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Abstract

INTRODUCTION: response to the theoretical bottlenecks of the hybrid energy storage system (HESS) when
participating in grid regulation.

OBJECTIVES: Such as strong coupling of multi-dimensional state variables, difficulties in coordinating energy storage
scheduling with grid stability, and prominent subjectivity in traditional power transfer decisions, a model for Al
optimization collaborative control and grid state assessment with HESS as the core control object is proposed.
METHODS: Firstly, based on traditional strong transfer features such as fault characteristics, grid topology, equipment
status, and environmental disturbances, the operation state variables of HESS (including state of charge, charging and
discharging power, health level, etc.) are introduced to construct a multi-dimensional feature matrix integrating energy
storage and the grid, and the objective weighting of each dimension is achieved based on the information entropy theory.
Secondly, an adaptive weighted kernel principal component analysis (AW-KPCA) algorithm is proposed, which uses the
particle swarm optimization (PSO) algorithm to dynamically adjust the kernel function parameters and feature weights,
and incorporates the HESS charging and discharging strategy into the optimization space to achieve joint optimization of]
energy storage scheduling and high-dimensional feature dimension reduction. The core novelty is the synergistic
integration of HESS dynamics into grid feature modeling, PSO-based joint optimization of kernel parameters, feature
weights, and storage dispatch, and TOPSIS-driven risk quantification for forced transmission decisions.

RESULTS: Compared with the traditional kernel principal component analysis algorithm, the proposed method improved
data processing efficiency by 41.3% and feature extraction accuracy by 15.7%. Finally, the TOPSIS multi-attribute
decision-making theory is integrated to build a comprehensive judgment model on the adaptability of forced
transportation, quantify the feasibility and risk level of forced transportation, and achieve optimal decision-making under
multiple constraints.

CONCLUSION: The simulation test was completed on the IEEE 300-node system and the Guizhou Power Grid Actual
Fault Data Set. The accuracy of the proposed model reached 95.7, and its robustness was significantly stronger. The
research provides new theoretical and algorithmic support for HESS to participate in the restoration of power grid failures.
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1. Introduction

Power grid forced transmission refers to the operation
process in which dispatch operators conduct trial power
transmission to faulty lines or equipment based on
multi-dimensional information such as fault characteristics,
grid topology, equipment status, and environmental
disturbances after a power system failure [1-2]. As a key
means of power grid fault recovery, the rationality and
accuracy of forced transmission operations are directly
related to the system power supply recovery speed, safe
operation and the overall stability. However, the forced
transmission  decision is  essentially a  typical
high-dimensional, nonlinear, complex decision-making
problem under multi-constraint conditions. Its influencing
factors cover multiple dimensions such as fault current
amplitude, voltage drop depth, protection action behavior,
line importance, circuit breaker health status,
meteorological and environmental conditions, etc., and
there are complex coupling relationships between various
factors. In actual projects, dispatchers often rely on
empirical rules to make judgments, which are highly
subjective and inefficient in decision-making [3-4].
Therefore, the systematic and objective evaluation of forced
transmission feasibility and associated risks—termed "grid
forced transmission adaptability judgment"—has become a
critical challenge for intelligent power grid fault handling.
At this stage, for power grid forced transmission
decision-making, traditional methods mainly rely on power
system operating procedures and expert experience to judge
forced transmission conditions by setting thresholds or rule
libraries. Such methods are highly interpretable, but
difficult to cover complex and changeable fault scenarios,
and the rule formulation process is highly dependent on
manual experience and has poor adaptability [5-6]. Due to
the nonlinear and strong coupling relationships between
features, traditional feature engineering methods are
difficult to effectively extract key discriminant information,
resulting in limited model generalization capabilities and
difficulty in meeting the interpretability of decision results
and controllability of risks in actual dispatch scenarios.
Currently, Alhanaf A S et al. proposed a hybrid deep
learning model that combined a 1D Convolutional Neural
Network (CNN) and a long-short-term memory network in
view of the current situation in the power system where
fault detection and location is difficult due to dynamic fault
currents and the traditional protection scheme is
insufficiently adaptable. The model achieved an average
accuracy of more than 99.4% in IEEE 6-node and 9-node
tests [7]. The traditional artificial intelligence-based method
of the permanent magnet synchronous motor drive system
relies many current sampling samples, is susceptible to
noise interference, and has high complexity as working
conditions change. Therefore, Hang J et al. built a wavelet
CNN robust open-circuit fault diagnosis method. This
method could diagnose 22 types of faults, and showed
excellent noise immunity and robustness in both
simulations and experiments [8]. Hajji M et al. proposed a

