complex nonlinear patterns is limited. In
Reference [7], an Adaptive S Transform (AST) method is
proposed. The standard deviation of the window function is
directly controlled to adjust time-frequency resolution. The
Gaussian window is matched with the principal value interval
of the power quality signal spectrum to optimize time-
frequency resolution, and more accurate feature vectors are
extracted. Reference proposes a clustering method based on
load time series [8]. Correlation between multiple electricity
customers is effectively captured and representative load
patterns are extracted. Combined with an alternating
optimization algorithm of Lagrange multiplier and
eigenvalue decomposition, a globally optimal solution with
fast convergence is obtained, and computational efficiency is
improved.

Different from clustering analysis, which focuses on the
relationship between data samples, modal decomposition [9]
is a signal processing method that decomposes complex non-
stationary signals into a series of components with different
time-frequency characteristics. Entropy-based wavelet packet
decomposition has been employed to extract informative
frequency-domain features from electrical load series [10].
Meanwhile, singular value decomposition has been utilized
to extract dominant characteristics of daily load curves
through dimensionality reduction, thereby improving the
efficiency and robustness of load clustering [11]. For

nonlinear and non-stationary load sequences, a CEEMDAN-
based framework combined with entropy-based component
screening and secondary VMD has been proposed to further
refine complex high-frequency components and enhance the
representation of load characteristics [12]. Reference
calculates statistical features of each IMF after decomposing
power quality disturbance signals with VMD [13]. A two-
stage feature selection method based on permutation entropy
and Fisher score is introduced. Redundant features are
effectively eliminated, and the performance of support vector
machine classifiers is improved.

Obvious deficiencies are found in existing methods for
processing the above high-dimensional complex loads.
Traditional shallow clustering is limited by a single distance
metric and ignores multi-scale dynamic correlations,
resulting in poor pattern division accuracy [ 14]. Even with the
introduction of improved density-based algorithms [15] or
emerging deep clustering frameworks [16], achieving robust
characterization in highly non-stationary and high-
dimensional environments remains difficult. Furthermore,
industrial load sequences are characterized by pronounced
nonlinearity, volatility, and randomness, making it difficult
for a single decomposition method to sufficiently characterize
their complex multi-scale temporal features; combined
decomposition strategies involving VMD, CEEMDAN, and
complexity evaluation have therefore been introduced for
industrial load analysis [17]. Therefore, existing modeling
schemes are unable to meet the demand for an in-depth
perception of complex industrial power consumption
behaviors in industrial microgrids.

To solve the above problems, a shunting collaborative
feature extraction framework for complex nonlinear
industrial loads in industrial microgrids is proposed in this
paper. The problem of high-dimensional feature analysis
under the scenario of deep source-load coupling is solved, and
the refined perception ability of complex power consumption
behaviors is improved.

Different from traditional methods that use a single feature
extraction or clustering model to process the entire sequence,
MSE is adopted in this framework to quantify the dynamic
complexity of loads. Data are divided into strong and weak
time-series loads, and feature confusion and pattern overlap
caused by hybrid modeling are avoided. A multi-view VAE
deep clustering model is constructed. Adaptive dual-distance
metrics are integrated, macroscopic magnitude differences
and local time-series fluctuations of data are considered, and
adaptive extraction of typical power consumption patterns is
realized.

Finally, a “coarse screening-fine classification” hybrid
decomposition architecture based on CEEMDAN-NGO-
VMD is proposed. The Lempel-Ziv Complexity (LZC) index
is used to adaptively screen components, and the NGO
algorithm is combined to optimize VMD parameters.
Different from traditional signal decomposition that is prone
to mode aliasing, adaptive decomposition and feature
extraction of nonlinear high-frequency components are
realized by this method.
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The innovations of this paper are listed as follows:

Current feature extraction methods are difficult to take into
account the diversity and microscopic non-stationarity of
industrial loads. A shunting collaborative analysis framework
for industrial loads in microgrids is adopted. MSE is
introduced to quantify the dynamic complexity of load
sequences, and the definition of strong and weak time-series
loads is realized.

For strong time-series loads, a multi-view VAE deep
clustering model with adaptive dual-distance metrics fused
with Euclidean distance and LB Keogh distance is
constructed to accurately extract macroscopic typical power
consumption patterns [18]. For weak time-series loads, a
“coarse screening-fine classification” hybrid decomposition
architecture based on CEEMDAN-NGO-VMD is proposed.
The complexity index (LZC) is introduced to adaptively strip
low-frequency trends, and Northern Goshawk Optimization
(NGO) is used to optimize VMD and suppress high-
frequency mode aliasing [19]. Finally, complex loads are
reconstructed into multi-modal feature components with clear
physical meanings.

2. Load Sequence Complexity
Measurement Based on Multi-Scale
Sample Entropy

Refined management needs are put forward for massive
power users in industrial parks. It is difficult to analyze
individual power consumption characteristics only by manual
experience. Core load evolution rules are extracted based on
historical monitoring data and advanced data mining
methods.

Investigation results show that industrial power
consumption is essentially different from civil and
commercial loads because it is constrained by production
scheduling plans and usually has obvious periodic rhythms.
Under conventional production processes, power demand is
high and stable on working days, and load is reduced on rest
days due to decreased production capacity. However, non-
periodic random characteristics are shown in load curves of
some industrial individuals with continuous operation or
those greatly affected by order fluctuations, climate change,
and regional policies.

To accurately quantify such heterogeneous load
characteristics, MSE is adopted as the evaluation index of
load periodicity in this paper. Through coarse-graining
processing of load sequences at different time scales, MSE is
used to characterize the dynamic complexity of the system
from both microscopic fluctuations and macroscopic trends.

2.1 Principle of Multi-Scale Sample Entropy

The multiscale sample entropy (MSE) method is proposed to
characterize the complexity of time-series signals across
different temporal granularities. By introducing a coarse-
graining procedure to the standard sample entropy, MSE
effectively captures the underlying non-linear dynamics of
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power consumption. This approach has been widely verified
as a robust feature extraction technique for residential and
industrial load profile analysis [20]. In the multi-scale coarse-
graining process, the sampling interval of industrial load data
adopted in this study is 15 minutes. The maximum scale
factor is set to 20, corresponding to a time span of minutes.
The 5-hour time scale is sufficient to cover and reflect the
power consumption rhythm and capacity fluctuation rules of
a typical half shift (such as morning shift, middle shift) in
industrial production. Accurate capture of dynamic
characteristics under real production cycles by MSE is
ensured. The calculation steps are given as follows:

(1) For the original industrial load sequence with length N,
the scale factor 1 is introduced. The original sequence is
divided into several non-overlapping windows of length .
The average value in each window is calculated to construct
the coarse-grained sequence x(t) at scale t:

(1)

S 1=

(r) _ 1yt .
yj - ;Zi:(j—l)‘['+1xi ;1 =Jj=

where 7 is a continuous positive integer. When t=1, the
coarse-grained sequence is the original sequence.

(2) For the obtained coarse-grained sequence x(t), the
embedding dimension m is set. A series of vectors Xi with
dimension m is constructed:

Ym(l) = [Yi'yi+1!""yi+m—1]’1 i< N‘L’—m+1 (2)
where N(7) is the total length of the sequence at this scale.
(3) The distance d[ Ym(i), Ym(j)] between vectors Ym(i) and

Ym(j) is defined as the maximum absolute difference of their
corresponding elements:

AV (@), Ym(D] =, max (Iyiex = Vjre) )

The similarity tolerance r is specified (generally set to
0.15-0.25 times the standard deviation of the original
sequence). The number of vector pairs satisfying d<r is
counted, and its ratio to the total number of vectors is
calculated as B]"(r):

1
Nt—m

B (r) =

count{d[Y,,(Q), (NI <7, i #j} (4)
The average value over all indices i is further computed:

i=1
Nz-m+1

¥ B )

B™(r) =

Ny—m+1

(4) The embedding dimension is increased to m+1. The
above steps are repeated, and the average value Am(r) is
obtained:

j=1
Nz-m

A (6)

1
Ny—m

A™(r) =

where Am(r) represents the probability that two sequences
match at m+1 points under the tolerance r.
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(5) The sample entropy SampEn at scale t is defined as:

A™(r)
B™(r)

SampEn(m,r,t) = —In [ 7

(6) The scale factor 7 is varied from 1 to tmax. Steps (1) to
(5) are repeated, and a set of entropy values is acquired.

