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A B S T R A C T

The short-circuit capacity (SCC) of electrified railways extends beyond power supply and voltage stability, 
encompassing traffic organization, relay protection, and fault diagnosis. However, due to the dual fluctuations of 
source and loads, it is difficult to establish Thevenin equivalent model (TEM) and calculate the SCC at feeders of 
traction power supply system (TPSS). This paper proposes a statistical filtering-based least square method to 
identify SCC. Two statistical filtering rules are described to improve the consistence between voltage and power 
variations. The data that satisfy two rules are obtained by power threshold and box plots. It can reduce the error 
of TEM caused by source-side fluctuations and low voltage-power variation consistency. Preliminary results are 
obtained by the least square regression and evaluated by the fitting quality. The result with poor fitting quality is 
modified by probability distribution of historical results. Considering the loose thresholds, Kalman filter is 
introduced to reduce the error caused by obvious outliers. Finally, the proposed algorithm is validated by 
simulations and field test evaluated by Jensen-Shannon divergence. The SCC is roughly same as the actual value 
with an improvement of 15.76% compared to conventional methods. Besides, the sensitivity analysis shows the 
great generalization performance of the proposed methods.

1. Introduction

The development of power system with the aim of transitioning to
wards low-carbon energy sources is promoted by the government in 
recent years. Microgrids in power system, especially renewable energy 
sources, have garnered widespread attention [1–4]. The operation of 
power systems featuring a substantial integration of renewable energy 
encounters notable challenges arising from factors, such as diminished 
impedance, reduced inertia, and limited support capacity. Furthermore, 
the presence of electrified railways, distinguished by high power de
mand, pronounced impact, and fluctuations, significantly affects power 
system in regions abundant in renewable energy yet possessing rela
tively weak support capacity. To address fluctuations occurring on both 
the source and load sides of electrified railways, it is imperative to 
conduct analyses of grid robustness at feeder levels and to ensure secure 
operation within the designated power supply capacity.

Grid strength, serving as a metric for assessing the interaction be
tween the power system and its connecting infrastructure, is defined as 

the ratio of short-circuit capacity (SCC) at the bus to the equipment 
capacity [5–7]. Due to the exceedance of loads, several cases, such as, 
voltage drop, traction blockage of trains, and transformer overload, 
show negative impacts on train operation. This is mainly attributed to 
the low SCC, which makes it difficult to supply the load. Quantitative 
descriptions of the load support capacity through SCC are essential for 
design, maintenance, and renovation of electrified railways [8,9].

Thevenin equivalent model (TEM) is a typical method to identify 
SCC. It has been widely applied in scenarios, such as, wind power 
integration [10], relay protection, and voltage stability analysis [11,12]. 
Current theories can be classified into two groups: network analytical 
and local measurement-based theories. The former one requires infor
mation of the grid architecture or the power flow data at each node. TEM 
is built by solving the entire network or inverting the admittance matrix 
[13,14]. These methods are mostly used by grid dispatch centers. 
However, it is difficult to obtain the detailed network information for 
railway departments. This makes it impossible to obtain SCC via the 
network analytical theory in traction power supply system (TPSS).
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To solve the problem of SCC identification, the local measurement- 
based theory only requires information from local nodes, including 
voltage, current, power, etc., which is more suitable for TPSS. Based on 
this, there are three general methods: two-section method (TSM), 
multiple-section method (MSM) and single-section method (SSM). TSM 
is a fundamental method for identifying SCC, but the accuracy is low due 
to dual fluctuations of source and loads. Further, MSM is introduced to 
mitigate parameter drift and reduce measurement and process errors. 
Most scholars have studied TEM based on the least square method (LSM) 
[15–18]. To reduce the error of phase changes, an improved approach 
for online voltage stability analysis is proposed [19]. Besides, the 
graphical method (GM) is applied to reduce the impact caused by fluc
tuations in source-side, but it has poor robustness [20–22]. In general, 
MSM requires the assumption of minimal fluctuations on the source-side 
and appropriate fluctuations on the load-side. It is difficult to apply them 
in electrified railways. Although some existing schemes can capture 
voltage fluctuations using supervised or unsupervised learning ap
proaches [23–25], such algorithms demand high computational power, 
which current electrified railway systems are unable to meet. To address 
the issue, SSM is proposed using the sensitivity analysis or complete 
differential equations [26,27]. However, it relies on initial values 
heavily, which are hard to obtain. Moreover, it has significant time cost 
and computational complexity.

