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Abstract: In a traction power supply system, the design of traction substations significantly
influences both the system’s operational stability and investment costs, while the energy
management strategy of the flexible substations affects the overall operational expenses.
This study proposes a novel two-stage system optimization design method that addresses
both the configuration of the system and the control parameters of traction substations.
The first stage of the optimization focuses on the system configuration, including the
optimal location and capacity of traction substations. In the second stage, the control
parameters of the traction substations, particularly the droop rate of reversible converters,
are optimized to improve regenerative braking energy utilization by applying a fuzzy
logic-based adjustment strategy. The optimization process aims to minimize the total
annual system cost, incorporating traction network parameters, power supply equipment
costs, and electricity expenses. The parallel cheetah algorithm is employed to solve this
complex optimization problem. Simulation results for Metro Line 9 show that the proposed
method reduces the total annual project costs by 5.8%, demonstrating its effectiveness in
both energy efficiency and cost reduction.

Keywords: power supply; urban rail transit; adaptive management; optimal design

1. Introduction
Electrified rail transit has become a primary mode of urban transportation worldwide,

with traction energy consumption accounting for about half of its total energy use [1].
Recently, many studies have focused on enhancing the operational efficiency of rail transit
through improved utilization of regenerative braking energy [2,3]. However, the design
of a traction power supply system, particularly the size and site of traction substations,
plays an important role in ensuring the system’s safe and stable operation. On the one
hand, several studies have made relevant contributions to the design of systems. For
instance, Xu [4] systematically optimized and designed the capacity configurations and
locations of reversible substations using rectifier units and inverter feedback devices.
However, it used fixed control parameters for system optimization design, whereas, in
practice, the control parameters are not constant. Similarly, Ying [5] proposed a two-layer
optimization method for the configurations of a flexible intelligent traction power supply
system, achieving a remarkable 43.6% improvement in system efficiency. It does not
account for special situations, such as the sudden power failure of a traction substation
(“N-1” condition), which must be considered as it directly affects the operational safety of
the system. Additionally, Huang [6] utilized energy storage devices to harness regenerative
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braking energy, focusing primarily on the energy management of energy storage devices.
However, few studies have achieved comprehensive optimization in regard to both energy
management and the system design of reversible substations.

On the other hand, some studies focus on the energy management of traction power
supply systems. For example, Ying [7] proposed a hierarchical energy management strat-
egy that enhances the operational economy of flexible intelligent traction power supply
systems while mitigating load fluctuations, but this study has limited consideration of
real-time dynamic effects. Wang [8] employed model predictive control for the energy
management of hybrid energy storage systems, enabling real-time optimization, but this
method is relatively complex when applied to system optimization design due to the large
power variations in trains, making predictions difficult. Chen [9] introduced an energy
management approach that enhances power quality while reducing power consumption,
but it does not regulate the traction substations.

To achieve real-time optimization and ensure more reliable and stable energy manage-
ment, several studies have explored the application of fuzzy logic control. For instance,
Ariche [10] implemented a fuzzy logic controller (FLC) for the energy management of
electric vehicles equipped with energy storage. Experimental data demonstrated that
fuzzy logic control significantly improves locomotive efficiency and adapts well to various
operating conditions. Furthermore, Horrillo-Quintero [11] proposed a dynamic fuzzy logic
energy management strategy for multi-energy microgrids which substantially reduced
electrical energy consumption. Bai [12] established a fuzzy predictive control method for
real-time train control, achieving a 4% reduction in train energy consumption. Wang [13]
applies fuzzy logic control to flexible traction power supply systems, enabling adaptive
control of the droop rate at traction substations with some energy-saving effects. However,
the parameter selection for the fuzzy logic control in this method is somewhat arbitrary, and
no in-depth study has been conducted on the selection of fuzzy logic control parameters.