fault detection framework based on machine learning and
deep learning in view of the difficult to distinguish between
healthy and fault states of grid-connected photovoltaic
systems. This method could effectively diagnose different
fault types and exhibited high robustness under different
irradiation conditions [9]. Kouraichi M et al. reviewed the
latest advancements in transmission line fault diagnosis
based on deep learning, focusing on key neural network
architectures such as convolutional neural networks (CNN),
recurrent neural networks (LSTM/GRU), attention
mechanisms, and generative models, and discussing
challenges such as insufficient data annotation and the
detection of rare fault types [10]. Mathebula and Mbuli
reviewed the application of TOPSIS multi-attribute
decision-making method in the power system,
demonstrating its effectiveness in reactive power, power
quality, maintenance, and reliability assessment [11].
Meanwhile, Wang et al. systematically reviewed neural
network algorithms for battery state-of-energy estimation in
smart grid applications [12]. Wang et al. proposed an
improved multiple feature-electrochemical  thermal
coupling model for lithium-ion batteries at low
temperatures [13]. A recent study in Energy developed a
Bayesian optimization-BiLSTM-UKF fusion algorithm for
high-precision battery SOC estimation [14].

Despite  these valuable contributions, certain
limitations remain in existing approaches. The KPCA-based
fault diagnosis methods primarily focus on feature
extraction for specific equipment such as transformers,
without adapting kernel parameters to the specific
characteristics of different fault scenarios. Moreover,
existing TOPSIS applications in power systems are mostly
confined to equipment state evaluation or operational
performance ranking, and have not been extended to forced
transmission risk quantification in coordination with energy
storage systems. These gaps motivate our work to develop
an integrated framework that jointly optimizes feature
reduction, HESS dispatch, and risk assessment for forced
transmission decisions. Therefore, a method for judging the
adaptability of power grid forced transmission is built based
on Adaptive Weighted Kernel Principal Component
Analysis (AW-KPCA) and multi-attribute decision-making.
The Particle Swarm Optimization (PSO) is applied to
collaboratively optimize the kernel function parameters and
feature weights, and the Technique for Order Preference by
Similarity to an Ideal Solution (TOPSIS) multi-attribute
decision-making theory is integrated to construct a
comprehensive judgment model for forced delivery
adaptability. The research aims to achieve -efficient
dimensionality reduction of high-dimensional redundant
features and effective extraction of nonlinear features, while
quantifying the feasibility and risk level of forced delivery,
so as to achieve optimal decision output under multiple
constraints. In summary, the proposed method proceeds in
three main steps. First, HESS operating variables are
integrated with traditional grid features to construct an
extended multi-dimensional  feature matrix, with
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information entropy theory applied for objective weighting.
Second, the AW-KPCA algorithm, optimized by PSO,
jointly determines kernel parameters, feature weights, and
HESS dispatch commands to achieve nonlinear feature
reduction while coordinating storage scheduling. Third, the
reduced features are fed into the TOPSIS module, which
calculates the relative closeness of each forced transmission
scheme to the ideal solution and outputs both the optimal
dispatch plan and the corresponding risk level. The
innovations of this research are as follows: (1) A unified
evaluation matrix is constructed by embedding HESS
operating variables (SOC, SOH, and power limits) into
traditional grid features, allowing energy storage dynamics
to be explicitly considered in forced transmission
adaptability assessment. (2) An AW-KPCA framework is
developed, where PSO jointly optimizes kernel width,
feature weights, and HESS dispatch commands within a
single fitness function, thus aligning feature reduction with
energy storage scheduling. (3) The reduced features are
integrated with TOPSIS to output both the optimal storage
dispatch plan and the quantified risk level for each scheme,
providing dispatchers with a clear and actionable decision
basis. These innovations are realized through a unified
framework that sequentially performs information
entropy-based weighting, PSO-driven joint optimization,
and TOPSIS-based risk quantification.

2. Research design

2.1 Forced adaptive multi-dimensional
feature matrix construction and adaptive
weighting

The influencing factors in judging the power grid's
adaptability to forced transmission are complex, the
coupling between indicators is strong, and the traditional
weighting method is highly subjective. Therefore, the study
solves the unreasonable weight distribution in traditional
feature construction by establishing a force-feeding
adaptive multi-dimensional feature matrix and introducing
information entropy theory to adaptively weight each
dimensional index. The total number of samples
participating in judging the forced transmission adaptability
are N, and each sample contains 7 characteristic
indicators, which are derived from the four dimensions of
fault characteristics, power grid topology characteristics,
equipment status and environmental disturbance. The J-th

feature index of the i-th sample is marked X;. The

original multidimensional feature matrix X can be
constructed, as shown in formula (1).
X1 X2 Xt
x x oo x
21 22 2m
X=0x v = : . : M
XN X2 o Xm

To ensure comparability between  different
dimensional indicators, the original feature matrix is
standardized. The range standardization method is used to
map each indicator to the [0,1] interval, as shown in
formula (2).

vy = Xy~ X @)

max, .y X; —Mi,, y X;

