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Abstract

Considering the variability of dynamic factors such as load fluctu-
ations and power generation output in the power system, and the
increased complexity of searching for transmission line limits. This
study proposes a support vector machine (SVM) optimization al-
gorithm based on multi device state perception technology for au-
tomatic search of the maximum power of transmission sections in
power systems. Firstly, the topology structure of the power system
is constructed using graph theory methods. Multiple device state
data are collected through PMU devices, and the power composition
matrix of the transmission line is solved using power flow tracking
method as the input sample for SVM. The Whale Optimization Algo-
rithm (WOA) is used to optimize the SVM parameters. To evaluate
the transmission line power data based on the transmission line limit
type, and achieve automatic search for transmission line limits. The
experimental results show that the algorithm has a minimum search
error of 0.1% in the IEEE 14 node system, and can accurately identify
the maximum power of the section without manual review, achiev-
ing precise early warning of abnormal periods in temporary power

trading scenarios.
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1. Introduction

The transmission section limit refers to the maximum ac-
tive power that can be transmitted in the transmission
section under the thermal stability constraints of all lines
in the transmission section [1], which is an important index
for measuring the transmission capacity of the transmis-
sion section. In an actual grid operation, the transmission
cross-section is composed of a group of interrelated trans-
mission lines (which may also include other components,
such as transformers or generators). These lines operate
the system to undertake the task of transmitting electric
energy [2]. The determination of the transmission section
limit is important to ensure the safe and stable operation of
the power grid, which can help dispatchers better under-
stand the transmission capacity of the power grid, so as
to formulate a more reasonable scheduling plan to avoid
the occurrence of overload or instability of the power grid
[3]. In addition, the calculation of the transmission section
limit is affected by many factors such as the grid structure,
line parameters, and load level [4]. Therefore, in practical
applications, it is necessary to analyze and calculate in de-
tail according to the specific conditions of the power grid
to ensure the accuracy and reliability of the results [5]. In
summary, the transmission section limit is an important
parameter for a safe and stable operation of the power
system, which is of great significance for guaranteeing the
transmission capacity and stability of the power grid.
The traditional transmission section limit analysis is ob-
tained by power grid operation experts through offline
analysis and manual selection. However, owing to the limi-
tations of manual calculation and the increasingly complex
power grid operation mode, it not only wastes a lot of time,
but also cannot meet the needs of large-scale actual power
systems [6]. At present, there is little research on the iden-
tification and automatic search methods of transmission
sections, but there are many mature research results after
consulting the research on transmission line state detec-
tion, including Bhattar et al.’s AC-DC multiphase power
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flow algorithm for active distribution system analysis, the
AC-DC multi-phase power flow algorithm can more ac-
curately simulate the AC and DC power flow in the dis-
tribution system, especially in active power distribution
systems containing complex equipment such as multi port
power electronic transformers (PET). It can handle differ-
ent voltage levels and different types of loads, including the
flow of active and reactive powers. This enables the algo-
rithm to consider various factors of the system more com-
prehensively and improves the accuracy and reliability of
the transmission section limit assessment [7]. However, the
accuracy of the AC-DC multiphase power-flow algorithm
depends on largely on the accuracy of the model. If the
model cannot accurately reflect the actual situation of the
power system, such as the line parameters and load charac-
teristics, then the calculation results of the algorithm may
have deviations.

Patel studies the classification and location method of
transmission line faults based on Lissajous superimposed
component feature extraction. This method uses a Lis-
sajous figure (the synthetic track of two sinusoidal vibra-
tions in mutually perpendicular directions) to extract the
superimposed quantitative features of the transmission line
voltage and current signals, thus realizing the classifica-
tion and location of the transmission line faults [8]. This
method has a certain application prospect in the fault
classification and location of transmission lines. However,
there are still some challenges and limitations in the limit
search of transmission sections. The performance of this
method largely depends on the settings of the algorithm
parameters, such as the fault detection threshold and sam-
pling points. These parameter settings must be adjusted
and optimized according to the actual situation, thereby
increasing the difficulty and complexity of the algorithm
application.

Shweta et al. studied the determination method of avail-
able transmission capacity (ATC) in competitive power
markets, considered the uncertainty and randomness in
power system operation, such as load fluctuations, new
energy output changes, etc., and calculated the available
transfer capability (ATC) through probability statistical
methods. This method can more comprehensively reflect
the actual situation of the power system and improve the
accuracy and reliability of ATC assessments [9]. In a com-
petitive power market, the uncertainty and randomness
of power system operations increase significantly. These
uncertainties include load fluctuations, new energy output
changes, and equipment failure. How to effectively deal
with these uncertainties and improve the accuracy and re-
liability of ATC assessments is an important challenge.