As indicated by Formula (7), the calculated sample entropy
is affected by the selections of parameters m and r. According
to existing research, reasonable statistical properties of
sample entropy are obtained when m=1 or 2 and
r=0.1Std~0.25Std, where Std denotes the standard deviation
of the original dataset x(i), i=1,2,...,N. An excessively large
m imposes strict requirements on data length, while an overly
small m fails to capture the dynamic characteristics of the
original time series. The selection of r directly determines
entropy stability: an extremely small r results in zero
matching pairs and invalid computation; an excessively large
r causes loss of detailed signal information. In this paper,
parameters are set as m=2, r=0.2Std.

2.2 Classification Criteria for Strong/Weak
Time-Series Characteristics

Enterprises with fixed production schedules and high
automation degrees (such as steel plants and data centers) are
defined as strong time-series loads in this paper.
Manufacturing enterprises with irregular overtime or severe
source-load interaction are categorized as weak time-series
loads, whose power consumption is unstable.

The average entropy E™ is adopted as the classification
index:

=1
Tmax

> SampEn(m,r,T)

E= @®)

Tmax

The smaller the index value, the higher the self-similarity
of the load at each scale and the more stable the production
law.

The specific judgment index is selected as:

{X € Cstrong(Strong time — series load), E™ < 1.25 9

X € Cweak(Weak time — series load), E” > 1.25 ©)

In this paper, the power consumption of 5 users in the park
is statistically analyzed. The average sample entropy and
coefficient of variation of daily load sequences within one
month are calculated, respectively. The accuracy and
sensitivity of the average sample entropy value in the
classification of industrial load time-series characteristics are
verified.

Figure 1 shows the effectiveness of MSE in measuring the
complexity of industrial loads. The trend curves of sample
entropy with scale factor for 5 typical industrial users are
presented. It can be seen that with the increase of coarse-
graining scale, the evolution trajectories of sample entropy of
different users show significant differentiation. The sample
entropy curves of User 1, User 2, and User 4 are generally at
a low level. Their average sample entropy (1.14, 0.65, and
0.88, respectively) is below the classification threshold
(E=1.25). High self-similarity and regularity are maintained
by such loads at multiple time scales. On the contrary, the
sample entropy curves of User 3 and User 5 are generally at
a high level. Strong oscillation or divergence trends are
shown with the increase of scale. The average sample entropy
of these two users (1.41 and 1.49, respectively) is above the
classification threshold (marked by the red line). A large
number of nonlinear components and disordered fluctuations
are contained in such load sequences.

5 E/ariation Trend of Multi-scale Sample E

ntropy for Different Industrial Consumers
T T T

Average sample entropy
o 2 - - - =
- T T - NS R

T T 1
|
|
I

/
|
I
| I | — ) {
|
|
I
|
| Lol { !
|
{
I
|
{
I
|
|
|
t
I
|
|
|
T
|
|
|
|

by Oy B byl o)

— = . Classification Threshold of
Strong/Weak Temporality

e

[\
(e
)
N
(@)
o)

14 16 18 20

Figure 1. Multi-scale sample entropy changes with scale factor
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Table 1. Comparison of calculation results of different
timing characteristics discriminant indexes

Industrial Average Sample  Coefficient of

User Entropy E Variation C,
User 1 1.141 0.206
User 2 0.655 0.951
User 3 1.408 0.064
User 4 0.881 0.393
User 5 1.493 0.343

It can be seen from Table 1 that although the traditional
coefficient of variation can reflect the load fluctuation to a
certain extent, limitations are found in distinguishing the
types of load fluctuations. The average sample entropy can
accurately reflect the nonlinear components in the load
sequence. The entropy values of User 2 and User 4 are both
lower than 1.25, reflecting their strong production regularity
and high time-series characteristics. User 1 is also defined as
a strong time-series load. The entropy values of User 3 and
User 5 both exceed 1.4 with no obvious production cycle, so
they are defined as weak time-series loads. Classification
based on E can effectively classify low-entropy loads into
Category A (strong time-series) for typical pattern extraction,
and high-entropy loads into Category B (weak time-series)
for independent modeling and analysis of load characteristics.

Clustering analysis is carried out for strong time-series
loads. Typical daily power consumption patterns
representative of the industry are extracted from redundant
and high-dimensional historical power sequences, providing
benchmark labels for subsequent behavior identification.

In this section, a multi-view deep learning architecture is
introduced. The feature decomposition ability of generative
models is used to realize efficient and accurate
characterization of industrial users' power consumption
behaviors.

3.1 Efficient Deep Multi-View Clustering of
Power Users Based on Variational
AutoEncoder

The block diagram of the multi-view VAE is shown in Figure
2, which consists of three modules: a multi-view variational
autoencoder network [21], a deep fusion module, and a multi-
scale measurement fusion module. The multi-view
variational autoencoder network is responsible for data
loading and preprocessing. The deep fusion module performs
data feature extraction. The multi-scale measurement fusion
module realizes clustering of power users. These three
modules are adopted to effectively extract valuable
information from industrial load data while considering the
different characteristics and long-term fluctuations of
industrial loads.

Multi-scale
Measurement
Fusion Module

View Link Deep fusion
module

Figure 2. Variational autoencoder block diagram

3. Clustering Analysis of Strong Time-
Series Loads

After screening the data set by MSE, the power consumption
behavior of some wusers shows strong time-series
characteristics due to industrial production scheduling and
automated technological processes.

(1) VAE

An autoencoder is a commonly used self-supervised
learning model. The overall network framework is shown in
Figure 3.

Latent
space

Encoder Decoder

Input Output

Figure 3. Autoencoder network structure
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VAE is
encoder(q(p (z|x))is adopted to map high-dimensional input
data into low-dimensional latent features. A decoder
(pg (x|z))is configured to perform the inverse transformation
and reconstruct the original input data from latent features.

mainly composed of two modules. An

Better performance is achieved by the variational
autoencoder (VAE) compared with conventional
autoencoders.  Probabilistic ~ distribution models are

constructed for the encoder (parameterized by ¢) and the
decoder (parameterized by 0), denoted as (q(p(zlx)) and
(pg(x|2)) respectively.

The true posterior distribution (pg (xlz)) cannot be
obtained directly. The approximate posterior (q¢, (Z|x)) is
employed in VAE for distribution estimation. Sampling from
(qq, (z|x))is used to approximate the sampling process from
the true posterior (pg(xlz)). The Kullback-Leibler (KL)

divergence is introduced to quantify the discrepancy between
the two distributions for distribution matching. A smaller KL
divergence corresponds to higher similarity between two
probability distributions. The KL divergence is defined as:

Dk1(qp(z 1 X)) Il po(x | 2)) (10)

KL divergence can be minimized by maximizing the
evidence lower bound (ELBO). Therefore, the network loss
of VAE is expressed as follows:

Lossyag = qu,(zlx) [log pg (x|2)] — DKL(‘I¢(Z|X)||P9(JC|Z)) (11)

(2) Multi-view VAE Network

The structure of VAE is improved in this paper to capture
the unique latent features of different views. The network
structure of the multi-view VAE is shown in Figure 4.

L

-

~edobl ) r =)

<&
VAE N

ﬂ]» éll—> D () —>»

2]

-

#2» Z‘l—> D,(:) —>» 1
2 ?