In conclusion, some studies have focused on energy management systems, while others
have concentrated on system design issues. These two aspects are closely interrelated, and
the interaction between them has a significant impact on the overall system performance. In
this paper, both energy management and system design are integrated into a comprehensive
optimization problem. The optimization process is divided into two stages, addressing
both aspects simultaneously. The main contributions of this paper are as follows.

(1) Anovel two-stage optimization method for flexible DC traction power supply systems
is proposed which considers the optimization of both traction substation control
parameters and system configuration. An adaptive droop rate control strategy based
on fuzzy logic is applied in this design to enhance the utilization of regenerative
braking energy.

(2) To address the computational complexity of the optimization process, the parallel
cheetah algorithm is introduced. By comparing various optimization algorithms,
the results show that it not only significantly reduces computational time but also
ensures faster convergence and more accurate results, offering a practical solution for
real-world system design.

(3) The proposed method is verified using the simulation of Metro Line 9, and the energy
management effect under different headways is analyzed. The optimized design
results of the traction power supply system are also analyzed.

2. Adaptive Control Strategy for Reversible Converter
2.1. The Traction Power Supply System with Energy Management

The simulation platform for the traction power supply system in urban rail transit
comprises the main substation, a traction substation equipped with a reversible converter,
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and the train, as depicted in Figure 1. Within this setup, the traction substation module
incorporates a reversible converter (RC), which serves dual functions: providing power
to the train and facilitating the return of regenerative braking energy to the medium-
voltage network for efficient utilization [14]. Additionally, the traction station control
module regulates the output voltage of the RC. It generates duty cycle signals to control
the switching of Insulated Gate Bipolar Transistors (IGBTs) within the RC [15], based on
an energy management strategy that integrates information from both the substation and
the train.
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2.2. The Control Method of Reversible Converter

Based on the external output characteristics of the reversible converter, the control strat-
egy typically employs traditional voltage-current dual closed-loop control methods [15].
Referring to the droop characteristic of the reversible converter, by detecting the traction
substation current I and multiplying it by the droop rate r, the command voltage Uref is
obtained. U0 and U1 are the work voltages of rectification and inversion. A comparison
between the traction substation port voltage and the command voltage Uref determines
whether the traction substation operates in the rectifier state and the inverter state or enters
a shutdown state. The current control command is derived through a PI controller, which
regulates the output current of the traction plant to match the reference current value. In
this paper, droop control is utilized, and its mathematical expression is provided as follows:

Ure f =

{
U0 − r · I, I > 0
U1 − r · I, I< 0

(1)

It should be noted that, when Uref is within the range of U0 and U1, the traction
substation is subsequently switched off, causing the current to drop to zero.

2.3. Energy Management Strategy Based on FLC

The catenary voltage is regulated by a reversible converter. Variations in traction
network voltage among different traction stations influence the overall energy flow within
the system. When one train brakes while another is traction-powered, the output voltage
can be adjusted to enable the regenerative braking energy to be absorbed by the neighboring
train. If the braking energy exceeds a certain threshold, the regenerative energy can be used
by medium-voltage (MV) loads. When the droop rate of the converter at the traction station
is fixed, the dynamic interactions between trains are constantly changing. A large droop rate
may hinder the timely inversion of regenerative braking energy back to the MV network,
leading to energy wastage. Conversely, a small droop rate may prevent neighboring trains
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from effectively utilizing the regenerative braking energy among themselves, resulting in
energy waste.