Sharma et al. studied a power cycle diagram and aggre-
gation flexibility curve analysis method for active distribu-
tion networks to analyze power changes in active distribu-
tion networks. In active distribution networks, access to
distributed power sources (such as solar energy and wind
energy) will change the traditional power flow mode and
generate new power cycles. By drawing the power cycle di-
agram, the size and direction of these cycle powers can be
displayed intuitively, and their impact on the distribution

network can be analyzed. The aggregated flexibility curve
helps evaluate the flexibility and reliability of the distri-
bution network and provides a basis for formulating rea-
sonable dispatching strategies and planning schemes [10].
However, an active distribution network is a complex non-
linear system, and its operation mode and state are af-
fected by many factors. It is difficult to accurately reflect
the actual situation when building models of power cycle
diagram and aggregation flexibility curve. For example, it
may be difficult to accurately describe the output charac-
teristics of distributed generation, load fluctuation rules,
etc., which will lead to limited model accuracy and affect
the accuracy of results.

Therefore, this article focuses on the problem of limit
search in transmission intervals and studies the SVM op-
timization algorithm for automatic transmission interval
limit search based on multi device state perception. In
contrast, this paper innovatively constructs a comprehen-
sive automatic search system for transmission section lim-
its, encompassing “multi-device state sensing, power ma-
trix modeling, and intelligent optimization classification.”
Through graph theory topological modeling, it achieves
a precise abstraction of the connection relationships be-
tween power grid devices. By leveraging PMU devices
to synchronously collect multi-dimensional state data such
as voltage amplitude, phase angle, and power at a high
sampling rate of 30 times per second, and combining it
with power flow tracking methods to construct a generator-
load power transmission quantification matrix, the system
addresses the efficiency issues associated with traditional
methods that rely on manual analysis. Innovatively com-
bining the whale optimization algorithm with SVM, the
system optimizes penalty factors and kernel function pa-
rameters to reduce extreme search errors to as low as 0.1%,
significantly improving accuracy compared to a single SVM
model. Additionally, for high-dimensional stable domain
projection problems, t-SNE manifold learning is used for
dimensionality reduction, with projection error controlled
within 2%. The SMOTE algorithm and adaptive weight-
ing mechanism are employed to address sample imbalance
issues. Ultimately, this enables precise early warning of
abnormal periods in scenarios such as temporary power
transactions without manual review, achieving significant
breakthroughs in dynamic adaptability, quantification ac-
curacy, and engineering practicality compared to existing
methods.

The main work of this paper focuses on the following
research related to the automatic search for transmission
section limits:

(1) Establish a multi-device state sensing system based on
PMU to achieve synchronous collection of state quan-
tities such as voltage, current, and power, and clarify
the sampling frequency standard of 30 times per sec-
ond and the GPS time synchronization mechanism.

(2) Propose a method for solving the line power com-
position matrix based on the power flow tracking
method, and establish a generator-load power trans-
mission quantification model.

(3) Designing a WOA-SVM optimization algorithm frame-



work, using the whale optimization algorithm to opti-
mize the penalty factor and kernel function parameters
of the SVM, thereby improving the classification accu-
racy of extreme states.

(4) Validating the algorithm’s performance in the IEEE
14-node system, conducting experimental verification
from four dimensions: steady-state accuracy, dynamic
response, parameter optimization, and extreme state
search.

2. SVM Optimization Algorithm for Automatic
Searching of Transmission Section Limit Based
on Multi-equipment State Perception

2.1 Transmission Section Limit State Analysis

The stability domain in the full-dimensional injection state
space of a power system is a hyperplane that is diffi-
cult to describe directly, and downscaling is an inevitable
choice. At present, the common method is to project it
to the transmission cross-section of the stability domain
described by the low-dimensional space, to the transmis-
sion cross-section power changes, on behalf of the full-
dimensional injection space injection changes, the differ-
ence between the two leads to the stability domain bound-
ary point is no longer uniquely determined, and become
an "uncertainty interval” that is, the transmission cross-
section power of the ”limit interval”, shown in Figure 1.
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Figure 1. Limit State of Transmission Section

When the transmission cross-section power is less than
the lower limit interval limit in Fig. 1, the base state
and under the predicted faults remain safe and stable [11].
When the transmission cross-section power is greater than
the upper limit of the limit interval, the base state or under
the predicted faults will be the loss of safety and stabil-
ity. The transmission cross-section power is greater than
the lower limit of the p,,;, and less than the upper limit
DPmaz, Whether it is safe and stable is closely related to
the actual operation arrangement. The rapid change in
the output power of new energy plants and stations can
lead to the expansion of the above limit range, and it is
necessary to accurately identify the limit range and realize
the cross-sectional limit search to help operators to grasp
the security and stability boundaries of the power system
operation and power market transactions [12].

To achieve an effective projection of high-dimensional
stable domains onto the low-dimensional transmission sec-
tion feature space, this paper employs the t-SNE mani-
fold learning method for dimensionality reduction. This
method preserves the local feature relationships in high-
dimensional data, mapping the high-dimensional stable

domain space to the low-dimensional transmission section
feature space. It effectively captures the nonlinear associa~
tions between different equipment states and section limits,
making it more suitable for the dimensionality reduction
requirements of high-dimensional state spaces in power
systems compared to PCA. Through this dimension reduc-
tion method, the stability domain of the full-dimensional
injection state space, which is difficult to describe directly,
can be transformed into quantifiable and analyzable low-
dimensional transmission section limit intervals, laying the
foundation for subsequent limit state identification.