In formula (2), i represents the standardized
eigenvalue. To avoid the bias caused by subjective
weighting, information entropy theory is introduced to
assign objective weights. The rationale is that an indicator
with greater dispersion across samples carries more
discriminatory information and thus deserves a higher
weight, whereas a nearly constant indicator contributes little
to classification and should be down-weighted. Information
entropy precisely quantifies this dispersion: a smaller
entropy value indicates richer information. First, the

proportion Pi ofthe 1 underthe / is given in formula

3).
Vi

2 j:
Zi]\ilyy

To avoid the meaningless logarithmic operation when
p; =0 Dy

pij: 172’”'7’" (3)

, the study performs a slight offset on , that is,
Yy té
p; = -

N
o +eE
Zi:l(y’f ), where € represents a very small
e .
integer. Secondly, the information entropy “’ of the 7 s
given in formula (4).

1 N
e,=———Spnp,, j=l2-m (4
IS T &P e “)

o 0<e <1
From the definition of entropy / . When the
indicator has completely consistent values in all samples,
e=1 . o .
/ indicates that the indicator does not provide
effective information. On the contrary, the greater the

. . . e,
dispersion of the indicator, the smaller /, and the greater

) . . ) d,
the amount of information. The difference coefficient ~/

of the 7 -th indicator is shown in formula (5).
d,=l-e, (5

The difference coefficient reflects the effective
information amount of the indicator. A large coefficient of
difference indicates that the indicator is more important.

Accordingly, the objective weight @i of the / -th
indicator can be expressed based on formula (6).

d.
w, = ! s j:leza'”,m (6)
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In formula (6), the weight vector @ =[@,,®,,"-®,]"

@,
satisfies Z;n:l o, = 1. Based on the above four traditional

dimensions, in order to further integrate the energy storage
control capability, a fifth dimension - the operating state
variables of the hybrid energy storage system (HESS) is

introduced. Each sample contains m,,,,, related indicators

of HESS, and typical variables include: the state of charge
(SOC) of the energy storage, the health status (SOH) of the
energy storage, the maximum recharge/discharge power,
the current recharge/discharge power, the port voltage of
the energy storage, the operating temperature, etc. The

i-th sample's j-th HESS feature is denoted as x,.(].HESS),
and together with the features of the original four
dimensions, they form an extended multi-dimensional
feature matrix. To clarify the origin of the HESS-related
variables, these features are generated through a simulation
model based on the equivalent circuit model of lithium-ion
batteries, combined with predefined operating profiles.
Specifically, the SOC of each storage unit is calculated by
the ampere-hour integration method, where the
instantaneous current is accumulated over time and adjusted
by the Coulombic efficiency and rated capacity. The SOH
is empirically modeled as a linear decay function of cycle
counts and operating temperature, following the
degradation model reported in, while the maximum
charge/discharge  power is constrained by the
SOC-dependent power limits recommended by the
manufacturer. For the IEEE 300-node system, 20
distributed HESS units are assumed to be connected to
selected buses, with rated capacities of 5 MWh, 10 MWh,
and 20 MWh. For each fault scenario in both datasets, the
HESS operates with a rule-based charge/discharge schedule

triggered by voltage deviations and frequency fluctuations.
The charging/discharging power commands are updated
every 10 seconds over a S5-minute post-fault horizon,
generating a total of 30 time-series samples per fault event.
Key simulation parameters include: initial SOC range
0.5-0.9, SOC operating limits 0.2-0.95, Coulombic
efficiency 0.98, SOH decay rate 0.003% per cycle, and
control interval 10 seconds. The subsequent range
normalization and information entropy weighting processes
cover all m features, ensuring that the HESS state
variables obtain objective weights in the dimension
reduction and decision-making process. The standardized
feature weight matrix is multiplied with the weight vector
to obtain a weighted feature matrix. This matrix eliminates
the dimensional differences of the original indicators,
strengthens the role of high-information indicators in
subsequent analysis through information entropy weighting,
and provides high-quality input data for the AW-KPCA
algorithm [15].

2.2 AW-KPCA design

After constructing and adaptively weighting the forced
adaptive multi-dimensional feature matrix, to effectively
remove redundant information in high-dimensional features
and suppress noise interference, the study further proposes
AW-KPCA. This algorithm introduces an adaptive
weighting mechanism under the KPCA framework and uses
the PSO algorithm to collaboratively optimize kernel
parameters and feature weights to achieve efficient
dimensionality reduction of high-dimensional nonlinear
features [16-17]. The AW-KPCA is illustrated in Figure 1.
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Figure 1. The overall framework of the AW-KPCA

In Figure 1, KPCA maps the original input space to a
high-dimensional space through nonlinear mapping and
performs linear principal component analysis in this space
to extract the nonlinear features of the original data. The

_ T Nxm
Z=[z,z,,,zy] €ll , where zZ;

The

input sample set is
signifies the weighted feature vector of the ! .

nonlinear mapping is defined as ¢:0" >F . The input
samples are mapped to the high-dimensional feature space

F . The mapped samples are recorded as ¢z, ). In the

F , the covariance C s shown in formula (7).
1 N
C= WZ¢(Z[)¢(ZI‘)T (7
i=1
The core of KPCA is to solve the eigenvalue problem

in the feature space, that is, Cv=Av v represents the

eigenvector and A represents the eigenvalue. Since the

explicit form of ¢ is difficult to obtain, KPCA introduces
the kernel function technique and defines the kernel matrix

K e0™" whose elements are shown in formula (8).