Nowadays, statistic-based approaches are explored to solve the 
aforementioned problems by selecting data [28,29]. Traditional 
methods typically assume “source-side stability.” However, TPSSs, 
characterized by intense fluctuations on both the “source” (upstream 
grid) and “load” (train loads) sides, represent an extreme scenario where 
traditional methods are prone to large identification errors and insuffi
cient usable data. To solve problems of all above methods, a statistical 
filtering-based least square (SFLS) algorithm is proposed to obtain the 
TEM and SCC. Main contributions are summarized as follows:

(1) A statistical filtering mechanism oriented towards “dual-side 
fluctuations” is proposed. Utilizing two statistical criteria and the box 
plot tool, it quantitatively screens data exhibiting consistent voltage- 
power changes, effectively distinguishing benign fluctuations domi
nated by load changes from adverse fluctuations caused by source-side 
disturbances. This lays the foundation for adapting traditional 
methods to special operating conditions.

(2) A result correction strategy for poor data conditions is con
structed. By introducing a real-time correction mechanism based on 
historical probability distribution, a lightweight solution enhances al
gorithm robustness, ensures continuous result output, and improves 
engineering practicality.

(3) An integrated framework of “statistical filtering + least squares 
identification + dynamic probability correction” is formed. This not 
only improves identification accuracy and stability but also provides a 
new approach for parameter identification in similar volatile systems.

The rest of this paper is organized as follows. Section 2 studies 
electrical characteristics of TPSS and the framework of proposed algo
rithm. Section 3 illustrates the details of SFLS for identifying SCC. On 
this basis, the applicability of proposed method is validated by simulated 
cases and field test in Section 4. Conclusions are drawn in Section 5.

2. Characteristics analysis and TEM framework

2.1. Thevenin equivalence model for TPSS

The schematic of TPSS is shown in Fig. 1(a). It can be regarded as a 
two-node system with an equivalent source Eeq and its corresponding 
impedance Zeq. UTPSS, ITPSS, PTPSS and QTPSS are the voltage, current, 
active power and reactive power at the feeder, respectively. The 
equivalent circuit is depicted in Fig. 1(b) with respect to the feeder. The 
SCC, denoted as Seq, can be calculated by 

Seq =
⃦
⃦Eeq

⃦
⃦2

2/
⃦
⃦Zeq

⃦
⃦

2 (1) 

where ‖⋅‖2 is 2-norm. The system model can be written as 

Eeq = UTPSS +ZeqITPSS (2) 

Assumption I: For TSM, the parameters in TEM are constant in two 
adjacent sampling periods, written as 
⎧
⎨

⎩

E(k)
eq = E(k+1)

eq

Z(k)
eq = Z(k+1)

eq

(3) 

where k and k + 1 represent two adjacent sampling times. TEM can be 
written as 
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

Z(k)
eq = −

U(k+1)
TPSS − U(k)

TPSS

I(k+1)
TPSS − I(k)TPSS

E(k)
eq =

U(k)
TPSSI

(k+1)
TPSS − U(k+1)

TPSS I(k)TPSS

I(k+1)
TPSS − I(k)TPSS

(4) 

Since Assumption I cannot be satisfied in most scenarios, the real 
characteristic cannot be identified accurately by TSM. Samples with 
appropriate disturbance need to be selected to reduce the error in 
practical application. Otherwise, there will be following scenarios where 
TEM of source cannot be identified accurately.

Scenario I: If there is large disturbance on the load power, Assumption 
I is not valid due to the change of TEM parameters.