In response to the complex nature of energy flow and the dynamic variations in train
power, fuzzy logic control emerges as a superior approach for decision-making and control
in complex and uncertain environments. An adaptive adjustment method for the droop
rate of a reversible converter based on fuzzy logic control is introduced in this paper,
aimed at achieving comprehensive energy management for the entire line. As illustrated
in Figure 2, the proposed approach is primarily divided into two modules: the same-state
control module and the different-state control module. Initially, the system determines
whether the traction power exceeds 0 and calculates the sum of the train powers within a
specified interval, assessing whether their signs (positive or negative) are consistent. Based
on these two states, corresponding fuzzy control rules are designed. Subsequently, the
absolute value of the traction power, the sum of the train powers within the interval, and
the absolute value of the power difference between these powers serve as inputs, while the
adjustment amount for the droop rate constitutes the output.
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The inputs to the fuzzy control module consist of the absolute value of the substation
power (Psub) and the difference (∆P) between the sum of the powers (Ptr) of the trains
within the interval and the substation power; the output is the adjustment amount of the
droop rate (∆r). The expression for ∆P is given by

∆P(t) =

∣∣∣∣∣∑n
Ptr(t)− Psub

∣∣∣∣∣ (2)

where Psub < 0 means inverter mode, Psub > 0 means rectifier mode, and t is the current
time. The adjusted rectification and inversion droop rates are, respectively

rinv(t) = r(t)− ∆r (3)

rrec(t) = r(t)− ∆r (4)

In addition, the droop rate adjustment needs to satisfy the following constraint:

rmin ≤ r ≤ rmax (5)

where rmin is the minimum droop rate and rmax is the maximum droop rate.
The fuzzy logic control rules are presented in Table 1. The logic terms “S, M, B” are

small, medium, and big, respectively, while “NB, NS, O, PS, PB” signify negative big,
negative small, zero, positive small, and positive big, respectively. When the signs (positive
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or negative) of the traction power and the sum of the interval train powers are the same,
the difference between these two powers (∆P(t)) is assessed. If the difference is small, the
traction power (Psub) is evaluated. If Psub is small, the droop rate remains unchanged. If
Psub is moderate, the droop rate is slightly increased. If Psub is large, the droop rate is
increased more significantly. When the signs of the Psub and the sum of the interval train
powers differ, the difference between these two powers is again assessed. If the difference
is small, in this condition, regardless of whether Psub is small, moderate, or large, the droop
rate is slightly increased. The remaining rules are detailed in Table 1.

Table 1. Rule of fuzzy control.

Is the Status
Consistent?

Input1:∆P(t)
Input2: Psub

S M B

Yes
S O PS PB
M NS O PS
B NB NS O

No
S PS PS PS
M PS PS PB
B PS PB PB

In this paper, triangular and trapezoidal shapes are employed for the membership
functions (MFs) of both input and output variables. As illustrated in Figure 3, to simplify
calculations, symmetric membership functions are utilized. Here, x1 and x2 represent the
parameters of the MF for the input traction power Psub, x3 and x4 denote the parameters
of the MF for the input variable ∆P(t), and x5, x6, x7, x8, x9 are the parameters of the MF
for the output variable ∆r. The inputs are fuzzified and then reasoned using fuzzy logic
rules, and the outputs are de-fuzzified and finally sent to the controller of the converter to
regulate the droop rate.
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3. Optimal Design of Traction Power Supply System
The optimization design of the traction power supply system encompasses the de-

termination of traction substation locations, the capacity of reversible converters, and the
specification of contact network parameters. Furthermore, recognizing the impact of energy
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management strategies on economic efficiency and energy conservation, the parameters of
the fuzzy membership function are adopted as optimization decision variables. This paper
proposes a comprehensive optimization method for system design and energy management
parameters. An objective function is formulated to minimize the overall cost of the traction
power supply system, incorporating investment and maintenance costs, as well as traction
energy consumption costs. Specifically, investment costs in traction substations consist
of construction expenses for the traction station, costs associated with the capacity of the
reversible converters, and construction costs for the catenary. Notably, the costs related to
passenger stations, step-down stations, and rails are excluded from this analysis.