2.2 Topological Representation of Power Systems
Based on Graph Theory

In this paper, a graph is an abstract network consisting of
"nodes” and ”edges”, which can be expressed ¢ = (Q, %),
of which, 1 represents the power system topology diagram,
Q denotes the set of nodes (devices) in the power system
topology graph, ¥ represents the set of edges (transmission
lines) in a graph. If the direction of the edges is taken into
account, the graph is classified as directed; otherwise, it
is considered undirected. In cases where the edges in a
directed graph are assigned a specific value, the graph is
termed a weighted directed graph.

When disregarding the characteristics of the power sys-
tem network components and considering only the active
current of the system, the power system can be abstracted
as a weighted directed graph. In this representation, the
nodes correspond to the equipment within the system, the
edges represent the system’s lines, the weights of the edges
denote the reactance values of the lines, and the direction
of the edges indicates the flow direction of the current.
Figure 2 illustrates a simplified power system topology.

Figure 2. Topology Diagram of Power System

2.3 PMU Based Multi Device Status Awareness
Data Acquisition Method

In the automatic search process of the transmission sec-
tion limit of the power system topology map 1, the PMU
(phasor measurement unit) can synchronously measure the
information [13] such as the voltage amplitude, phase an-
gle, and branch power flow of each equipment node in v
with a high sampling rate (typically 30times/s or higher).
The power information encompasses active power and re-
active power. These data provide the necessary input in-
formation for the automatic search of transmission section



limits, which facilitates accurate assessment of the trans-
mission capacity and stability of the transmission section
[14].

The PMU device continuously monitors and measures
the power angles of multiple equipment online, as well as
the amplitude and phase angle of voltage and current of
each bus [15]. PMU devices are installed in each gener-
ator and hub substation in the power system and con-
nected to the control center through the communication
network. Each PMU collects the power angle simultane-
ously through GPS timing, and ”sticks” the time scale to
the measured power angle for real-time transmission to the
control center [16]. The quantitative dimensions of equip-
ment status sensing include: voltage amplitude (accuracy
=+ 0.5V), voltage phase angle (accuracy + 0.01°), line ac-
tive power (accuracy + 0.5MW), reactive power (accuracy
+ 0.3Mvar), and system frequency (accuracy + 0.001Hz).
Different PMU devices use a GPS second pulse synchro-
nization mechanism, with time synchronization errors con-
trolled within 1 pus. For sampling frequency differences
ranging from 30 to 120 times per second, linear interpola-
tion is used to resample the data, standardizing it to a 30
times per second sequence to ensure the temporal align-
ment accuracy of the state quantities. Figure 3 illustrates
the schematic diagram of multi-device status sensing data
acquisition, and Figure 4 presents the hardware structure
block diagram of the PMU phasor measurement device.
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Figure 3. Multi Device State Aware Data Collection

The hardware structure of the PMU phasor mea-
surement device primarily comprises analog input, syn-
chronous sampling control, A/D conversion, microproces-
sor, IPC, and interface. The analog input part features
multiple channels, enabling simultaneous measurement of
voltage and current across multiple devices [17]. Voltage
or current signals from the secondary side, following isola-
tion transformation and analog low-pass filtering, are re-
ceived by the synchronous sampling system established on
the GPS time reference. These signals are sequentially
converted by A/D and put into the fixed RAM. Utilizing
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Figure 4. Schematic Diagram of Synchronous Phasor Mea-
surement

the discrete Fourier transform algorithm, the DSP calcu-
lates the fundamental wave components of all measured
phases and their corresponding positive sequence compo-
nents once every sampling period. Subsequently, it incor-
porates the time information provided by the GPS receiver
serial port and the sequence number of the first sampling
point in the data window to generate calculation results,
appending a readily identifiable time tag [18]. The indus-
trial computer performs additional calculations and dis-
plays each synchronization vector. The calculated results,
along with their time tags, are transmitted to the data
server in the monitoring center through the RS232 serial
port or Ethernet interface, in accordance with the commu-
nication protocol requirements for subsequent transmission
section limit search.

PMU deployment follows the N-1 safety principle, with
100% coverage of critical generator nodes, < 90% coverage
of 220kV and above hub substations, and < 85% coverage
of important load centers. For unmonitored nodes, a state
estimation algorithm based on weighted least squares is
used to perform interpolation calculations using measure-
ment data from adjacent monitored nodes, with an esti-
mation error of < 2%, meeting the accuracy requirements
for limit analysis.

2.4 Line Power Composition Matrix Solving
Based on the Current Tracking Method

In the automatic transmission section limit search, it is
necessary to use the current tracking algorithm, combined
with the multi-device state awareness measurement data
obtained in Subsection 2.3, to simulate and analyze the
distribution of the current in the line, and then analyze
whether there is a section limit power in the transmission
line. Based on the multi-device state-aware measurement
data acquired in Subsection 2.3, the line power matrix can
be constructed by utilizing the current tracking algorithm
and the principle of proportional distribution. One of the
basic principles of trend tracking is proportional alloca-
tion, which observes the change in the trend of the trans-
mission section by continuously adjusting the generation
equipment and load in the grid [19], [20].