Scenario II: If there is almost no disturbance on the load power, (4) 
will approach the form of 0/0, resulting in the parameter drift issue.

Scenario III: If there is no disturbance on the load side and only 
disturbance occurs in the source side, the value of Zeq equals to the load 
impedance.

2.2. Characteristic analysis and algorithm framework

To solve the above problem, characteristics of TPSS are analyzed and 
the SFLS algorithm is proposed for TEM and SCC identification. Elec
trical characteristics of a Substation in XS Railway under on-load and no- 
load conditions are shown in Figs. 2 and 3, respectively. Under on-load 
conditions, power fluctuates frequently within (1.82, 13.95) MVA, and 
voltage fluctuates within (27.12, 29.28) kV. The correlation coefficient 
of − 0.8845 between their variations indicates that it is suitable to 
identify TEM parameters. However, the load power of no-load condi
tions is too small to induce voltage fluctuations with a correlation of 
− 0.0161. They are greatly affected by external disturbances. At around 
6:24 in Fig. 3(a), although the traction load power was relatively low, a 
significant voltage variation occurred, primarily due to substantial 
fluctuations on the power supply side. To improve the robustness of 
algorithm in such cases, a statistical filtering method is adopted.

To improve the accuracy and scenario compatibility of LSM for TEM, 
the SFLS algorithm framework is proposed by integrating statistical 

Fig. 1. Schematic and TEM circuit of TPSS.
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filtering processes and dynamic correction mechanisms, depicted in 
Fig. 4. To mitigate rounding errors, the field data is normalized in the 
first stage. Then the critical challenge in TEM identification, the 

parameter drift issue caused by inconsistent power-voltage variations, is 
addressed through two statistical rules. The load power threshold and 
the box plot are adopted for eliminating outliers with poor correlation 
between power and voltage variations. For certain time intervals with 
absence or limited availability of data, the obtained TEM through the 
LSM is assessed using the fitting quality (R2). Results with low R2 are 
corrected by probability distribution of historical results. Due to the 
threshold setting and actual scenarios where identified parameters 
fluctuate frequently, Kalman Filter (KF) is incorporated to smooth 
transient fluctuations in identified TEM parameters. The similarity be
tween results and reference values is evaluated by Jensen-Shannon 
divergence (JSD).

3. Statistical filtering-based least square algorithm

3.1. Improved LSM based on box plots

The equivalent circuit of TPSS is shown in Fig. 5(a). Esys and Zsys are 
the equivalent voltage and system impedance of remote power system 
respectively. Isys is the total load current. Zc denotes the equivalent load 
impedance of the upstream and adjacent nodes that affect UTPSS. Ic is the 
corresponding load current. ZTPSS is the local load impedance. The TEM 
is shown in Fig. 5(b). Since Esys and Zsys are usually adjusted by grid 

Fig. 2. Electrical characteristics at feeders under on-load conditions.

Fig. 3. Electrical characteristics at feeders under no-load conditions.

Fig. 4. Algorithm framework of proposed SFLS.
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dispatch centers, they are fixed within several adjacent samples. Eeq and 
Zeq are mainly influenced by Zc, shown as 
{

Zeq =
(
ZsysZc

)
/
(
Zsys + Zc

)

Eeq =
(
EsysZc

)
/
(
Zsys + Zc

) (5) 

Due to the randomness of Zc, the solving equation considering fluc
tuations of source side is shown as 
⎧
⎨

⎩

E(k)
eq = Z(k)

eq I(k)TPSS + U(k)
TPSS

E(k+1)
eq = Z(k+1)

eq I(k+1)
TPSS + U(k+1)

TPSS

(6) 

where 
⎧
⎨

⎩

E(k+1)
eq = E(k)

eq + ΔE(k)
eq

Z(k+1)
eq = Z(k)

eq + ΔZ(k)
eq 

where Δx represents the variation of x. x can be Eeq, Zeq, UTPSS or ITPSS.
According to (6), Z(k+1)

eq is obtained as 

Z(k+1)
eq = −

U(k+1)
TPSS − U(k)