\ 4
A

LVAE

Figure 4. Multi-view VAE network structure diagram

Suppose the i-th view is denoted as H(i). A multi-view
electrical dataset is composed of V groups of view data {XI,
X2, ..., XV}, where X(i) stands for the data feature of power
load extracted from the i-th view. Based on Formula (11), the
loss function of the multi-view autoencoder network is
defined as:

i=1
Lossyar = X Eq 015 l0g[pe(x® | z29)]
—Di1(@p(z® 1 xO) 1 pa (x® 1 29)) (12)
To ensure that the multi-view learning process can capture

consistent and complementary information in multi-view
data, the Wasserstein distance is adopted to align the

Gaussian distribution of latent variable Z among views. Thus,
the distribution alignment loss can be defined as:

1

) ) 1 L 1
Losspa = ((Iu® —u® I2) + (I 2, — £, 12))2 (13)

where p and X represent the mean and variance of the data
distribution, respectively. Finally, the training objective
function of the entire network is expressed as follows:

Loss = Lossy,g + Lossp, (14)

(3) Deep Fusion Module
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The core objective of the deep fusion module is to fuse
latent representations H obtained from multiple views into a
unified shared latent representation Z. The fused feature is fed
into the clustering module as input to optimize clustering
performance.

Z = Contact(H(1),H(2), ...H(Q)) (15)

The concatenation operation implemented on latent
features H(i) is defined in Formula (15) to facilitate

subsequent processing of shared latent representations, where
Concat denotes feature concatenation.

Two expansion submodules, namely the up-sampling layer
and down-sampling layer, are embedded in the deep fusion
module to strengthen the feature representation capability of
the shared latent variable Z. To prevent the model from
converging to suboptimal solutions with the stacking of
multiple fusion layers, residual block structures are integrated
into this module. The structural diagram of the module is
given in Figure 5.

View
Contact

Norm. H Upper. ><>

»  Norm. H Down. Fbg

v .
View—common

representation

Figure 5. Deep fusion module

RB(Z) = M(norm(Z)) + Z (16)
Upper(Z) = Myeauce(Dropout(RB(Z))) +Z (17)
Down(Z) = Mg g1 (Dropout(RB(Z))) +Z (18)

Norm (+) denotes a batch normalization operation. Z stands
for intermediate embedding of shared view representations.
Dropout (-) means neural network nodes are randomly
deactivated with probability p. Mscale, and Mreduce
represent expansion network and dimension-reduction
network, respectively.

(4) Multi-Scale Measurement Fusion Module

The shared view representation Z is obtained after the
above procedures. Multi-scale measurement is subsequently
performed to calculate data similarity, which is formulated as:

Distryseq = w1 * ED + w, * LB (19)

Similarity measurement for power consumers is realized
via a weighted combination of Euclidean Distance and
LB Keogh Distance in this paper. Corresponding weights are
assigned to the two distance metrics, respectively. Euclidean
Distance is adopted to extract the difference features of power
loads, while LB Keogh Distance is utilized to capture load
fluctuation characteristics. The weight coefficients are
optimized according to clustering results. Final clustering
results are obtained by the well-trained network structure
together with optimized weights. In Formula (19), ®1 and ©2
denote the weight parameters of Euclidean Distance and
LB Keogh Distance, respectively; ED and LB represent the
similarity values calculated from Euclidean Distance and
LB Keogh Distance, and Distfused stands for the final fused
distance metric.

< EAI
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Figure 6. Schematic diagram of the clustering process
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Figure 7. User similarity matrix
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The clustering procedure is illustrated in Figure 6. A multi-
scale distance metric is adopted to calculate the similarity of
shared representations, and the fused user similarity matrix is
constructed accordingly. Figure 7 presents an example
heatmap of a partial clustering similarity matrix for power
consumers. The color of each cell corresponds to the pairwise
similarity between two users: darker cell color denotes lower
similarity, while lighter cell color represents higher
similarity. All diagonal elements keep identical values, which
indicates perfect self-similarity of each user. In addition, the
heatmap is symmetric across the diagonal owing to the
symmetric property of the similarity matrix.

3.2 Load Characteristic Indexes

The load characteristics of the power system deeply describe
various features and attributes of power loads under different
production scenarios. Multi-dimensional characteristic
indexes are usually required for comprehensive reflection.
The industrial power consumption behavior in industrial
microgrids is interwoven with complex production rhythms
and random fluctuations. In this paper, deep clustering is
performed on strong time-series loads through multi-view
variational autoencoders. High-dimensional sequences are
mapped into low-dimensional latent features. The core
representative points of typical power consumption patterns
are effectively obtained. Feature extraction of key load
fluctuation information is completed. Through in-depth
analysis of power consumption behaviors in industrial parks,
solid prior feature analysis, and data support are provided for
the power consumption behavior identification based on a
multi-modal attention mechanism in the next chapter.

Four commonly used clustering evaluation indices are
adopted to evaluate the clustering effect: Davies-Bouldin
Index (DBI), Dunn Validity Index (DI), Calinski-Harabasz
Index (CH), and Silhouette Coefficient (SC). These metrics
are extensively utilized in smart meter data profiling to
quantify intra-cluster compactness and inter-cluster
separation, providing a standard validation framework for
clustering effectiveness [22]. These indices comprehensively
consider the similarity of each cluster and the separation
between different clusters.

_ l k Si+sj
DBI = kZi=1"}2ix (_Mi,j ) (20)
_ Tr(Bp)/(k—-1)
CH = Tr(Wx)/(N=k) @1
N bd-a@®
S(l) - max(a(i),b()) (22)
) , a(cicy). .
DI = min {mm (—m‘”)} (23)
1=isk (j#i \maxi<i<k d(CDmax

2 EA

Where k denotes the total number of clusters; S; and S;
represent the intra-cluster dispersion of cluster i and cluster j,
respectively; M;j is the distance between the centroid of
cluster i and cluster j; Tr(Bk) and Tr(Wy) stand for the
between-cluster variance and within-cluster variance,
respectively. a(i) refers to the average distance from sample i
to all other samples inside its own cluster, and b(i) denotes
the average distance from sample i to all samples in its nearest
alien cluster. The value of s(i) ranges from —1 to 1; a value
closer to 1 implies denser intra-cluster data distribution and
higher inter-cluster separation.

dmin(C;, Gj) is defined as the minimum sample distance
between cluster Ci and cluster C;, while dmax(C)) represents
the maximum pairwise sample distance within cluster C;.

4. Fitting Modeling of Weak Time-Series
Loads Based on Adaptive Hybrid
Variational Mode Decomposition

4.1 Load Modeling Algorithm Based on
CEEMDAN-NGO-VMD

Aiming at the characteristics of strong randomness, non-
stationarity, and multi-scale feature coupling of weak time-
series load data in industrial parks, a “coarse screening-fine
classification” hybrid model based on CEEMDAN-NGO-
VMD is constructed.

Mode aliasing is effectively suppressed. Refined
extraction of complex load components is realized.

Firstly, the CEEMDAN algorithm is adopted to
preliminarily decompose the original load sequence.
Adaptive white noise is used to reduce the non-stationarity of
the sequence and obtain a series of IMF components. Then,
the LZC index is introduced to quantify the complexity of
each component. High-frequency complex components and
low-frequency stable components are adaptively screened by
setting a dynamic threshold.

For high-frequency complex components containing
aliasing noise, the powerful global optimization ability of the
NGO algorithm is used to adaptively optimize the key
parameters (mode number K and penalty factor a) of VMD.
Secondary fine decomposition is performed.

Finally, the retained low-frequency components and the
fine components obtained by secondary decomposition are
reconstructed. Complete retention and accurate extraction of
load features are realized.