In the power grid, the node output line current is formed
by the node of the input line current combination the line



due to resistance and reactance losses, moved to both ends
of the line as an equivalent load. The grid can be viewed
as a lossless network [21]. At this point, we can obtain
the node output line power composition ratio and node
input line power, considering that the proportion of the
node’s total injected power is the same. The proportional
distribution principle is shown in Figure 5.

X

Figure 5. Schematic Diagram of Proportional Distribution
Principle
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Set the element p,_g_1 represents the active power
transmitted by the generator n via the line 9 to the load A.
The defined power composition matrix of the line is a key
quantitative model derived based on the power flow tracing
method, and its construction process follows the principles
of power conservation and proportional allocation in the
power system. This matrix clearly presents the distribu-
tion relationship of active power transmitted from differ-
ent generators to loads through various lines by integrating
the generator contribution factor matrix and the load ex-
traction factor matrix. The significance of this formula
lies in transforming the complex power flow relationship
of the power grid into a structured matrix form, providing
intuitive and comprehensive input features for subsequent
SVM models, enabling the model to judge the load state of
the transmission section based on specific power allocation
data. It is an important bridge connecting multi-device
state perception data and limiting search results, ensuring
a refined analysis of the power composition of the trans-
mission section.

2.5 Automatic Searching Algorithm of Transmis-
sion Section Limit Based on SVM Optimiza-
tion

Utilizing the line power matrix p constructed in subsection
2.4 as the input sample of the SVM model, the SVM model
determines whether the line power is in the section limit
state based on the recognition result of the power value

The arrows in Fig. 5 indicate the direction of flow of the
line power, and it can be seen that for the node €2, the total
inflow and outflow powers are equal. Set the power flow
through the node €2 on the transmission line x to the line
1y, according to the principle of proportional distribution:

20 10

= 7 1
“0t+40 3 (1)

The power system is abstracted as a directed graph, where
the weights of the edges are reactance values of the lines.
Assuming that the number of generators in the power sys-
tem is M,,, the number of loads is My, the number of by-
passes is My, establish the node-branch correlation matrix
to obtain the matrix I'y of generator contribution factors
to line currents, and the matrix I'y of load draw factors on
line currents, based on the matrix I'y and I'y, the power
composition matrix of all lines in the system can be ob-
tained.

The power composition matrix p of My branches is rep-
resented by Equation (2).

P2—-1—My PM,—-1-1 PM,—1-My
DP2—2— My PM,—2-1 PM,—2—My
. . . (2)
P2—My—My PM,—My—1 PM, —My—M,y

state, thereby facilitating the automatic search of the sec-
tion limit. This process can be completed without manual
analysis. The complete execution process of the algorithm
from power grid topology modeling to extreme state warn-
ing, covering the entire process of data collection, process-
ing, modeling, and optimization decision-making, is shown
in Figure 6.

2.5.1 Automatic Searching of Transmission Section Limit
Based on SVM

Support Vector Machine (SVM) has been extensively used
in power system. SVM is a machine learning algorithm
founded on statistical learning theory. It effectively miti-
gates the ”dimension disaster” and ”over learning” chal-
lenges, demonstrating robust generalization capabilities.
SVM is particularly suitable for addressing the rule ex-
traction problem in samples characterized by volatility, in-
termittency, and high dimensionality. The fundamental
principle of SVM involves categorizing line power matrix
data sets by identifying the optimal division plane (or hy-
perplane) [22].

Given the n dimensional transmission line power sample
set as training samples p,, = (pj, <pj), p; as input the trans-
mission line power vector under multi-device state aware-
ness; ¢; is the output vector, which represents the target
attribute set and the identification result of the limit state
of the transmission section, that is, the result of the auto-
matic limit search.

The nonlinear regression decision function for the au-
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Figure 6. Flow Chart of SVM Optimization Algorithm
for Automatic Search of Transmission Section Limit Under
Multi-device State Perception

tomatic search of the transmission section limits is given
by:

n
Fp0)=>_(8; = Bj) K (pi,pj) + ¢ (3)

j=1
In the formula, K (p;,p;) is the kernel function, which
maps the input line power matrix vector space, to a high-
dimensional eigenvector space. [, f; are Lagrange mul-
tiplier. c is the offset. This function maps the input low
dimensional line power matrix data to a high-dimensional
feature space by introducing a kernel function, thereby
constructing a linear classification hyperplane in the high-
dimensional space and solving the problem of difficult lin-
ear partitioning of transmission section limit states in the
low dimensional space. The physical significance lies in
transforming complex power state data of transmission sec-
tions into quantifiable classification results, capturing the
implicit correlation between power data and limit states

through the nonlinear mapping ability of kernel functions,
providing a mathematical basis for automatic identifica-
tion of transmission section limits, and enabling accurate
judgment of whether the line power is in the limit range
in scenarios with dynamic changes of multiple devices.