TPSS

I(k+1)
TPSS − I(k)TPSS

+
ΔE(k)

eq − I(k)TPSSΔZ(k)
eq

I(k+1)
TPSS − I(k)TPSS

(7) 

Since relative variation ratios of Eeq and Zeq are almost same, the product 
of I(k)TPSS and ΔZ(k)

eq is 

I(k)TPSSΔZ(k)
eq =

Z(k)
eq

Z(k)
TPSS + Z(k)

eq
ΔE(k)

eq (8) 

Z(k)
TPSS is much larger than Z(k)

eq in actual TPSS, thus (8) equals to zero. 
Z(k+1)

eq can be rewritten as 

Z(k+1)
eq ≈

ΔE(k)
eq −

(
U(k+1)

TPSS − U(k)
TPSS
)

I(k+1)
TPSS − I(k)TPSS

(9) 

Two rules of statistical filtering need to be satisfied for minimizing 
influence of ΔE(k)

eq .
Rule I: The change in power is large to avoid a 0/0 situation.
Rule II: The consistency between voltage and power variations is 

great, e.g., small power fluctuations with small voltage fluctuations and 
vice versa.

According to the analysis in Section 2.2, a power threshold λ is 
defined to select samples which satisfies 

STPSS > λ (10) 

This guarantees the selected data can reduce errors caused by other 
disturbance. Furthermore, the box plot is adopted to eliminate data for 
satisfying Rule II. A ratio of variations δk is defined as 

δk =

⃦
⃦
⃦
⃦
⃦

S(k)
TPSSΔU(k)

TPSS

U(k)
TPSSΔS(k)

TPSS

⃦
⃦
⃦
⃦
⃦

2

(11) 

As shown in Fig. A1 of Appendix A, the box plot measures the data 
dispersion and variability by constructing quartiles. Samples are divided 
into four intervals. The interquartile spacing IQR is used to distinguish 
outliers, defined as 

IQR = Q3 − Q1 (12) 

where Q1 is the upper quartile, Q3 the lower quartile, σ the standard 
deviation. The available data is defined as 

Q1 − 1.5IQR⩽δk⩽Q3 +1.5IQR (13) 

After the statistical filtering, samples that satisfy Rule I and Rule II are 
obtained. The objective function of TEM is constructed as 

minf
(
Zeq, Eeq

)
=
∑m

k=1

(
Eeq − ZeqI(k)TPSS − U(k)

TPSS
)2 (14) 

where m is the total number of post-filtered samples. The solution is 
[
Eeq − Zeq

]T
=
(
XTX

)− 1XTY (15) 

where 
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

Xm×2 =

[
1 1 ⋯ 1
I1
TPSS I2

TPSS ⋯ Im
TPSS

]T

Ym×1 =
[
U1

TPSS U2
TPSS ⋯ Um

TPSS

]T 

The robustness is poor if there is a significant change of Eeq and Zeq 
caused by the dispatch center in a time window. To avoid this condition, 
R2 is used to evaluate the credibility of regression results, defined as 

R2 = 1 −

∑m
k=1(U

(k)
TPSS − Û

(k)
TPSS)

2

∑m
k=1(U

(k)
TPSS − U(k)

TPSS)
2 (16) 

where “^” and “-” stand for estimated and average values. If R2 < ε, pre- 
modified results need to be corrected using the probability distribution 
of historical parameters. Real-time data correction has been widely 
applied in multiple problem-solving scenarios, which is vital for 
improving the performance of algorithms [30].

3.2. SFLS with Kalman filter

To improve the accuracy further, KF is applied in this paper to 
smooth the obtained data from the above subsection. The state variable 
x represents Eeq, Zeq, and Seq. KF consists of two steps, “Prediction” and 
“Correction” [31,32].

Prediction: The current state ̃xk and the priori error covariance ̃pk are 
obtained as 
⎧
⎨

⎩

x̃k = axk− 1 + ek
p̃k = apk− 1a + q (17) 

where a is the state transfer coefficient, ek the prediction error, and q is 
the covariance of process errors.