Before performing the NGO algorithm for parameter
optimization, initial parameters need to be preset. In this
paper, the population size of the Northern Goshawk is set to
30. The maximum number of iterations is 50. The
optimization goal is the minimum envelope entropy of VMD
decomposition components. The flow chart is shown in
Figure 8.
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Figure 8. CEEMDAN-NGO-VMD flow chart

4.2 CEEMDAN Model and Modal Screening

(1) CEEMDAN Model

As an improved method of Empirical Mode
Decomposition (EMD) and Ensemble Empirical Mode
Decomposition (EEMD), CEEMDAN algorithm is
considered as an effective tool for processing nonlinear and
non-smooth signals. In the field of power load feature
extraction, the CEEMDAN algorithm can adaptively separate
IMFs with different physical meanings and time-frequency
characteristics from the original load signal. The multi-scale
fluctuation modes and internal structure of the load sequence
are finely characterized. The discriminative power of feature
representation is enhanced.

Firstly, a white noise sequence obeying a standard normal
distribution is superimposed on the original signal. Then the
EMD method is used to process the noise-superimposed
signal to obtain the first group of mode functions:

IMF} = EMD(x(t) + N{(©)),i =1,2,..,N  (24)

The first intrinsic mode function IMF} is determined by
averaging the results obtained by I decompositions.

Subtract the obtained first-order mode function from the
original signal to obtain the residual signal r1(t):

ri(t) = x(t) — IMF,(t)

2 EA

(25)

In each decomposition step, white noise is superimposed
onto the residual signal rk—1, and EMD decomposition is
repeatedly implemented to obtain the k-th group of intrinsic
mode functions IMF}. The final k-th-order intrinsic mode
function IMFk is obtained by averaging the decomposition
results derived from multiple noise addition trials.

i=1
N .
IMF,, == Y EMD(1._1(t) + N{(©)), k = 1,2, ..., K (26)

1
N
Update the residual signal:

T (t) = 1ie-1 () — IMF,(t) 27)

The decomposition terminates when the residual signal rk
(t) cannot be further decomposed, or the predefined stopping
criterion is satisfied. The complete original signal x(t) can be
expressed as the summation of all intrinsic mode functions
and the residual component:

k=1
K
x(t) = X IMF(t) + ¢ (t) (28)
CEEMDAN is an effective intrinsic mode function

extraction technique in signal processing. Adaptive white
noise is introduced to suppress mode mixing, which
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guarantees the accuracy and integrity of signal decomposition
and reconstruction. This algorithm does not require presetting
the number of decomposition modes, yet it tends to retain
residual high-frequency noise. In this paper, the proposed
method is adopted for preliminary coarse decomposition of
weakly time-sequential industrial load data. (2) Modal
Screening Based on LZC

After preliminary decomposition by CEEMDAN, the
original weak time-series load is decomposed into a series of
IMFs. Due to the complex composition of weak time-series
loads, some IMF components (usually high-frequency
components) still have residual noise or mode aliasing,
showing strong randomness and non-stationarity. Other IMF
components (usually low-frequency components) contain the
main trend and periodic characteristics of loads with a
relatively regular structure.

In this paper, LZC is introduced as a discriminant index to
realize differentiated processing of modal components with
different characteristics. Starting from the nonlinear dynamic
structure of time series, LZC evaluates the complexity of
signals by quantifying the generation rate of “new patterns”
in the sequence. This index is more sensitive to signal
mutations and non-stationary characteristics of short-time
sequences. Structural complexity caused by mode aliasing is
effectively identified [23].

The calculation of LZC starts by converting continuous
time series into symbolic sequences, followed by counting the
occurrence frequency of distinct patterns within the sequence.
Let a single IMF component decomposed via CEEMDAN be
denoted as H = {h(1),h(2),...,h(N)}. First, compute the mean
value h™ of the sequence, then convert H into a binary
symbolic sequence S = {s(1),s(2),...,s(N)} based on the
following rule:
0,ith(i) < h

s(@) = {1, ifh(i) = h 29)

Scan the symbolic sequence S from left to right and count
the number of newly emerging substrings. Define ¢(N) as the
complexity counter initialized to 1. During scanning, the
counter increases by 1 whenever a new unseen pattern is
detected. This procedure quantifies the generation rate of
novel dynamic behaviors in load time series over time.

Normalization is performed on c(N) to eliminate bias
induced by varying sequence lengths. For a binary sequence
of length N, the upper bound of its complexity is given as:

N
log, N

b(N) = limc(N) = (30)

Hence, the normalized Lempel-Ziv complexity CLZ is
defined as:

__c(N) _ c(N)loga N
Lz = pvy — N

31

where 0<CLZ<1. A larger CLZ value implies more severe
mode mixing or noise interference within the corresponding

2 EA
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IMF component; conversely, a smaller CLZ indicates
stronger deterministic regularity of the time series.

In this paper, an adaptive screening strategy named "coarse
pre-screening & precise classification" is proposed. By
setting a complexity threshold, all IMF components
decomposed by CEEMDAN are categorized into high-
frequency complex components and low-frequency
stationary components. Assume that K IMF components,
denoted as IMF1, IMF2,..., IMFK, are obtained after
CEEMDAN decomposition.

The LZC value of each component is calculated according
to Formula (3.31), yielding the complexity set:

C= (Clz(l): Clz(z)! LR ClZ(K)) (32)

To accommodate fluctuation characteristics of diverse
load datasets, a dynamic threshold 0 (equal to the average
complexity of all components) is adopted as the classification
boundary:

0= %Zg{ﬂ Cz(D) (33)

If CLZ(i)>0, the corresponding component features
complicated internal composition containing mixed physical
modes or intensive noise, which is denoted as IMFcomplex.
Such components will be further decomposed elaborately via
a parameter self-adaptive optimized VMD algorithm in
subsequent steps [24].

If CLZ(i)<6, the component mainly reflects a stationary
trend or single-period feature of load, marked as IMFgimplc,
which is retained directly without participating in follow-up
VMD decomposition.

4.3 Northern Goshawk Adaptive Variational
Mode Decomposition

(1) Northern Goshawk Model

The Northern Goshawk algorithm mainly simulates two
stages in the predation process: recognition and attack,
pursuit, and escape.

The first stage is the recognition and attack stage. Northern
Goshawks search the global space to randomly select prey
and launch a rapid attack, aiming to enhance the global
exploration ability of the algorithm. The basic equations are
as follows:

Pi=X,i=12,....Nk=123...,i—1,i+1,...,N (34)
XTewPL X+ r(Pl',j - IXi,j)'FPi <F (35)
b xpj +1r(Xij— Pij) Fpi 2 F;
Xnew,Pl Fnew,Pl < F.
X. =1t a L 36
i { Xi’Finew,Pl > Fi ( )

where Pi denotes the position of the i-th northern goshawk;
FP1 is the objective function value; k is an integer randomly
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new,P1

selected from [1, N] satisfying k#i; X; ; represents the
updated coordinate on the j-th dimension for the i-th northern
goshawk in Phase 1; X]**"""* is the overall updated position
of the i-th northern goshawk; F**""** stands for the objective
function value after position update in Phase 1; r and I are
random numbers within the range [1, N].

The second phase is the chase-and-escape stage, in which
the prey attempts to escape. Benefiting from the high-speed
maneuverability of northern goshawks, they can almost
capture prey under all practical hunting conditions. By
simulating such predatory behavior, the algorithm improves
the utilization of local search within the global search space,
and its mathematical formulation is expressed as:

x{’ljew'Pz = xl-‘j + R(ZT' - 1)xi,j (37)

R =0.02(1-2) (38)

i = {Xinew,PZ’Finew,PZ < Fi (39)
Xi’Finew,PZ > Fi

where t denotes the current iteration number, and T stands
for the maximum iteration count; X]**""*?is the updated
position of the i-th northern goshawk; X l-njeW'P % represents the
new coordinate on the j-th dimension of the i-th northern
goshawk in Phase 2; F/**"P? is the updated objective
function value of the i-th northern goshawk after the second-
phase position update.