3.1. Objective Function

The objective function is presented in Equation (6).

minF(X1, X2, X3) = f1(X1, X2) + f2(X1, X2) + f3(X1, X2, X3) (6)

This function incorporates three components: f 1, representing the converted annual
construction investment costs of the system; f 2, denoting the converted annual equipment
maintenance costs; and f 3, signifying the converted annual operating cost of the power sup-
ply system. The decision variables include X1, which pertains to the location and capacity of
the traction substation; X2, concerning the selection of the overhead contact system, encom-
passing the choice of contact rails, the catenary, the running rails, and the fourth rail; and X3,
which relates to the parameters of the fuzzy membership functions employed within the
energy management system. The expressions are shown in Equations (7)–(9), respectively.

X1 =

[
σ1, σ2, · · · σi, · · ·
C1, C2, · · ·Ci, · · ·

]
(7)

X2 = [a, b] (8)

X3 = [x1, x2, · · · , x9] (9)

where σi is a binary random variable (0 or 1), indicating whether the i-th station is equipped
with a traction substation, and where a value of 1 signifies that the station is equipped.
The variable Ci represents the capacity of the reversible converter unit, measured in MW.
Additionally, a and b denote the parameters associated with the contact network and the
rails, respectively, while xi represents the parameter of the fuzzy membership function.

3.1.1. Investment Cost

The total cost of the traction power system is outlined in Equation (10), which com-
prises several components. Specifically, the annual cost of the substation is detailed in
Equation (11), the annual cost of the reversible converter is presented in Equation (12), and
the annual cost of the catenary is specified in Equation (13).

f1 = Esub + Erc + Esys (10)

Esub =
n

∑
i

σiBsub ·
d(1 + d)ysub

(1 + d)ysub − 1
(11)

Erc = (
n

∑
i

σiBrc +
n

∑
i

σiCi M) · d(1 + d)yrc

(1 + d)yrc − 1
(12)

Esys = (Bsysx1 + Bsysx2) ·
d(1 + d)ysys

(1 + d)ysys − 1
(13)
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where Bsub represents the construction cost of each traction substation. The variables ysub,
yrc, and ysys denote the desired service lives of the traction substation, reversible converter,
and catenary system, respectively. The interest rate is denoted by d, and n signifies the
total number of stations. Additionally, Brc stands for the basic unit cost of the reversible
converter, the unit is Chinese yuan per watt (CNY/W). Furthermore, Bsysx1 and Bsysx2
represent the construction costs of the catenary and the return track, respectively.

3.1.2. Maintenance Cost per Year

The maintenance cost of the traction power supply system mainly includes the main-
tenance of equipment, as the more equipment, the higher the maintenance cost. To simplify
the calculation, the maintenance cost is estimated as the coefficient of the investment cost.
Then, the annual maintenance cost formula is as follows:

f2 = α ×
(
Esub + Erc + Esys

)
(14)

where α is a coefficient between maintenance and construction costs, which typically ranges
from 1 to 1.5 percent [16].

3.1.3. Energy Consumption Cost per Year

For energy management, fuzzy control is utilized, which aims to reduce the energy
consumption of the power supply system. Additionally, the overall cost can be further
lowered through the optimal design of the power supply system. Taking into account the
potential impact of reverse power flow from urban rail transit back to the main substation
on the power grid, this paper proposes incorporating the reverse power Wr as a penalty
term to reduce reverse power flow. The calculation of the system’s power supply energy
consumption is presented in Equation (15).

f2 = 365 × η × ∑
j

(
Wtr − W f + ω · Wr

)
× Hj (15)

where Wtr represents the rectified energy of the traction substation, Wf is the feedback
energy, and Wr denotes the energy returned back to the main substation, both measured
in kW. η is the price of electricity, and the unit is kW/CNY. ω is used to limit the inverse
power. Hj signifies the number of the j-th headway within a day.

3.2. Constraints

The design of the traction power supply system must prioritize ensuring the reliability
of the power supply. Specifically, when one of the traction stations is shut down due to a
fault, the catenary voltage of the power supply system must continue to meet the specified
requirements. Consequently, constraints related to the catenary voltage, such as those
outlined in Equation (16), are essential.

uy
c ≥ ucmin (16)

where uy
c is the catenary voltage at any point along the entire line when any single traction

substation is faulty. Specifically, umin represents the minimum catenary voltage, which is
set at 1000 V for a DC1500 V power supply system.