Correction: The Kalman gain gk, the optimal estimation value xk, and 
the posteriori estimation covariance pk are obtained as 
⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

gk = p̃kh/
(

hp̃kh + r
)

xk = x̃k + gk

(

zk − hx̃k

)

pk = (1 − gkh)p̃k

(18) 

Fig. 5. Equivalent circuits of TPSS and TEM.
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where zk is the observation value, r the average observation error, and h 
is the elastic coefficient.

3.3. The proposed algorithm procedure

The procedure of the proposed SFLS (shown in Fig. 6) can be sum
marized as:

Step 1: Apply standardization to reduce the rounding error.
Step 2: Select data satisfy Rule I and Rule II to reduce the error caused 

by parameter drift and low consistency.
Step 3: Apply the least square regression to identify TEM parameters 

and SCC using the post-filtered data.
Step 4: Calculate R2 and compare it with ε to reduce the error caused 

by the parameter mutation in a time window. If R2 > ε, repeat Step 2 for 
the next time window until all time windows are finished. If R2 < ε, 
modify TEM and SCC by the probability distribution.

Step 5: Adopt KF to smooth identified TEM parameters and SCC.
This paper employs second-level data granularity for SCC identifi

cation, a choice balanced among the algorithm’s principle, data analysis 
needs, and engineering feasibility. The Thevenin equivalent-based al
gorithm focuses on steady-state voltage fluctuations, requiring no 
millisecond-level transient data. Second-level data sufficiently captures 
sustained power changes (e.g., train traction) while filtering high- 
frequency noise; minute-level data lacks the resolution for detailed 
fluctuation analysis, whereas millisecond-level data imposes excessive 
storage and computational burdens. Furthermore, second-level data is a 
standard output of existing railway monitoring systems, facilitating 
practical engineering application and ensuring a balance between ac
curacy, efficiency, and feasibility.

3.4. Performance evaluation method

Considering the random nature of SCC in real TPSS scenarios, it is 

typically treated as a statistical value over a period. To assess the per
formance of various approaches, an index is introduced to quantify the 
similarity between random variables. Generally, JSD is used to measure 
the distance of two probability distributions [33,34]. For two proba
bility distributions (α, β) of a discrete random variable ξ, the JSD of α and 
β is defined as 
⎧
⎪⎨

⎪⎩

JSD = 0.5

(
∑

k

(

α(k)log
(

α(k)
τ(k)

)

+ β(k)log
(

β(k)
τ(k)

)))

τ(k) = 0.5(α(k) + β(k) )

(19) 

The closer its value is to 0, the more similar the two probability distri
butions are.

4. Case study

Simulation and experimental data are used to verify the effectiveness 
of the proposed SFLS. Experimental data is obtained from a substation in 
Railway XS. To strengthen the availability and reduce the preliminary 
error caused by the asynchronous data, the data analysis equipment 
adopts EMAP electrical comprehensive test software and HS4 data 
acquisition device with 4 sampling channels. The sampling rate is 20 
kSps, the sampling accuracy is 0.0015 %, and the signal–noise ratio is 
96 dB. The equipment installed in the Railway XS is shown in Fig. 7. 
Parameter settings of the proposed algorithm are shown in Table 1. The 
variations in magnitude and phase angle represent stochastic changes or 
fluctuations in the upstream grid of actual TPSS. Simulated parameters 
are set within following constraints: Eeq∈(25.00, 30.00) kV, Zeq∈(0.02 +
j1.95, 0.20 + j6.80) Ω. The thresholds are set as: λ = 0.02 per unit (p.u.), 
ε = 0.8.

4.1. Simulated case

In this section, two cases considering the dual fluctuations of source- 
load side are established. Base values of voltage, impedance and power 
are 27.5 kV, 27.5 Ω and 27.5 MVA, respectively. The per unit values of 
Eeq and Zeq are shown in Table 1. The power applied in simulations is 
actual load power of TPSS.