2 EA 5

Kg,‘ =<¢(Z[)5¢(Z/‘)> = K(an,-) (3)
In formula (8), X represents the kernel function, and
the study uses the Gaussian radial basis kernel function, as
shown in formula (9).
Iz, -z, IF

3 ©

K(Z“Zj) =eXp| —

20

In formula (9), © represents the kernel width

parameter, which controls the local scope. The kernel
matrix is entered to satisfy the zero-mean condition. The

centralized kernel matrix K is given in formula (10).

K=K-1,K-Kl, +1,K1,

1

Ly =l 1 . . .
In formula (10), N . NN s a matrix with
all elements 1/ N . Since the traditional KPCA treats all
feature indicators as equally important, it fails to reflect the
differences among the features. To address this issue, the
study introduces a feature weight vector, which scales each
feature dimension before calculating the distance. In the
weighted Euclidean distance, a larger weight will enhance
the contribution of the feature to the overall distance,

(10)
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thereby strengthening its impact on the kernel similarity

[18]. For any two samples % and % , the weighted
Euclidean distance is shown in formula (11).

dw(zi7z_j)=1 ia)k(zik _ij)z (11)

The weighted distance is substituted into the Gaussian
radial basis kernel function to obtain the weighted kernel
function, given in formula (12).

daz)(zl.,zj)
2

K,(z;,2;)=exp| — - (12)

1

The weighted kernel matrix K, is constructed, and
the related diagram is shown in Figure 2.

1. Feature Inputs 2.Weighted Distance 3. Weighted
&Weight Vector Calculation KemelMatrix Elements
Original
Feature (zi,z)
= v K
Zil Optimized
A Feature ] ,L
v WeightVector Calculatg Weighted
B Squared Difference per
z3 M
Feature
wi
.
— w2 wi=(ziczi)”
Lyl | W3
— —
Zjl W4
2 Wn Weigl]l)te.dtaEuclidean
B istance
23 Dynamicall Ke.rne.:l Value Color
m
. by PSO to wi 1 : Amplify Important
Strer.lgthen Differences
High-

Discriminati wi  : Suppress
ve Features Unimportant Differences I‘

Figure 2. Weighted kernel matrix construction mechanism diagram

In Figure 2, the quality of the weighted kernel matrix
is highly dependent on kernel width parameters and feature
weight vectors. To obtain the optimal parameter
combination, the PSO algorithm is introduced for
collaborative optimization. In the fitness function of the
PSO algorithm, the separability of features after
dimensionality reduction is selected as the optimization
goal. The ratio of inter-class dispersion and intra-class
dispersion is used as the fitness function, as shown in
formula (13).

_u(s)

F©) tr(S.)

(13)

In formula (13), Sy and S signify the inter-class

and intra-class scatter matrices. ' represents the trace of
the matrix. A larger fitness signifies the stronger
discriminative ability of the features after dimensionality
reduction in strong adaptive classification. To
simultaneously achieve feature dimension reduction,

parameter optimization, and energy storage scheduling

strategy optimization, the encoding vector of each particle
is expanded to formula (14).

P=I6,0,0,,....0,, Py, Prpss 5o s Bupss 1]

(14)

In formula (14), ¢ represents the width parameter of

the Gaussian kernel, @ represents the feature weight, and

P represents the charging and discharging power of HESS.

The corresponding fitness function can be redefined
based on formula (15).

. 1T(5,)
tr(S,)

In formula (15), J,, represents the comprehensive

Fitness = + B Jiss (15)

revenue indicator for energy storage scheduling, which can
include voltage support effect, energy storage lifespan loss
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cost, energy time-shift revenue, etc. o and [ are

balance coefficients. Based on this fitness function, PSO
simultaneously seeks the optimal feature dimension
reduction parameters and the optimal HESS charging and
discharging strategy to achieve the joint optimization of
energy storage regulation and grid status assessment. Each
particle updates its own speed and position based on the

individual optimal position Prest and the global optimal

position 8rest | as shown in formula (16).
(t+) _ (0 o _go O _ gyt _ g 4 4D
v, =yl (P — 0, ) H 1 (ghey —0,)0, =607 + V)

(16)

In formula (16), 7 signifies the inertia weight. “

and © signify learning factors, respectively. I and 2

signify random numbers in the range [0,1], and the weight
vector is normalized after each iteration to satisfy the
constraint that the sum is 1. The update of particle velocity
and position still follows formula (16). The feature weight
vector is normalized after each iteration, while ensuring that
the HESS power command meets the operational
constraints. The collaborative optimization of the PSO
algorithm is shown in Figure 3.