Introducing slack variables «, of which « is the upper
limit of the slack variable,« is the lower limit of the re-
laxation variable, and the specific optimization function
is:

ming(p) = llul? + B YT, () + a;)

st j — K(p,p) —c <0+ (4)
K(p,p) +c—p; <0+ a
O[j,(jéj ZO

In the formula, 9 is the fitting accuracy of the results of
the automated search for transmission cross-section limits;
B is the penalization factor; K (p,p) is the kernel func-
tion. The penalty factor is a manually set parameter used
to penalize the misidentified training samples. It regulates
the balance between the interval and accuracy. The larger
the value, the less the model is willing to give up those
outliers, that is, the more important it attaches to the
accuracy of the recognition results of automatic transmis-
sion cross-section limit search; the smaller the value, the
less the model attaches importance to those outliers, that
is, it pays more attention to the size of the interval.

This label was generated using PSCAD/EMTDC offline
simulation, covering four scenarios: normal state (50%),
lower limit range (20%), upper limit range (20%), and
out-of-limit state (10%). It encompasses 200 typical fault
conditions and 100 load fluctuation scenarios. To address
the issue of sample imbalance, the SMOTE algorithm was
used to oversample the minority class samples (out-of-limit
state). Additionally, an adaptive weighted SVM mecha-
nism was employed to assign a 1.5-fold weighting coefficient
to out-of-limit samples, thereby enhancing the model’s sen-
sitivity in identifying extreme states.

The study found that the penalization factor and Band
parameters in the kernel function play a very important
role in the performance of the SVM algorithm. They pri-
marily determine the accuracy and generalization ability
of the SVM. If the random parameter selection method is
adopted, the maximum precision and generalization ability
of the model training are often not achieved, so a param-
eter optimization method is needed.

2.5.2 SVM Parameter Optimization Training Based on
Whale Optimization Algorithm

The WOA is a relatively new metaheuristic swarm intel-
ligence optimization algorithm proposed by Mirjalili and
Lewis in 2016, which mimics the ”spiral bubble net” preda-
tory strategy of humpback whales. In the whale optimiza-
tion algorithm [23], the whale population can be repre-
sented by a set of vectors, and each vector represents the
position of a whale. These positions correspond to the
parameter combination of the SVM in the algorithm.
The WOA algorithm optimization steps are as follows:

(1) Circling the prey



Humpback whales can identify and circle the location
of their prey. Taking the current optimal whale po-
sition (the optimal solution of the current SVM pa-
rameter combination) as the optimal search agent, the
mathematical expression of the position update is:

A=|DZ" (t) - Z (1) (5)
Z(t+1)=2"(t) - EF (6)

In the formula, ¢ is the number of iterations, and is
the number of optimization of SVM parameter com-
bination; £ and D are the coefficients. Z* (t) is the
best whale position vector obtained at present, which
will be updated with the size of fitness in each itera-
tion. The fitness value is set as the error rate of the
transmission line power data identification in the auto-
matic search result of the SVM pair representing the
transmission section limit, hereinafter referred to as
the error rate of the limit automatic search; Z (t) is
the current whale position vector that represents the
combined solution of the current SVM parameters; F'
is the iterative distance for the current whale position
to approximate the current best whale position. The
updated formula for £ and D are:

E =20s; —o (7)

In the formula, o is a random parameter that decreases
linearly from 2 to 0 during the search iterations. s; and
$9 are random numbers with in 0 ~ 1.

Spiral trapping

Humpback whales swam in a contracting circle while
following a spiral path toward prey, modeling this si-
multaneous behavior. It is assumed that there is a
50% probability that a choice can be made between
the constricted circle or spiral model to update the
position of the whale. This process is mathematically
modeled as:

w < 0.5

Z*(t)— EF
w > 0.5 (9)

Z(t+1) = {F’cos(27w) +Z" (t)

In the formula, w is a random number of [0,1]. F’ is
the distance between each whale and current optimal
whale position. In this study, it represents the differ-
ence between the current iterative solution of the SVM
parameter combination and the optimal solution; v is
a random number of [-1,1].

F' =z ()~ Z (1) (10)

When attacking prey, mathematically set close to the
prey, theowill decrease. From Eq. (7), with the o
decreases linearly, E fluctuates within [—o, 0] range;
when E is in the range [-1,1], the next position of the
whale can be any position between its present position
and the prey position, and the algorithm sets that the
FE < 1, when the whale attacks the prey, it approaches
the prey position according to Equation (10).

3)

Searching for prey

When searching for prey, based on E to determine
whether to select SVM parameter combination to solve
the random search mechanism. When F > 1, the
search model used are:

F=|DZ (t) - Z(t) (11)
Z({t+1)=Z.(t)— EF (12)

In the formula, Z, (t) is the randomly selected whale
position vector, and is the randomly selected SVM pa-
rameter combination solution. When E > 1, a search
agent is randomly selected to update the position of
other whales with the randomly selected whale posi-
tion vector, force the whales to deviate from their prey,
and search for more suitable prey, thereby enhancing
the global search ability of the algorithm to optimize
the combination of SVM parameters.

The final obtained whale position vector Z* is the op-
timized combination of SVM parameters. In this pa-
per, WOA algorithm is used to optimize the setting
of learning parameter penalty coefficient and sum pa-
rameter in SVM.