Numerical mutation is applied to simulate changes of TEM. Noise 
generated by random distribution is utilized to simulate external inter
ference. To demonstrate the robustness, Case I represents the scenario 
with adverse noise. The amplitude noise of Eeq and Zeq is (− 0.01, 0.01) p. 
u., and the phase angle noise of them is (− 1, 1) degree. Case II is a 
common noise scenario in TPSS. The noise is (− 0.001, 0.001) p.u. for 
amplitude. Since the identification error is proportional to the 

U, I, P, Q

Eeq Zeq Seq

Fig. 6. The algorithm procedure diagram of SFLS. Fig. 7. Equipment installed in the Railway XS.
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interference, the subsequent analysis is presented based on Case I to 
show the performance of proposed SFLS in the scenario with adverse 
noise.

The simulated data of a time window is shown in Fig. 8(a). The time 
window is set as 10 min. The relationships of ΔUTPSS and ΔSTPSS with the 
ratio concentrated on the range of (0.26, 10.78) are depicted in Figs. 8 
(b) and 8(c), respectively. Anomalies occur at 17:04:21 with a value of 
117.65 due to significant changes in STPSS and reverse changes in Eeq. 
After filtering by box plot, remained data are shown in Fig. 8(d) where it 
accounts for 90.5 %. Further, with the least square regression, we can 
obtain: Eeq = 0.9960p.u., Zeq = 0.2393p.u., Seq = 4.1455p.u., R2 =

0.9787. From the results, it shows Step 3 can identify the real charac
teristics of power system. However, R2 is low in the scenario contains 
mutation of TEM parameters. Step 4 is used to modify these results. Fig. 9 
(a) illustrates the variation of R2 throughout the entire duration 17:00 ~ 
00:00. It can be seen that in some periods, such as around 19:20, R2 

reaches a lower value. When t = 19:13:16, R2 is approximately 0.7991. 
Probability distributions of Eeq, Zeq, Seq are shown in Fig. 9(b). Then, 
identified parameters are modified as: Eeq = 0.9999p.u., Zeq = 0.1883p. 
u., Seq = 5.2101p.u.

Fig. 10 illustrates the results with and without KF. The mutation of 
identified parameters is unreasonable obviously. The magnitude of 
mutation is reduced with KF, which is appliable for improving the 
robustness of SFLS. Taking the transition period from 19:10 to 19:20 as 
an example, the extreme deviation of Seq is 2.75 and the coefficient of 
variation is 0.21 after adopting KF. The stability is improved compared 
to the original result (3.20, 0.33) without KF. Fig. 11 shows the TEM 
parameters obtained from SFLS. JSD and average relative error of 
several algorithms are depicted in Tables 2 and 3, respectively. Due to 
the assumption of fixed TEM and parameter drift, traditional TSM and 
GM have larger errors. LSM is also inaccurate because it contains points 
with low consistence of ΔUTPSS and ΔSTPSS and mutations of Eeq and Zeq. 
The SFLS achieves a 9.43 % improvement in accuracy compared with 
LSM. The improvement is more significant for Case II, which is around 
28.18 %.

4.2. Field test

Fig. 12(a) depicts the field data of a substation in Railway XS. After 
the statistical filtering, R2 is shown in Fig. 12(b) and is poor during in
tervals 19:28 ~ 19:30 and 19:45 ~ 19:54. The former is mainly caused 
by the low load power, while the latter is caused by the random muta
tion affected by adjacent loads. Despite all this, results are more stable 
after the statistical correction and filtering process, as illustrated in 
Fig. 12(c). Fig. 12(d) and Table 4 present the SCC identification results 
of different algorithms. To objectively evaluate accuracy, the results of 
each method were compared with the measured benchmark value 
(6.91p.u.) obtained through short-circuit testing, and their relative er
rors were calculated. Additionally, Table 4 lists the standard deviations 
of the results from each method to assess their volatility.