A collaborative optimization process for kernel parameters and feature weights

Analysis of

Reducti
Position || Velocity Sacion

based on PSO
Initialization stage Iterative optimization loop Convergence
Hyperparameter Fitness calculation Jjudgment
5] [To] Weighted kernel
(5] (o] Termination|
condition

Dimensionality

max

vector vector

Fitness function

Spest

e

[ v
The weight Update the optimal position Output
components must | | | Individual Global
satisfy the non- OptiMUM Ppes | | OPHMUM Ghegt
negative IZI
constraint | Normalization of the weight vector |

Figure 3. PSO collaborative optimization process

Figure 3 shows the collaborative optimization process
of kernel parameters and feature weights based on PSO.
Through the collaborative search of particle swarms in the
solution space, this process overcomes the shortcomings of
traditional methods that rely on artificial experience
selection of kernel parameters and weights, adaptively
optimizes parameter combinations, and lays the foundation
for key parameters for constructing weighted kernel
matrices and subsequent efficient dimensionality reduction.

2.3 Construction of a comprehensive
judgment model on forced delivery
adaptability based on TOPSIS

On the basis of completing the dimensionality reduction of
high-dimensional features and extracting low-dimensional
discriminant features, to further quantify the feasibility and
risk level of the forced delivery scheme, the study further
builds a comprehensive judgment model for forced delivery
adaptability based on TOPSIS. In the research framework,
each "evaluation scheme" to be assessed is actually defined
by the "strong sending operation mode (such as attempting

to send the line number)" and the "HESS charging and
discharging plan (power instructions for each time period)".
Therefore, each row of the decision matrix corresponds to a
combination of a "strong sending scheme + HESS
scheduling scheme". After dimensionality reduction by
AW-KPCA, the low-dimensional features in the resulting
set implicitly contain the contribution of the HESS state
variables, and together with the HESS scheduling
performance indicators (such as SOC deviation, power
fluctuation suppression rate), they constitute the decision
matrix. TOPSIS determines the relative order of alternatives
by calculating the closeness of each alternative to the
positive ideal solution and the negative ideal solution. It is
suitable for multi-index comprehensive evaluation
scenarios in power grid forced transmission adaptability. In
the forced delivery adaptability evaluation system, after
dimensionality reduction by AW-KPCA, the dimensionality
reduction feature set [ <[] ¥ is obtained. The decision
matrix is constructed by integrating two categories of
indicators.  The  first category  comprises  the
low-dimensional feature set obtained from AW-KPCA,
which encodes the intrinsic characteristics of each forced
transmission scheme, including fault signatures, topological

2 EA
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properties, equipment conditions, environmental
disturbances, and HESS operating states. These features
reflect the overall grid-storage system condition. The
second category comprises operational performance
indicators of HESS, including SOC deviation from the
desired range, power fluctuation suppression rate, and
voltage support effectiveness. These indicators directly
measure the regulatory performance of energy storage
under each candidate schedule. The classification basis is
that feature indicators describe the system state, while
operational indicators evaluate the control outcome. All
indicators are normalized and weighted before being fed
into the TOPSIS evaluation. There are 7 forced delivery
plans to be evaluated, and each plan is represented by d
evaluation indicators to construct a decision matrix. To
eliminate the dimensional influence and reflect the
difference in index importance, the decision matrix is first
vector normalized and then multiplied by the feature weight
vector to obtain the weighted normalized decision matrix

U=[u;],.. . The relevant mathematical expression is

shown in formula (17).

v,
N (17)

no 9

k-1 rkj

r,

In formula (17), ¥ signifies the original value of the
I _th plan on the J _th indicator. When calculating positive
and negative ideal solutions and relative closeness, the

positive ideal solution A" and the negative ideal solution

A" are defined as the optimal and worst values of each
indicator in the weighted normalized matrix, respectively.
The Euclidean distance between each solution and the

A" and A" is calculated. The relative closeness I is
obtained, as shown in formula (18).

D;
o-p ¥

i i

T;:

In formula (18), D, and D;
distances

T el0.1] , and a higher value indicates the better plan, the
stronger the adaptability of forced delivery. The final
calculation results of the forced delivery plan are presented
in Table 1.

signify the Euclidean
of positive and negative ideal solutions.

Table 1. The result of the proximity of the forced
transmission scheme

Scheme 1 0.852 1 Low risk
Scheme 2 0.734 2 Low risk
Scheme 3 0.615 3 Medium risk
Scheme 4 0.523 4  Medium risk High
risk
Scheme 5 0.387 5 High risk
Scheme 6 0.241 6 High risk

In Table 1, based on the value range of the relative fit

degree Y and combined with the actual situation of the
power grid forced transmission project, the forced
transmission adaptability has low risk, medium risk, and
high risk. Figure 4 presents the risk level division.