In summary, the optimization steps of support vector
machine parameters based on the whale optimization al-
gorithm are as follows:

(1)

Initialization

Establish the parameters for the whale optimization
algorithm, including the determination of the num-
ber of whales (also referred to as population size,
which represents the quantity of candidate solutions
for SVM parameter combinations), the initial position
of each whale (search initiation point), and the max-
imum number of iterations (the quantity of iterations
required to identify the optimal solution for SVM pa-
rameter combinations within the search space).
Adaptation assessment

For each whale individual (that is, a set of candidate
solutions of SVM parameters), the SVM model is used
to train the power data of the transmission line, and
its limit automatic search error rate is evaluated. This
performance will be used as the fitness value of the
whale individual.

Updating whale locations

In accordance with the search mechanism of whale op-
timization algorithm, the positions of whale individu-
als are updated, thereby updating the combined value
of SVM parameters. During each iteration, the opti-
mal solution within the current population (i.e. the
whale individual with the minimum fitness value) and
its corresponding SVM parameters are recorded.
Obtaining the optimal parameters

In each iteration, the optimal solution in the current
population (that is, the whale individual with the min-
imum error rate of the automatic search limit) and
its corresponding SVM combination parameters are
recorded. Finally, the automatic search the result of
transmission section limit is output from equation (3),
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that is, whether the power of transmission line be-
longs to the automatic search the result of section limit
power.

3. Experimental Analysis

3.1 Experimental Design

In the experiment, the algorithm is used in the power grid
monitoring system based on the PMU to search for the
transmission section limit. The system structure is shown
in Figure 7.

As shown in Figure 7, the monitoring master station can
accurately receive and forward the measurement data from
the PMU, use different databases to realize the periodic
storage of data, and exchange data with other systems.
The IEEE14 bus system is selected to verify the proposed
method, and Matpower is used for the power flow calcu-
lation. The key transmission section of the transmission
section is automatically calculated according to the algo-
rithm proposed in this study. Figure 8 shows the IEEE
14 node system architecture. The generator nodes in the
IEEE 14 node system are Node 1 and Node 2, and the
other nodes are load nodes.

The dataset covers multi-scenario operation data of
IEEE 14 nodes, including continuous high-frequency mon-
itoring data for 168 hours (7 days), with a total sample
size of 172800 groups (30 times/second x 3600 seconds x
168 hours), covering 30 typical load fluctuation conditions,
25 new energy output fluctuation scenarios, and 15 equip-
ment fault simulation states. The proportion of extreme
state samples has increased to 20%.
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Figure 8. IEEE 14 Node System Architecture

3.2 Validation of the Effectiveness of Multi-
devices State Awareness

3.2.1 Steady-state Output Performance Verification

When the PMU device used in this algorithm senses the
status data of multiple devices, steady-state output per-
formance is tested. The accuracy performance indicators
of the AC voltage amplitude and frequency output of the



PMU device are tested using the three-phase AC power
standard. The main technical indicators that the PMU
device can reach: AC signal amplitude accuracy is not
more than + 0 5V; The frequency accuracy shall not be
greater than 4+ 0.001 Hz. See Table 1 and Table 2 for the
test results.

Table 1
Steady State Output Effect of Voltage Amplitude
Measurement Output Actual  measure-
line Value /V ment value /V
2-3 95 94.9
4-5 95 94.9
7-8 98 97.9
9-10 69 69
10-11 97 96.9
6-11 93 92.9
13-14 86 85.9
Table 2
Frequency Steady-state Output Effect
Measurement QOutput Actual  measure-
line Value / Hz ment value / Hz
2-3 46 46.001
4-5 51 51.001
7-8 56 56.001
9-10 58 58.001
10-11 61 61.001
6-11 63 63.001
13-14 70 70.001

As shown in Table 1 and Table 2, the measurement de-
viation values of the AC voltage amplitude and frequency
output by the PMU device used in this algorithm are only
-0.1V, +0.001 Hz. The performance of the PMU device is
in line with expectations and can be used for multi device
status perception.

3.2.2  Dynamic Output Performance Validation

For the dynamic output performance test when the PMU
device senses the status data of multiple devices, use a
high-speed signal acquisition analyzer to record and evalu-
ate the output response process as the output amplitude of
the PMU tester undergoes stepwise changes. Subsequently,
employ the high-speed signal acquisition analyzer in con-
junction with RecordPlayer analytic software to record the
test results.

Add a sudden load signal to the three-phase voltage cir-
cuit in which the PMU device is located, and conduct test-
ing with the primary voltage step state. The step transi-
tion waveform is shown in Figure 9.

As shown in Figure 9, when the load in the power system
suddenly increases, the stability of the system may be af-
fected if the power generation and transmission capacity of
the system remain constant. In this case, the voltage may
decrease owing to the sudden increase in load, because the
generator needs to provide more power to meet the new
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Figure 9. Dynamic Output Performance Detection Effect

load demand, which may lead to a voltage drop. In this
algorithm, the deviation between the measurement results
of the PMU and the actual results is very small, and the
dynamic output performance test results are ideal.

3.3 Validation of the Effectiveness of Multi-
devices State Awareness

Using the power flow tracking method described in Sub-
section 2.4, the active power flowing to the load point from
generators 11 and n2 through the transmission line is cal-
culated. The results are shown in Table 3.