5. Discussion and future works

5.1. Sensitivity analysis

According to the case study, the data causing large errors is elimi
nated by the thresholds, so the accuracy of identification is great. The 
sensitivity analysis needs to be studied for the robustness of the SFLS. 
Results are shown in Table 5. The relative error is smaller with the larger 
λ, but the standard deviation is worse. Besides, λ is a threshold to 
eliminate the data with small load power. Thus, it cannot be set as a 
large value. ε is set for selecting the identified TEM parameters, so the 
relative error and standard deviation get smaller when ε increases. 
However, the accuracy is worse due to the strict value, e.g., ε = 0.9. To 
ensure the great applicability and accuracy of proposed SFLS, thresholds 
can be set within following constraints: λ∈(0.01, 0.03) p.u., ε∈(0.8, 0.9).

Although the boundary coefficient for outliers in box plots is 
empirically determined based on statistical experience, various modified 
versions of box plots with different coefficient settings have been 
developed in several applications. Given that this coefficient may in
fluence algorithm performance, an analysis of identification results 
under different coefficient settings was conducted based on empirical 
data. As shown in Table 6, the error of identification results remains 
stable at approximately − 8.00 % across different threshold settings, 
with a standard deviation around 0.75. This demonstrates the robust
ness of the proposed algorithm.

5.2. Supplementary works

The accuracy of proposed algorithm has been verified from the 
perspective of system-side SCC through both simulation and field test 
cases. In practice, SCC represents only one of the performance indicators 
for TPSSs. Other critical metrics include voltage unbalance and short- 
circuit ratio. A comprehensive analysis incorporating multiple 

Table 1 
Parameters setting of simulation cases.

Interval Eeq Zeq

Amplitude (p. 
u.)

Angle 
(Deg)

Amplitude (p. 
u.)

Angle 
(Deg)

17:00 ~ 
19:20

1.000 0.000 0.182 85.944

19:20 ~ 
21:40

0.964 1.000 0.218 83.079

21:40 ~ 
00:00

0.927 1.000 0.255 83.079

Fig. 8. Pre-filtered data and post-filtered data in a time window.
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performance indicators could further enhance the evaluation accuracy 
of system power supply performance. Such an approach may also serve 
as supplementary validation to indirectly verify the analytical results of 
individual metrics, which will be addressed in subsequent research to 
achieve precise assessment of TPSS performance.

Beyond multi-metric analysis, the proposed algorithm is designed for 
real-time online applications. Thus, the data quality influences analyt
ical accuracy. Asynchronous sampling poses a significant challenge for 
data-driven algorithms. It typically occurs when measurement data are 
acquired from different monitoring terminals. However, the time-series 

samples analyzed in the SFLS are collected from a single monitoring 
terminal, ensuring high inter-channel synchronization that does not 
compromise the performance of the proposed algorithm. Besides, the 
measurement error is also a challenge. Although statistical filtering has 
been incorporated into the SFLS algorithm to mitigate measurement 
error impacts, errors remain unavoidable. Enhancing data acquisition 
quality in monitoring systems will be another key research direction of 

Fig. 9. R2 and the probability distribution for correction.

Fig. 10. Identified TEM parameters without and with KF.

Fig. 11. TEM parameters obtained from the proposed SFLS.

S. Yang et al.                                                                                                                                                                                                                                    International Journal of Electrical Power and Energy Systems 172 (2025) 111266 

7 



future work for the research team.

6. Conclusion

This paper proposes a SFLS algorithm for determining SCC based on 
the monitoring data of feeders. Targeting issues in TPSSs such as the 
weak correlation between voltage and power and easily drifting pa
rameters caused by intense fluctuations on both source and load sides, 
this algorithm constructs a systematic solution. Its core innovation lies in 
overcoming the applicability limitations of traditional methods in “dual- 
side fluctuation” scenarios. On one hand, by designing statistical 
filtering rules based on load power thresholds and box plots, it effec
tively suppresses errors introduced by asynchronous changes in voltage 
and power, establishing a foundation for the stable application of the 
LSM under extreme operating conditions. On the other hand, intro
ducing a real-time correction mechanism based on historical probability 
distribution solves the issue of missing and inaccurate result in the real- 
time application. Since the SFLS does not involve complicated differ
ential operations, the time cost of identification is low. The performance 
of SFLS is validated by simulations with different disturbances. 
Compared with the traditional method, improvements in accuracy are 
9.43 % for Case I and 28.18 % for Case II, respectively. Besides, identified 
SCC based on filed data is roughly the same as the actual value with an 
improvement of 15.76 %. To ensure the applicability in the other 