Scheme5 Scheme 6  Scheme3 Scheme4  Scheme2 Scheme 1

T

T=0 0.4 0.7 T=1
The strongest form I ) .
. Optimal adaptive
of adaptation is the : St
I

I
-
Lefr]

|4—>

I
I
least effective I
|
|

I TiE[0,04) Ti€[0.40.7)
High-risk area: The Medium-risk area: This . .
strong power . Low-risk area: Indicates
. L indicates that the plan
transmission plan within . that the plan has good
. . . has certain risks and o
this area carries a high . adaptability and can be
) ) requires a . L
risk. It is not . given priority for the
comprehensive judgment | . .
recommended to carry implementation of forced
out the strong power based on the actual ower suppl
g ep 8 situation on site. P PPy
transmission operation

Figure 4. Risk level classification diagram

In Figure 4, the marked points of Plans 1 and 2 fall in
the green low-risk zone, Plans 3 and 4 fall in the yellow
medium-risk zone, Plans 5 and 6 fall in the red high-risk
zone, which visually presents the ranking of each plan, and
can provide clear decision-making reference for dispatch
operators.

3. Results

3.1 AW-KPCA performance verification

To wverify the proposed AW-KPCA in dimensionality
reduction of power grid forced transmission adaptability
features, simulation experiments were conducted based on
the IEEE 300-node system and the Guizhou Power Grid
Actual Fault Data Set. Table 2 presents the experimental

Scheme Relative Sor . environment and AW-KPCA parameter settings.
- Risk level
Number proximity t
Table 2. Experimental settings
Category Configuration Parameter Value /
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Range
CPU Intel Core 19-13900K, 24 cores, 3.0 GHz PSO population size 30
RAM 64 GB DDR5-5600 MHz PSO maximum iterations 100
GPU NVIDIA GeForce RTX 4090, 24 GB GDDR6X Inertia weight 0.7
Operating System Windows 11 Professional 64-bit Learning factors 2
Programming Python 3.10 Kernel width o [0.1,10.0]
Language
Core Libraries NumPy 1.24, E/}:;fp}ioltlit? ’3§7C ikit-learn 1.2, Feature weights ojoj [0,1]
/ / Cumulgtive' variance >85%
contribution rate
/ / Convergence tolerance 10—4
Based on the experimental environment and algorithm
parameters in Table 2, the data set is the internationally
accepted IEEE 300-node system simulation data set, and % [BEE Waode 0 EE S00n0de
the second is the Guizhou Power Grid Actual Fault Data Set. ] T Ly Cuespmersrd
The IEEE 300-node system is a large-scale transmission 1804 ] 2]
network standard test system, including 300 bus nodes, 411 gizg 2101
transmission lines, and several transformers, generators and & 1o Eo_g,
other equipment. The fault types include Single-phase £100] £ 08
Grounding (SG), Two-phase Short Circuit (TSC), £ 8y 1625 I
Two-phase Grounding Short Circuit (TGS), and 2: 58 "l 027
Three-phase Short Circuit (TPS). Each sample collection 0] st Tlﬁf || g Orls’o_‘og Hu‘
covers 23-dimensional original feature indicators. The oIS R ! |

T T t t
KPCA t-SNE SAE AW-KPCA KPCA t-SNE SAE AW-KPCA

Guizhou Power Grid Actual Fault Data Set collects actual Aot Mot

fault record data of China's Guizhou Power Grid from 2019 (o) Traning Time (&) Testing Time

to 2024, with a total of 156 sets of real fault cases. This data [ TBEE 300-node [ IEEE 3000
set covers transmission line faults at voltage levels of . it l:gllg I
110kV and above in Guizhou Province. To objectively T [ T 865, 286 RS [T

o

assess the performance, the two data sets were classified
into training, verification and test set sin a 7:2:1. The study
also selected traditional KPCA, t-Distributed Stochastic
Neighbor Embedding (t-SNE) and Stacked Autoencoder
(SAE) for controlled experiments. The data processing
efficiency of the four algorithms is shown in Figure 5.
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Figure 5. Comparison of data processing efficiency

In Figure 5, on the IEEE 300-node data set, the
training time of AW-KPCA was 7.35 seconds, which was
41.3% lower than that of traditional KPCA (12.54 seconds),
and the classification accuracy was increased to 94.3%,
which was about 7.8%, 5.1% and 2.5% higher than that of
KPCA, t-SNE and SAE, respectively. On the Guizhou
Power Grid Actual Fault Data Set, AW-KPCA also
achieved the best performance, with a training time of 3.03
seconds and a classification accuracy of 93.2%, which was
9.0%, 5.6%, and 3.4% higher than that of KPCA, t-SNE
and SAE, respectively. In summary, AW-KPCA has
optimized data processing efficiency and classification
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accuracy on both data sets, verifying its superiority and
robustness in data scenarios of different scales and sources.
The feature extraction accuracy is compared, as presented
in Table 3.