(2) VMD

As a time-frequency analysis approach, Variational Mode
Decomposition (VMD) decomposes multi-component
signals into multiple single-component amplitude-modulated
sub-signals. By introducing variational optimization and
regularization terms, VMD overcomes inherent drawbacks,
including end effect and mode mixing existing in the widely-
used Empirical Mode Decomposition (EMD). It possesses
rigorous mathematical fundamentals and is more suitable for
processing nonlinear and non-stationary signals.

The core principle of VMD lies in the construction and
solution of variational problems. As an adaptive and non-
recursive decomposition algorithm, it adaptively splits the
input sequence into k intrinsic mode functions based on signal
frequency-domain characteristics. Its key implementation
procedures are listed as follows:

1) Construction of a variational problem. To guarantee
each intrinsic mode function is characterized by a specific
central frequency and constrained bandwidth, a constraint is
imposed: the summation of all decomposed intrinsic mode
functions equals the original signal, while the cumulative
estimated bandwidth of all modes is minimized. The
corresponding mathematical formulation is given below:

min 51 9,[(6() + Ly (6] 13

{uk}{wk}
s.tyu,=f (40)
k

where k denotes the iteration count; uk is the k-th
decomposed component of VMD; wk represents the central
frequency of the k-th modal component; 5(t) is the Dirac delta
function; f stands for the weakly time-sequential load series.

2) The constrained variational problem is converted into
an unconstrained one by introducing a quadratic penalty
factor a and a Lagrange multiplier A. The resulting augmented
Lagrangian function is formulated as:

Lt wio () = a3 1 0,1(8(2) + 2 (0)]e ™ 1

41
+If(@) — guk(t) 15+ A(t), f(t) — %uk(t) @D

3) To solve the unconstrained variational problem,
alternating updates and iterations for {u}, {w}, and {A} are
performed via the dual ascent method, and an iterative
updating loop is constructed for solving Equation (3.16). The
corresponding mathematical expressions are given as
follows:

0
n+1 _— f() |uk(W)|2dW

W T uw) aw (“42)
i?ll
AHw) < W) +Tf (W) = Tufttw)  (43)
Suptt —upg fupi < e (44)
k
4) Finally, the solution to the secondary
optimization problem is obtained as:
) Fw)- 3 i) +22
nn+ — i*
Ui ((D) - 1+2a(w-wg)? (45)
The update rule for central frequency is derived as:
PN 2
(,ULH-l — f() wluk(w)l dw (46)

Jo 1ig(w)2dw

Proper parameters [K,a] need to be preset when
implementing VMD decomposition. An excessively large K
leads to over-decomposition, whereas an undersized K results
in insufficient decomposition. Similarly, an overlarge o
brings risks of frequency-band information loss, while an
excessively small o causes redundant information.
Accordingly, the NGO algorithm is adopted to optimize
VMD parameters according to signal fluctuation
characteristics and complexity.

The optimization flowchart of VMD based on NGO is
illustrated in Figure 9. By simulating the predatory behavior
of northern goshawks, envelope entropy is taken as the fitness
function to calculate the fitness value of each goshawk,
determine the optimal objective function value, and save the
corresponding optimal position. Iterative updates proceed
repeatedly until the termination criterion is satisfied, and the
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optimized VMD optimal parameters [K,o] are finally
obtained.

For the load components in this paper, the initial
population size of the NGO is set to 30, and the maximum

iteration number is set to 50 to balance computational
efficiency and global search capability.

Set Parameters of Northern
Goshawk Optimizer (NGO)

Initialize Northern
Goshawk Population

v
Define VMD Parameters: Mode number k,
penalty factor o

Variational Mode
Decomposition (VMD)

Calculate envelope entropy of each IMF component
and obtain average envelope entropy

Search target value, record current optimal position and
Northern Goshawk population

Update optimal position and
population size

Calculate optimal objective function value
and save optimal position

NO
Stop?

YES
Output optimal VMD
parameters

End

Figure 9. NGO-VMD optimization flow chart

4 .4 Multi-Modal Feature Reconstruction for
Microgrid Physical Characteristics

In industrial microgrid scenarios, the original net load
sequence P(t) consists of deeply coupled data from rigid
industrial production capacity, distributed photovoltaic
fluctuation, and frequency regulation scheduling of energy
storage systems. According to the spectral distribution
characteristics of each IMF component, all IMFs are
reconstructed into three physical feature modes in this paper.
This approach eliminates dimensional redundancy caused by
excessive IMFs after CEEMDAN-NGO-VMD
decomposition and provides labeled inputs with definite
physical meanings for subsequent electricity consumption
pattern identification.

Assume that K valid IMF components are obtained after
decomposition. Two frequency split points nl and n2 (1<nl
<n2<K) are selected based on their normalized central
frequencies, to aggregate and classify the K components into
high-frequency stochastic mode Thigh(t), mid-frequency
fluctuation mode Imid(t), and low-frequency trend mode [low
(t). The reconstruction formulas are defined as:

Ly (2) = ilMFk (¢)
k= Lign(®) = XpL IMF.(t)  (47)

Imia (1) = Xje2p 1 IMF(8) (48)

liow () = iz, +1 IMFi () (49)

In this paper, the energy proportion index Er is adopted to
quantify the contribution of each reconstructed mode to the
overall operating state of the microgrid. For any reconstructed
mode Ime {Thigh, Imid, Ilow}, its energy percentage relative
to the total fluctuation energy of the original net load is
calculated as:

T 2
Yi=1Im(®) % 100%

E, () = 2220 (50)

5. Case Analysis

To verify the effectiveness of the proposed multi-view VAE
deep clustering model and subsequent modal decomposition
algorithm, real historical electricity load data of typical
industrial consumers (including iron and steel plants, rubber
manufacturers, textile mills, cement plants, etc.) from an
industrial park in Liaoning Province are selected as case
inputs. Considering the periodic characteristics of industrial
production, the sampling interval is set to 15 minutes,
corresponding to 96 sampling points per user per day; such
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sampling resolution achieves a favorable balance between
feature retention and computational efficiency.

In data preprocessing and branch segmentation, the
average entropy E~ of all users is calculated following the
MSE classification criterion defined in Section 3.1. For the
clustering experiment in this section, 200 time-series
industrial users within the park with three-month
measurement data are collected to construct the strong-time-
sequential load dataset Dstrong as the input of the multi-view
VAE model. Combined with prior planning from the park’s
marketing department, the preset cluster center number is set
as K=4 in the model parameter configuration.

The Euclidean distance weight o and LB_Keogh distance
weight B within the fused distance metric matrix are
adaptively optimized according to the loss convergence
during network training. In the multi-scale fusion module, the
initial weights of Euclidean distance and LB_Keogh distance
are symmetrically set to a=0.5 and p=0.5 to avoid bias
introduced by artificial prior weights. To eliminate bias from
artificial weight assignment, a grid search strategy guided by
Silhouette Coefficient (SC) maximization is introduced in
model training. Dynamic optimization is performed within
the range [0,1] with a step size of 0.05 to adaptively determine
optimal  weight allocation, maximize intra-cluster
compactness and inter-cluster separation, and guarantee the
clustering results objectively reflect the actual distribution
boundaries of four typical industrial load types.

T
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|
|
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0 Day 1 Day2
Time (15 min per sample)

Day3

Industry 1

Hardware environment: Windows 10, implemented on
MATLAB and Python; Intel i5-8265U @1.60GHz CPU with
12 GB RAM.

To verify the stability of experimental results and avoid
accidental conclusions, 5-fold cross-validation is adopted for
both the clustering experiment and the decomposition
experiment in this study. The dataset is randomly divided into
5 subsets, 4 of which are used for model training and
parameter optimization, and 1 for testing. The average value
of 5 repeated experiments is taken as the final evaluation
result.