systems, the sensitivity analysis of thresholds is carried out. This algo
rithm not only provides a reliable basis for voltage stability and relay 
protection analysis in electrified railways, but its integrated “Filtering- 
Identification-Correction” framework also holds reference value for 

Table 2 
JSD of algorithms with reference value.

Parameter SFLS LSM GM TSM

Case I Eeq 8.766e-6 1.897e-5 1.793 0.064
Zeq 0.004 0.011 0.969 1.038
Seq 0.004 0.009 3.664 0.892

Case II Eeq 9.408e-6 1.535e-5 2.905 0.055
Zeq 0.006 0.015 6.636 1.022
Seq 0.003 0.007 1.378 0.507

Table 3 
Average relative error of algorithms.

Parameter SFLS LSM GM TSM

Case I Eeq (%) 0.051 0.066 40.372 1.409
Zeq (%) 7.378 9.761 4.991e3 1.044e3
Seq (%) − 6.246 − 6.897 − 88.942 − 46.484

Case II Eeq (%) 0.056 0.062 113.571 − 6.162
Zeq (%) 2.720 4.845 1.756e4 842.611
Seq (%) − 1.831 − 2.548 − 71.472 − 53.027

Fig. 12. Identified results of TEM and SCC at the actual substation.

Table 4 
Identified SCC of algorithms in field application.

Parameter SFLS LSM GM TSM
Amplitude 

Seq (p. 
u.)

Average (p.u.) 6.356 6.252 1.540 1.578

Standard 
deviation (p. 
u.)

0.749 1.248 4.824 2.560

Relative error − 8.02 % − 9.52 % − 77.71 % − 77.16 %

Table 5 
Sensitivity results of the proposed SFLS.

λ (p.u.) ε Amplitude of Seq (p.u.)
Average Standard deviation Relative error

0.01 0.80 6.356 0.749 − 8.02 %
0.02 0.80 6.356 0.749 − 8.02 %
0.03 0.80 6.339 0.788 − 8.26 %
0.04 0.80 6.443 0.761 − 6.76 %
0.05 0.80 6.489 0.789 − 6.09 %
0.02 0.60 6.307 1.012 − 8.73 %
0.02 0.70 6.395 0.845 − 7.45 %
0.02 0.80 6.356 0.749 − 8.02 %
0.02 0.85 6.370 0.700 − 7.81 %
0.02 0.90 5.775 0.702 − 16.71 %
0.02 0.95 5.541 0.454 − 19.81 %

Table 6 
Sensitivity results of the proposed SFLS.

Boundary coefficient Amplitude of Seq (p.u.)
Average Standard deviation Relative error

1.0 6.363 0.745 − 7.92 %
1.1 6.366 0.751 − 7.87 %
1.2 6.354 0.760 − 8.04 %
1.3 6.370 0.753 − 7.81 %
1.4 6.347 0.748 − 8.15 %
1.5 6.356 0.749 − 8.02 %
1.6 6.361 0.746 − 7.95 %
1.7 6.359 0.750 − 7.97 %
1.8 6.358 0.752 − 7.99 %
1.9 6.400 0.742 − 7.38 %
2.0 6.404 0.742 − 7.33 %
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parameter identification in similar volatile systems.
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Appendix A 

Fig. A1 depicts the box plot measuring the data dispersion and variability by constructing quartiles. Samples are divided into four intervals. The 
interquartile spacing IQR is used to distinguish outliers.

Fig. A1. The schematical diagram of box plots.
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