Table 3. Feature extraction accuracy across different
dimensionality reduction algorithms

Feature Improvement
Algorithm  Dataset Extraction over KPCA
Accuracy (%) (%)
KPCA 82.4 /
t-SNE IEEE 86.3 4.7
SAE 300-n 88.9 7.9
AW-KPCA ~ ode
(Proposed) 953 15.7
KPCA b 80.5 /
t-SNE Ggf 84.7 5.2
AWSQECA power 87.2 8.3
- grid
(Proposed) 93.6 16.3

In Table 3, on the IEEE 300-node data set, the feature
extraction accuracy of AW-KPCA reached 95.3%, which
was 15.7% higher than that of traditional KPCA (82.4%)
and higher than that of t-SNE (86.3%) and SAE (88.9%).
On the Guizhou Power Grid Actual Fault Data Set,
AW-KPCA also achieved a feature extraction accuracy of
93.6%, which was 16.3% higher than that of KPCA
(80.5%), and better than that of t-SNE (84.7%) and SAE
(87.2%) by 89% and 6.4%, respectively. In summary,
AW-KPCA achieves significantly better feature extraction
accuracy than traditional KPCA and other control
algorithms on both data sets, proving the effectiveness and
advancement in dimensionality reduction of power grid
forced transmission adaptability features.

3.2 Simulation results of comprehensive
judgment model on forced delivery
adaptability

After analyzing the performance of the AW-KPCA, the
research further analyzed the simulation results of the
forced delivery adaptability comprehensive judgment
model. Before presenting the results, it is necessary to
clarify the correspondence between the evaluation metrics
and the task formulation. The forced transmission
adaptability problem is inherently a multi-criteria
decision-making task, where each candidate scheme is
ranked by its relative closeness to the ideal solution.
However, to quantitatively validate the model's
discriminative power, we reformulate the top-ranked
scheme selection as a classification problem: a scheme is
considered correctly judged if its TOPSIS-derived risk level
matches the ground-truth risk level determined by domain

experts. Under this formulation, accuracy measures the
overall proportion of correctly classified schemes, precision
and recall evaluate class-wise performance, and Fl1-score
provides a harmonic mean for imbalanced risk-level
distributions. The AUC further assesses the model's ranking
capability across different risk thresholds. This mapping
ensures that conventional classification metrics are
consistent with the underlying decision-making task. The
study also selected the traditional KPCA-TOPSIS method,
PCA-TOPSIS and TOPSIS for controlled experiments. The
judgment accuracy, AUC value and F1-score are illustrated
in Figure 6.

I Judgement Accuracy I Judgement Accuracy
I Auc B Auc
I £ 1-score [ ¥ 1-score

(a) [EEE 300-node (b) Guizhou power grid

Figure 6. Comparison of comprehensive evaluation
results for forced transmission adaptability

In Figure 6, On the IEEE 300-node data set, the
judgment accuracy of the AW-KPCA-TOPSIS model
reached 95.7%, which was 9.2% higher than that of the
traditional KPCA-TOPSIS (86.5%), 13.4% higher than that
of the traditional PCA-TOPSIS (82.3%), and 18.9% higher
than that of direct TOPSIS (76.8%). The AUC value (0.948)
and Fl-score (0.941) were better than those of the three
traditional methods. On the Guizhou Power Grid Actual
Fault Data Set, the proposed model also achieved optimal
performance, with a judgment accuracy of 95.3%, and both
AUC value (0.942) and F1-score (0.936) were significantly
higher. In summary, the proposed AW-KPCA-TOPSIS has
a high accuracy and can provide reliable theoretical and
algorithmic support for power grid forced transmission
decisions.

Finally, the study divided the 259 samples in the IEEE
300-node test set into four groups according to fault types:
SG (68), TSC (62), TGS (65), and TPS (64). The confusion
matrices of the four methods on each group were calculated
separately. The results are shown in Figure 7.
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Figure 7. Confusion matrix

In Figure 7, the correct numbers of the proposed model
in the SG, TSC, TGS, and TPS reached 61, 55, 58, and 57,
respectively, and the total correct number was 231, which
was 39.2% higher than that of the traditional
KPCA-TOPSIS (total correct number: 166), showing
significant advantages. In terms of misclassification
distribution, TOPSIS had serious cross-type
misclassifications. However, the proposed model controlled
the quantity of samples that were misclassified from each
fault type to other types within 3, and the misclassification
rate was greatly reduced. In summary, the proposed
AW-KPCA-TOPSIS is better than the three traditional
methods in fault type recognition accuracy and
classification stability, verifying the excellent performance
of adaptive weighted dimensionality reduction and
multi-attribute decision-making fusion in complex fault
scenarios.