Table 3
The Active Power of the Generator Flowing Through the
Transmission Line to the Load Point

Line Coding 7l 72
Route 1-2 2.63 0
Route 1-5 4.89 0
Route 2-3 0 0
Route 2-4 0 0
Route 2-5 2.2 0.54

Due to the limitation of space, only the power compo-
sition of some lines is shown in the paper. Taking node
5 as an example, the active power required by the load
at this node is all provided by the generator nl1 and 72,
as can be seen from Figure 8, the generator nl and 72
provide the active power to node 5, which eventually all
flows through lines 1-5 and 2-5, it is obtained from Table
1 that the power provided by the generator 1 for node 5
is 4.89MW + 2.2MW = 7.09MW, the power provided for
node 5 by the generator 12 is 0.54 MW, and the sum of the
two is equal to the load of node 5 of 7.63 MW. Therefore,
the power composition matrix of the line can accurately
reflect the power flow results of the system line.

3.4 SVM Parameter Optimization Performance
Verification

After training the SVM parameters using the whale op-
timization algorithm, the parameters are optimized. The
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Parameters

target accuracy rate is set to 98%, and the maximum num-
ber of iterations is set to 20. To visualize the optimization
process of the SVM parameters, the iteration process of
training the SVM parameters using the whale optimiza-
tion algorithm is shown in Figure 10. The blue dots in
Figure 9 represent the distribution of labeled samples in
the training set, and the unit of the error coefficient on the
right is %.

Figure 10 (a) shows that before the algorithm in this
study uses the whale optimization algorithm to train SVM
parameters, Figure 9 (b) shows the error distribution after
10 iterations of training SVM parameters, and Figure 9 (c)
shows the error distribution after 20 iterations of training
SVM parameters, as shown in Figure 10, where the whale
optimization algorithm is used to train the SVM param-
eters, and the error of the SVM’s automatic search for
transmission section limits can be further reduced to the
minimum value of 0.1% after 20 iterations, and the test
accuracy of the model is also improved.

3.5 Performance Validation of Automatic Trans-
mission Section Limit Search

The comprehensive safety and stability limit power of the
transmission section refers to the maximum power that can
be transmitted by the transmission section under the con-
dition of satisfying safe and stable operation of the power
grid. Temporary power trading leads to sudden changes in
the transmission power of the transmission section. When
the power involved in a transaction is large, it may exceed
the safety and stability limits of the transmission section.
Set the transmission scenario as shown in Figure 11. The
minimum and maximum limit power of the transmission
section are 18 MW and 40 MW, respectively. Temporary
power transactions occur between 8.9 h and 9.1 h, result-
ing in the limit power of the transmission section exceed-
ing the maximum value of 40 MW. At this time, an ef-
fective algorithm is required to automatically search and
mark the power segments that exceed the limit and send
an early warning. In this scenario, the algorithm in this
study automatically searches for the result tag, and the
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limit alarm alert results sent by the power grid monitoring
system based on PMU are shown in Figure 11 and Table
4.
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Figure 11. Automatic Search Conditions and Labeling Re-
sults for Transmission Section Limit

Table 4
Limit Alarm Reminder Results Issued by PMU-based
Power Grid Monitoring System

Time/h  Alarm reminder content

8.1 No advance warning reminder
8.3 No advance warning reminder
8.5 No advance warning reminder
8.7 No advance warning reminder
8.9 Extreme power exceeding maximum warning
9.1 Extreme power exceeding maximum warning
9.3 No advance warning reminder
9.5 No advance warning reminder
9.7 No advance warning reminder
9.9 No advance warning reminder

As shown in Figure 11 and Table 4, under the condition
of automatic search of transmission section limit, after the
algorithm in this paper automatically searches the section
limit power, the power in the marked limit section 1 and
limit section 2 interval meets ”the minimum and maxi-
mum limit power of transmission section are 18 MW and



Table 5

Verification Results for Different Grid Scales and Typical Regional Scenarios

Number of Scenario Type Deviation rate Extreme search Recognition = Warning re-
nodes of line parame- error /% accuracy /%  sponse time
ters /% /ms
Conventional plain power grid 2 0.15 99.0 29.1
100 High humidity coastal power grid 5 0.17 98.6 33.2
High altitude inland power grid 8 0.19 98.4 35.5
Conventional plain power grid 0 0.17 98.8 29.7
200 High humidity coastal power grid 5 0.19 98.4 33.8
High altitude inland power grid 8 0.21 98.2 36.2
Conventional plain power grid 0 0.19 98.5 30.5
500 High humidity coastal power grid 5 0.22 98.1 34.5
High altitude inland power grid 8 0.24 97.9 37.0

40 MW respectively, and temporary power transaction oc-
curs between 8.9h and 9.1h, resulting in the limit power of
transmission section exceeding the maximum value of 40
MW?” this actual situation, and after using the algorithm
in this paper, the PMU based power grid monitoring sys-
tem sends out the limit alarm reminder results show that
8.9h and 9.1h have extreme power exceeding the maximum
warning, and there is no alarm reminder in other periods.
This alarm reminder result is consistent with the objec-
tive reality, and this alarm reminder result is consistent
with the actual situation. There is no need to manually
review the data to send an early warning, which verifies
the effectiveness and accuracy of this algorithm.