(1) Operation Characteristic Analysis of Strong-Time-
Sequential Industrial Load Based on MSE Classification

Adopting a multi-view autoencoder framework and multi-
scale metric fusion strategy, the multi-view VAE clustering
model simultaneously extracts global discrepancy features
and local temporal fluctuation features of industrial load,
improving the multi-dimensional accuracy of typical mode
classification for industrial consumers with strong time-series
characteristics. Its outstanding performance in clustering
experiments on real industrial park datasets provides high-
quality prior labels and reliable data support for the
subsequent multi-mode electricity consumption identification
model under complex production conditions.

Figure 10 presents continuous 3-day actual load curves of
four typical strong-time-sequential industrial consumers,
which intuitively demonstrate the temporal characteristics of
the input dataset and verify the reliability of the precondition
for subsequent multi-view clustering.

6001

4001

Power / kW

2001

0 Day 1 Day?2 Day3

Industry 2
x10*
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0 Day 1 Day2

Time (15 min per sample)
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Figure 10. Operating characteristics of four typical strong time series industrial loads based on MSE screening
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It can be seen from Figure 10 that these load sequences all
show high production cycle laws.

Industry 1 (Iron and Steel Industry): It is characterized by
a continuous high-load fluctuation type. Affected by heavy-
duty processes such as continuous smelting batches, high-
frequency and severe regular fluctuations are shown in
specific periods.

Industry 2 (Rubber Manufacturing): It presents a typical
daytime discrete alternating law. The nighttime basic load is
extremely low. Obvious peak alternations appear during
daytime production shifts, which are highly consistent with
the daytime scheduling rhythm of the factory.

3 T T T
Total Loss
2.51 == == ' Reconstruction Loss 1
KL Divergence

Loss Value
n

—
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U T s A, o, e 2 e ™ e
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(a) Convergence Curve of Real Training Loss for
Multi-view VAE Model

Industry 3 (Textile Industry): It is characterized by
continuous, stable operation. Due to the 24-hour assembly
line's high-continuous operation characteristics usually
possessed by the textile industry, the load curve shows high
continuous stability with minimal daytime fluctuation.

Industry 4 (Cement Industry): It depicts a typical high-
energy step-impact type. The power volume is huge. With the
start and stop of large equipment such as crushing and
calcination, the load curve presents a regular step-like, drastic
change.

(2) Multi-View VAE Deep Clustering Model Training and
Parameter Optimization Verification.
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Figure 11. Multi-view VAE deep clustering model training and parameter optimization verification

As shown in Figure 11(a), with the increase of iteration
times, the total loss, reconstruction loss, and KL divergence
of the model show a steady downward trend and tend to
converge after 150 iterations. It is indicated that the multi-
view autoencoder network successfully learns the high-
dimensional nonlinear mapping relationship of industrial
loads. No “posterior collapse” phenomenon occurs. Good

feature extraction ability and training robustness are shown.
Figure 11 (b) shows the dynamic adjustment process of
distance weights based on the SC maximization criterion. The
weights of Euclidean distance and LB Keogh distance
gradually evolve from the initial 0.5, and finally stabilize at
0.4 and 0.6, respectively.
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Figure 12. Multi-view VAE hidden space feature deconstruction and similarity measurement verification

As shown in Figure 12 (a), after feature extraction and
dimensionality reduction by the network, the load data of four
types of typical industrial users form aggregated clusters with
clear boundaries and no overlap in the two-dimensional
space. It can be seen from Figure 12 (b) that the matrix in the
user similarity heat map shows an obvious “block diagonal
matrix” structure. The highlighted yellow blocks on the main
diagonal confirm the extremely high similarity between users
of the same type. The dark non-diagonal areas indicate that
cross-type power consumption patterns are effectively
distinguished.

Three months of data of four types of industrial loads in
Liaoning Province are selected for clustering analysis, with
one point collected every 15 minutes and 96 points per day.
The results are as follows.

(3) Clustering Result Analysis

As shown in Figure 13, Figure 13 (a) is the continuous
high-load fluctuation mode: this type of load maintains
extremely high power operation all day, but presents severe
and high-frequency oscillations. It may represent heavy
smelting equipment such as electric arc furnaces in steel
plants, which need to keep running continuously. Regular
rapid power drops and rebounds are accompanied by the
short-cycle process batch alternation of “feeding-melting-

tapping”.

Figure 13 (b) is the daytime discrete alternating mode: this
load curve shows characteristics synchronized with people's
daily routines. The power is extremely low (almost shut
down) at night and early morning. Three significant power
consumption peaks are formed around key nodes such as
08:00, 13:00, and 19:00. This may represent the production
logic and manual intervention characteristics of rubber
manufacturing based on shift scheduling.

Figure 13 (c) is the continuous stable operation mode: the
clustering center is an almost horizontal straight line with no
fluctuation. The baseline fits extremely stably in a specific
power range. It may represent the 24-hour continuous
production law of “people stop, but machines do not stop” in
highly automated assembly lines of textile factories. Except
for occasional spikes caused by equipment fine-tuning, the
overall equipment is in high-load operation all day.

Figure 13 (d) is the step-impact multi-peak mode: the
curve shows a “square wave” step change with large
fluctuations, with obvious characteristics of “low during the
day and high at night”. It may represent typical high-energy
enterprises such as cement plants. To reduce production costs
in response to the grid's peak-valley electricity price policy,
core heavy equipment such as giant crushers or rotary kilns is
often operated at full load during nighttime valley electricity
periods. The daily load curve reflects the laws of economic
scheduling and step start-stop.
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Figure 13. Typical industrial daily load power consumption mode extracted by multi-view VAE

—— Raw Data
+ Reconstructed Data

CH*1000 DI

Figure 14. Comparison of clustering performance
before and after data reconstruction

Table 2. Analysis of clustering results before and after
data reconstruction

Original Data  Clustering of
Clustering Reconstructed Data
DBI 0.82 0.61
DI 0.38 0.48
SC 0.52 0.87
CH 4512 4857
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It can be seen from Figure 14 and Table 2 that the DBI of
reconstructed data is 25.6% lower than that of original data.
The DI, SC, and CH indexes representing inter-cluster
separation and intra-cluster compactness are increased by
26.3%, 67.3%, and 7.6%, respectively. Missing and abnormal
breakpoints in the original data are found to destroy the time-
series continuity of loads, leading to blurred clustering
boundaries. The essential fluctuation characteristics of
industrial loads are effectively restored by the reconstructed
data, making intra-cluster more compact and inter-cluster
separation higher. The necessity of missing data
reconstruction in improving deep clustering accuracy in the
previous chapters is verified.

In this paper, the multi-view VAE deep clustering model
is compared with K-means++ algorithm [25], Iterative Self
Organizing Data  Analysis Techniques  Algorithm
(ISODATA) [26] and Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm [27], an
established baseline validated in recent smart grid studies for
its capacity to decouple cohesive load patterns from irregular
noise.

To ensure fair comparison, all baseline algorithms adopt
the same optimization criterion (maximizing Silhouette
Coecfficient, SC) as the proposed method, and the optimal
hyperparameters are determined by grid search. The core
parameter configurations are as follows:

K-means++: The number of clusters K is searched in the
range [2,8] with a step of 1; the k-means++ seeding strategy
is adopted for initialization, and the optimal clustering result
is selected from 10 repeated runs.

ISODATA: The expected cluster number ranges from 2 to
8, the minimum sample threshold is set to 5, and the
maximum number of merge pairs is set to 2.

EAI Endorsed Transactions on
Energy Web
| Volume 13| 2026 |



Deep Clustering and Adaptive Mode Decomposition of Industrial Loads for Temporal Complexity

DBSCAN: The neighborhood radius € is searched in
[0.1,2.0] (normalized data scale) with a step of 0.1, and the
minimum sample number MinPts is searched in [3,10] with a
step of 1.

All methods share the same input dataset, the same target
cluster number K=4 (determined by the park’s production
planning prior) and the same evaluation index system to
ensure equal tuning conditions.

As shown in Figure 15, the proposed method shows the
optimal “kite topology”.