4. Discussion

To break through the theoretical bottlenecks in the
traditional judgment on the adaptability of power grid
forced transmission, such as the strong coupling of
multi-dimensional influencing factors and the prominent
subjectivity of decision-making, a comprehensive judgment
model on the adaptability of power grid forced transmission
was proposed. In simulation experiments, the proposed

method achieved significant performance improvements in
multiple dimensions. The training time of AW-KPCA on
the IEEE 300-node data set was 7.35 seconds, which was
41.3% lower than that of traditional KPCA (12.54 seconds).
The feature extraction accuracy reached 95.3%, which was
15.7% higher than that of traditional KPCA (82.4%). In
terms of comprehensive judgment, the AW-KPCA-TOPSIS
model had an accuracy of 95.7% on the IEEE 300-node
data set, which was 9.2% higher than that of the traditional
KPCA-TOPSIS (86.5%). In terms of fault type
identification, the total correct number of the proposed
model on the four types of faults reached 231, which was
39.2% higher than that of the traditional KPCA-TOPSIS
(166). The number of misclassified samples for each fault
type was controlled within 3, and the misclassification rate
was greatly reduced.

Varbella A [19] proposed a multi-task graph data set
construction method for power system power flow, optimal
power flow and cascading failure analysis in view of the
lack of open and standardized graph neural network training
and benchmark data sets in power grid analysis. The
proposed method achieved systematic optimization in
feature dimensionality reduction efficiency, nonlinear
feature retention ability, multi-attribute decision-making
accuracy, and classification robustness under complex fault
scenarios. Different from the research, this report is to
construct a standardized, multi-task graph data set for graph
neural networks, which is a construction and benchmarking
method at the data resource level. The proposed method is
to integrate the multi-dimensional feature matrix,
information entropy weighting, AW-KPCA dimensionality
reduction and TOPSIS multi-attribute decision-making to
form a complete set of force-feeding adaptability judgment
algorithm framework. In addition, SU S et al. [20] built an
anomaly sensing method using KPCA-OPTICS and
quantile regression in view of the lack of professional
monitoring of distributed photovoltaic power plants and the
difficulty in accurately locating abnormal points. The
method had a high detection rate and accuracy and a low
false alarm rate in distributed photovoltaic power anomaly
detection, and the model had good scalability in actual
deployment. The results are similar to the research.

In summary, the AW-KPCA-TOPSIS enhances the
accuracy and robustness of the power grid forced
transmission  adaptability judgment by introducing
information entropy adaptive weighting, PSO collaborative
optimization weighted kernel dimensionality reduction, and
TOPSIS multi-attribute decision-making. The proposed
model explicitly incorporates the hybrid energy storage
system as the core control object at the methodological
level. By expanding the feature dimension and jointly
optimizing PSO, it achieves integrated decision-making for
energy storage scheduling and grid stability. Although the
dataset used for simulation verification does not explicitly
contain the measured data of HESS, the model framework
itself has the complete modeling capability for energy
storage variables, and the information entropy weighting
and adaptive dimension reduction mechanism can naturally
be extended to any additional feature dimensions. In the
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future, based on the actual grid data containing HESS, the
economicity and robustness of this framework will be
further verified.

5. Conclusion

To overcome the limitations of traditional forced
transmission assessments, which overlook the active
regulation of HESS and the coupling between storage
dispatch and grid stability, this paper proposes a
collaborative Al optimization and state assessment model
centered on HESS. This model incorporates HESS
operational state variables based on the multi-dimensional
characteristics of the grid, and achieves subjective-objective
weighting through information entropy. An adaptive
weighted kernel principal component analysis algorithm is
proposed, which uses particle swarm optimization to jointly
optimize the kernel parameters, feature weights, and energy
storage charging and discharging strategies. Furthermore,
the TOPSIS multi-attribute decision-making method is
integrated to output the optimal energy storage scheduling
plan and the risk level of forced power transmission. The
core innovations are the explicit integration of HESS
dynamics into grid feature modeling, the joint optimization
of feature reduction and storage dispatch via
PSO-AW-KPCA, and the quantified risk-level output
enabled by TOPSIS. Simulation results show that the
proposed model can effectively achieve the collaborative
optimization of energy storage and the grid, significantly
improving the accuracy of forced power transmission
decisions after faults and the economic performance of the
system operation. However, the research still has
shortcomings. The current model depends on IEEE standard
system simulation data and Guizhou power grid historical
fault data. It does not have sufficient sample coverage under
extreme working conditions, and the model's generalization
ability in rare scenarios needs to be further verified. Future
research can further introduce transfer learning or
generative adversarial network technology to expand the
extreme scene sample library and optimize the model's
adaptability in few-sample scenarios.
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