Select 100-node, 200-node, and 500-node systems, cov-
ering three typical regional scenarios: conventional plain
power grids, high-humidity coastal power grids, and high-
altitude inland power grids, to verify the adaptability and
stability of the proposed algorithm in different power grid
scales and complex geographical environments. The results
are shown in Table 5.

Analyzing Table 5, as the number of grid nodes increases
from 100 to 500, the maximum search error for conven-
tional plain grids increases from 0.15% to 0.19%, the iden-
tification accuracy rate decreases from 99.0% to 98.5%,
and the warning response time extends from 29.1ms to
30.5ms. This indicates that the expansion of grid scale
has a minor impact on algorithm accuracy and efficiency,
but overall performance remains at a high level. In typical
regional scenarios, under the same node scale, the max-
imum search error of high-humidity coastal power grids
(parameter deviation of 5%) increased by an average of
0.02-0.03% compared to conventional plain power grids,
the recognition accuracy decreased by 0.4-0.5%, and the
warning response time increased by 3.5-4.0 ms; In high-
altitude inland power grids (parameter deviation of 8%),
performance changes are more significant, with the max-
imum search error increasing by 0.04-0.05% compared to
conventional scenarios, recognition accuracy decreasing by
0.6-0.8%, and warning response time increasing by 6.4-6.5
ms. This indicates that the higher the line parameter de-
viation rate, the greater the impact on algorithm perfor-
mance. Despite these changes, the extreme search error
in all scenarios is controlled within 0.24%, the recognition
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accuracy remains above 97.9%, and the warning response
time does not exceed 37 ms, meeting engineering practical
requirements. The proposed algorithm has been validated
for its adaptability across different grid scales and typical
regional scenarios. Even in environments with significant
parameter deviations, such as high humidity and high al-
titude, it maintains high extreme search accuracy and fast
response speeds, providing reliable technical support for
the safe and stable operation of power grids in complex
geographical environments.

By conducting a quantitative analysis of the projection
errors of different dimension reduction methods, this study
verifies the optimal dimension reduction scheme applicable
to the extreme search scenario of transmission line cross-
sections. It clarifies the performance differences between
t-SNE manifold learning and PCA in terms of preserving
high-dimensional data features and controlling projection
errors, and evaluates the extent to which the dimension
reduction process affects the width of the extreme interval
of transmission line cross-sections. The results are shown
in Table 6.

Table 6
Dimension Reduction Methods and Projection Error
Analysis Results

Dimension reduction T-SNE man- PCA
method ifold learning

KL divergence error 0.018 0.035
Average projection error 2.1 4.3
/%

Maximum interval width 3.2 5.7
increase /%

Adjusted interval error /% 0.8 2.3

Analyzing Table 6, when using the t-SNE manifold
learning method for dimensionality reduction, the high-
dimensional stable domain projection process can cause
the width of the limit interval to increase by up to 3.2%.
By introducing a correction factor (k=0.97) to compensate
for the projection results, the error in the limit interval can
be controlled within 1%, having a minimal impact on the
accuracy of the limit search for transmission cross-sections.
In contrast, the projection error of the PCA method has a



greater impact on the width of the limit interval, with an
error of 2.3% remaining even after correction, thereby vali-
dating the applicability and superiority of t-SNE manifold
learning in this study.

4. Conclusion

The research and analysis of the transmission section limits
can provide a comprehensive understanding of power grid
operational characteristics and potential risks, thereby en-
suring the safe and stable operation of the power grid. Fur-
thermore, the study of transmission sections is essential for
online rapid security analysis of large power grids, which is
crucial for enhancing the safe operation and accident pre-
vention capabilities of power grids. This paper proposes
an SVM optimization algorithm for automatic searching of
transmission section limit based on multi-equipment state
perception. After optimizing the SVM parameters through
WOA, the automatic search error for the transmission sec-
tion limit can be reduced to 0.1%. In different scale power
grids such as 100 nodes, 200 nodes, and 500 nodes, as well
as typical regional scenarios such as conventional plains,
high humidity coastal areas, and high-altitude inland ar-
eas, the extreme search error is controlled within 0.24%,
the recognition accuracy remains above 97.9%, and the
warning response time does not exceed 37ms. When t-
SNE manifold learning is used for dimensionality reduc-
tion, the average projection error is only 2.1%, and after
correction, the limit interval error can be controlled within
1%, which is significantly better than PCA method; In the
temporary power trading scenario, the algorithm can ac-
curately mark the out of limit interval of the maximum
transmission section power exceeding 40MW during the
8.9h-9.1h period. The PMU-based power grid monitor-
ing system accurately issues out-of-limit warnings during
this period, and there are no false alarms during other pe-
riods, fully verifying the effectiveness of the algorithm in
dynamic adaptability, quantitative accuracy, and engineer-
ing practicality, providing reliable technical support for the
safe and stable operation of the power grid. The applica-
tion of this algorithm also reflects the development trend
of smart grid technology, specifically the utilization of ad-
vanced algorithms and monitoring technologies to enhance
the intelligence and security of the grid. In the future, with
the continuous progress of technology and the continuous
optimization of algorithms, it is believed that the security
and stability of the power grid will be further improved.
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