All evaluation indices reach the optimal level. The three
comparison methods are difficult to handle the high-
dimensionality and multi-density characteristics of industrial
loads. Complex power consumption features are effectively
decomposed by multi-view VAE through latent space
mapping. Table 3 shows that, compared with DBSCAN, the
second-best performing among the three comparison
algorithms, the DBI of the proposed method is reduced by
10.3%. DI and SC are increased by 23.1% and 4.8%,
respectively. The CH index is also increased by about 6.3%.
The superior performance of the proposed algorithm in
processing strong time-series industrial loads is verified.

Finally, to verify the effectiveness of the multi-scale
measurement fusion module, an ablation experiment of the
distance metric mechanism is conducted. As shown in Figure
16, relying only on Euclidean distance is easily disturbed by
time-series offset, with a DBI of 0.70. Using only LB_Keogh
distance is not sensitive enough to the macroscopic
magnitude difference of loads. The dual-distance fusion
mechanism adopted in this paper takes into account both
global morphological differences and local time-series
fluctuations through weight optimization.

—— K-means++
—@- ISODATA
—A— DBSCAN
—v— Multi-view VAE

CH*1000

Figure 15. Performance comparison of different
clustering algorithms
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Table 3. Analysis of the results of different clustering
algorithms

Multi-view
K-means++ ISODATA DBSCAN VAE
DBI 0.76 0.73 0.68 0.61
DI 0.38 0.33 0.39 0.48
SC 0.76 0.74 0.83 0.87
CH 4532 4323 4571 4857
DBIIO
0:9 Euclidean Distance
0. —.— LB_Keogh

/ \’)6 _v_ Dual-Distance Fusion
\

Y

CH*1000 DI

Figure 16. Ablation experiment of the similarity
measurement mechanism

It can be seen from Table 4 that the dual-distance fusion
mechanism reduces DBI by 12.8% and 6.2%, respectively,
compared with relying only on Euclidean distance and only
using LB Keogh distance. DI is increased by 14.3% and
6.7%, respectively. SC is increased by 7.4% and 3.6%,
respectively. CH is increased by 5.1% and 2.3%, respectively.
The dual-distance fusion mechanism adopted in this paper
achieves the optimal values in four evaluation indexes. The
effectiveness of the fusion module is verified.

Table 4. Analysis of ablation experimental results of
the similarity measurement mechanism

AT 15 g DD
DBI 0.70 0.65 0.61
]| 0.42 0.45 0.48
SC 0.81 0.84 0.87
CH 4621 4750 4857
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In the industrial microgrid environment, the access to high-
proportion distributed photovoltaics makes the net load curve
of industrial users show stronger nonlinearity and multi-peak
characteristics. The four types of typical daily power
consumption patterns extracted in this paper accurately
characterize the energy consumption characteristics of
production processes. A high-reliability benchmark label
system is provided for subsequent multi-modal power
consumption behavior identification in the microgrid context.

To verify the accuracy of the proposed modeling method,
loads without obvious periodicity in the park are studied. The
measured load data of a certain area in Liaoning is taken as a
sample for case verification. The collection interval is 15
minutes, 96 data points per day, for a total of 3 months.

In this paper, the Index of Orthogonality (I0) and RMSE
are selected as a comprehensive evaluation system. The
performance of different decomposition algorithms in the
scenario of complex industrial loads in industrial microgrids
is compared.

In an ideal situation, each IMF after signal decomposition
should be absolutely orthogonal. The orthogonality index can
be used to quantify the degree of independence between
decomposed modes, which is defined as follows:

_ 25{:1 Ef:l.k¢j|21tv=1 cj(®O)cx (0]
Zy:lxtzlc(t)

10 (51)

where K is the total number of decomposed modes; N
denotes the total sampling points of the load series; cj(t) and
ck(t) represent the AC components of the j-th and k-th modes
after removing DC baseline, respectively; xac(t) is the AC
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(a) Comparison of Real Load Waveforms
for Strong and Weak Time Series

component of the original load series with mean value
eliminated. A value of 1O closer to 0 means weaker mutual
interference between modal components and stronger
capability of the algorithm to suppress mode aliasing.

RMSE quantifies the absolute deviation between the
reconstructed signal superimposed by all decomposed modes
and the original signal, serving as a core indicator to check
severe energy leakage or information loss of the algorithm.
Here, the true value refers to the original load sequence, while
the predicted value denotes the reconstructed series obtained
by summing all decomposed modes and global residual error.
A smaller RMSE indicates better energy conservation
performance of the algorithm.

(1) Operation Characteristic Analysis of Weak-Time-
Sequential Industrial Load Based on MSE Classification

Within industrial microgrid, user-side net load is no longer
a single industrial power consumption curve. Due to grid
integration of high-penetration randomly distributed clean
energy output and frequent charge-discharge regulation of
energy storage equipment, deep coupling among source, grid,
and storage heavily masks the inherent power consumption
rules of partial industrial loads. Therefore, temporal
complexity classification is performed on the load before
feature extraction.

Multiscale Entropy (MSE) is introduced to measure the
complexity of industrial user load series. Sample entropy
effectively evaluates nonlinear dynamic characteristics and
self-similarity of time series, while multi-scale coarse-
graining reveals internal evolution rules of load across
different time scales.
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Figure 17. Comparison of strong and weak time series industrial load characteristics and MSE curves
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As shown in Figure 17(a), strong time-series loads have
small fluctuations and clear boundaries of production start-
stop. Weak time-series loads are affected by both clean
energy random fluctuations and load-side sudden changes.
The waveform shows burrs and disorder. It can be seen from
Figure 17(b) that the MSE curve of strong time-series loads
basically remains below the classification threshold line with
the increase of the scale factor, indicating high predictability
and self-similarity. The MSE values of weak time-series
loads are relatively high at all scales. A large number of
irregular random modes and complex dynamic characteristics
are contained within the sequence.

x10*

(2) CEEMDAN Preliminary Decomposition Results

As shown in Figure 18, the top is the original weak time-
series industrial load sequence with a messy waveform and
many sudden impacts. After preliminary decomposition by
CEEMDAN, the original signal is stripped into multiple IMF
components with frequencies from high to low. It can be seen
from the waveform that low-frequency components gradually
show a smooth periodic trend. Dense non-stationary
oscillations are still found in the first few high-frequency IMF
components. It is indicated that a single CEEMDAN
algorithm is difficult to fully decompose complex industrial
loads. The high-frequency part still has a certain degree of
mode aliasing and noise pollution. Quantitative indicators are
required for further screening and refined processing.
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Figure 18. The original sequence of weak time series industrial load and the preliminary decomposition results of
CEEMDAN
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As shown in Figure 19, the dynamic complexity threshold
after decomposition is 6=0.3854. The complexity of IMF1,
IMF2 , and IMF3 is significantly higher than the threshold,
which are high-frequency complex components. It indicates
that these high-frequency modes contain obvious mode
aliasing and severe random noise interference. Direct
reconstruction or feature extraction using these components
will degrade the accuracy of subsequent models. In this paper,
the three components are classified into the set requiring
refined decomposition and fed into the NGO-VMD model for
secondary fine decomposition. The LZC values of IMF4 to
IMF7 are all below the threshold line, corresponding to low-
frequency stationary components. With regular waveform
structures, such components mainly reflect the macroscopic

periodic evolution and stable trend characteristics of load
series; hence, they can be directly reserved and involved in
final signal reconstruction without secondary decomposition.

(3) Analysis on Secondary Fine Decomposition Results of
NGO-VMD

Figure 20 compares the fitness convergence curves of
NGO, classical Particle Swarm Optimization (PSO), and
Grey Wolf Optimizer (GWO) [28] when optimizing the core
VMD parameters [K,a]. Under identical initial conditions, all
three intelligent algorithms converge to the same minimum
fitness value with iterative optimization. This proves that a
unique globally optimal parameter solution exists within the
preset boundary for the current high-frequency load
components.
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Figure 20. Comparison of fitness convergence curves of VMD optimized by multi-intelligent algorithms

As illustrated in Figure 20, obvious discrepancies exist
among the three algorithms in terms of convergence speed
and optimization searching process.

The fitness curves of PSO and GWO exhibit varying
degrees of flat stagnation in the early iteration stage, which
reveals that these two algorithms are prone to falling into
local optimum when coping with complicated search spaces.
By contrast, the proposed NGO algorithm possesses superior
global search capability and better ability to escape from local
optimum. Its fitness curve drops rapidly at the initial
iterations and reaches stable convergence with the minimum
iteration counts. The comparative results verify that the NGO
algorithm can quickly acquire the optimal VMD parameter
combination matching the current high-frequency
components and effectively shorten the optimization
computation time in the feature extraction phase of the model.

The optimal parameters optimized by the NGO are
assigned to the VMD model to conduct secondary
decomposition on the high-frequency complex components
screened via LZC, and the corresponding results are
displayed in Figure 21. Compared with the preliminary

decomposition waveforms containing glitches in Figure 18,
the seven VMF components extracted after secondary refined
decomposition by NGO-VMD feature smoother and more
regular waveforms, and the local random abrupt impulses are
effectively suppressed.

(4) Time-Frequency Domain Decomposition Result
Analysis of Weak Time-Series Loads by CEEMDAN-NGO-
VMD.

As shown in Figure 22, the model proposed in this paper
reconstructs 8 effective modes. The left time-domain
waveform is the evolution process of the industrial load from
slight oscillation to regularity. The right spectrogram is the
frequency-domain quality of decomposition. It can be seen
that the spectral peaks of each mode are distributed in their
independent frequency bands. The crossover and overlap
between them are reduced to an extremely low level. This
feature of clear frequency band boundaries verifies that the
proposed algorithm can effectively suppress the common
mode aliasing and frequency band mutual interference in
traditional decomposition methods.
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To ensure equal tuning of all decomposition methods, the
parameter configurations and optimization objectives of
baseline algorithms are consistent with the proposed
framework as follows:

CEEMDAN: The adaptive white noise amplitude
coefficient is set to 0.2, the ensemble number is set to 100,
and the stopping criterion is that the number of extreme points
of the residual signal is less than 2, which follows the standard
configuration of classical literature.

Secondary Refined Decomposition Results of NGO-VMD (Optimal Paramegters: K=7, 0=2067)
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Figure 21. NGO-VMD secondary fine decomposition result diagram

NGO-VMD: The NGO optimizer adopts exactly the same
parameters as the proposed method (population size = 30,
maximum iterations = 50); the VMD mode number K is
searched in [4,10], and the penalty factor a is searched in
[1000,3000], with the minimum envelope entropy as the
optimization objective.

It can be seen from Table 5 that although the CEEMDAN-
based algorithm [29] can achieve extremely low energy loss
reconstruction, its 10 is relatively high, reaching 0.2748,
indicating obvious mode aliasing defects. The NGO-VMD
algorithm [30] has better orthogonality than the CEEMDAN

< EAI

algorithm, but its RMSE is higher. In contrast, the 10 of the
proposed CEEMDAN-NGO-VMD shunting architecture is
only 0.1512, 45% lower than that of the CEEMDAN:-only
method, and about 29.7% lower than that of the NGO-VMD-
only algorithm. Although the introduction of intelligent
optimization increases about 25 seconds of offline calculation
time, it greatly improves the purity of time-frequency
features. A more reliable benchmark label is provided for
subsequent deep neural network load power consumption
behavior identification.
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Figure 22. Time-frequency domain decomposition results of weak time series load based on CEEMDAN-NGO-
VMD

Table 5. Performance evaluation analysis of different signal decomposition algorithms

Methods 10 RMSE Computation
Time (s)
CEEMDAN 02748  1.12x10-12 059
NGO-VMD 02150  1.66x10-12 573
CEEMDAN-NGO-VMD 01512  3.25x10-13  25.68

As illustrated in Figure 23, with two frequency dividing
boundaries nl and n2, the heavily mixed and non-stationary
original net load is decomposed into three physical modes
with distinct heterogeneous characteristics:

Low-frequency Trend Mode I, (mapping rigid
production scheduling baseline): This mode features
extremely smooth waveforms after eliminating interferences
from the external environment and dispatching, accounting
for 25.6% of total energy. From the physical mechanism, it
precisely characterizes the fundamental energy consumption
evolution of industrial users constrained by production
procedures and shift schedules.

Mid-frequency Fluctuation Mode Imiq (mapping source-
grid-load-storage interactive attributes): As the dominant
mode reflecting industrial microgrid features, it contains
10.4% fluctuation energy. Its waveform presents violent
intraday oscillation and continuous ups and downs in specific

periods, which originates from output volatility of distributed
photovoltaic and wind power, as well as daily charge-
discharge cycles of energy storage systems for peak-valley
price arbitrage and photovoltaic fluctuation suppression.

High-frequency Random Mode Iiien (mapping transient
impulse and measurement noise): Dense glitches and high-
frequency oscillations exist in its waveform with an energy
proportion of 1.5%. Despite the low energy share, it carries
vital transient physical information, including white noise
from high-precision measurement systems and nonlinear
physical impulses induced by the instantaneous startup-
shutdown of high-power heavy equipment such as rolling
mills and arc furnaces inside the industrial park.

In summary, the single one-dimensional net load series is
extended into a three-dimensional feature tensor Ij€ {Inigh, Imia
, liow} with definite physical meanings via frequency-band
reconstruction. Defined as independent microscopic
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fluctuation modes, the tensor is fed together with
macroscopic periodic modes extracted from multi-view VAE
into the multimodal attention network in Chapter 4 to

promote the accuracy of the subsequent
identification model.

deep learning
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Figure 23. Decoupling results of multi-modal characteristics of microgrid net load

6. Conclusion

This paper focuses on the shunt synergy analysis and
feature extraction of industrial loads under industrial
microgrid scenarios. Firstly, multi-scale entropy (MSE) is
introduced to quantify the dynamic complexity of load
series, realizing refined classification of strongly and
weakly time-sequential loads. Secondly, for strongly time-
sequential loads, a multi-view VAE deep clustering model
embedded with adaptive dual distance metrics is
constructed. Finally, for weakly time-sequential loads, a
hybrid decomposition framework of "coarse screening &
refined decomposition" based on CEEMDAN-NGO-VMD
is proposed.

Experimental results demonstrate that the proposed
method outperforms existing algorithms in feature
decoupling and aliasing suppression performance. In terms
of clustering metrics, the Davies-Bouldin index (DBI)
declines to 0.61, and the Silhouette Coefficient (SC) rises

to 0.87. Compared with DBSCAN (the suboptimal
algorithm among the three benchmark approaches), the
proposed method reduces DBI by 10.3%, improves DI and
SC by 23.1% and 4.8% respectively, and boosts the
Calinski-Harabasz index (CH) by approximately 6.3%.
Near-lossless signal reconstruction is achieved in mode
decomposition with the RMSE as low as 3.25x10—13 and
the index of orthogonality (I0) reduced to 0.1512, which is
45% and 29.7% lower than that of standalone CEEMDAN
and standalone NGO-VMD, respectively. Experimental
results based on measured data from an industrial park in
Liaoning show that the categorized processing strategy can
effectively eliminate feature aliasing induced by single
modeling in the feature extraction of source-load tightly-
coupled industrial microgrid loads, and achieves superior
performance on this high-noise and non-stationary
industrial load dataset. Further verification in multi-region
and multi-type industrial microgrid scenarios can be
carried out in future work. The extracted high-purity time-
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frequency features and high-reliability benchmark typical
patterns optimize the input quality of the subsequent dual-
attention multimodal fusion network and improve the
accuracy and generalization of the electricity consumption
behavior identification model.
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