Concurrently, during normal operations, train functionality must meet the constraints
of catenary voltage and rail potential, as outlined in Equations (17) and (18).

ucmin ≤ uc ≤ ucmax (17)
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|ur| ≤ urmax (18)

where uc and ur are catenary voltage and rail potential, respectively. The maximum catenary
voltage uc max is set at 1800 V. Additionally, the maximum value of the rail potential ur min

is set at 120 V.

3.3. Framework of the Optimal Design

The optimization parameters for the model presented in this paper encompass both
system configuration parameters and control parameters within energy management.
Consequently, a two-stage optimization framework is introduced to address this problem.

As illustrated in Figure 4, the first stage involves the utilization of an optimization
algorithm to generate configuration solutions X1 and X2 for the traction power supply
system. For each X1, the corresponding “N-1” operating scenarios are established, yielding
solutions X1(1), X1(2), . . ., X1(i), and so forth. For each X1(1), an analysis of power supply
trends is conducted under rush hour headway. Simultaneously, the maximum droop rate is
employed as the control parameter for the reversible converter. During the simulation, the
catenary voltages are documented. Solutions that fail to meet the established constraints
are discarded, while those that comply proceed to the second stage.
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In the second stage, the optimization algorithm determines the parameter X3 of the
fuzzy membership function. Subsequently, power flow simulations are conducted for
various headways, incorporating the system configuration solutions X1 and X2 obtained
from the first stage. These simulations yield the annual power consumption of the traction
power supply system. Ultimately, the value of the objective function is computed.

3.4. Solution Process

The model introduced in this paper possesses a great number of optimization param-
eters and necessitates a long time for the “N-1” condition assessment in the first stage,
leading to an extended model solution time.

To mitigate this issue, the paper integrates the parallel cheetah algorithm, as shown in
Figure 5, for model resolution, leveraging the computer’s parallel thread pool by allocating
multiple individuals from the population to the pool to expedite computation. The cheetah
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algorithm [17] is adopted to solve the proposed model, with the steps being outlined
as follows:
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Step 1: Set the population size, and maximum number of iterations for the algorithm,
and establish the maximum number of threads for parallel computing.

Step 2: Randomly initialize the capacity and location of the traction substations, along
with the parameters of the catenary, the parameters of the fuzzy logic control function, and
the equivalent circuit of the power supply system.

Step 3: For each thread, based on the initial solution, configure “N-1” operating
conditions. The reversible converter adopts the maximum droop rate and performs power
flow simulation. If the constraints on catenary voltage are met, proceed to the next step;
otherwise, terminate the thread.

Step 4: Incorporate the initialized parameters of the MF into the energy management
strategy to derive the droop rate of the reversible converter for each traction substation.

Step 5: Define the objective function according to [6]. Conduct power flow calculations
to obtain the fitness value for each thread. Monitor the status of each thread to determine if
it has obtained a fitness value. If not, continue waiting for detection. Upon obtaining the
fitness value, utilize the updated formula of the cheetah algorithm to identify the optimal
solution. Then, determine if it is the maximum number of iterations. If not, return to the
main thread to continue iterating. Upon reaching the maximum number of iterations, the
optimal solution is obtained.

4. Case Study and Discussion
4.1. Simulation Conditions

Take Metro Line 9 as an example; the whole line is 15.849 km and includes 13 stations,
as shown in Figure 6. In this paper, it is assumed that the sites of the traction houses are
located within passenger stations. The passenger location information is detailed in Table 2;
each station is equipped with a step-down station and the load ratio is set to 0.2. The
capacity of the step-down station at the station is also given in Table 2.
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Table 2. Information of passenger station and step-down station.

Passenger Station Position/km Capacity/kVA

Haixi village 0 2 × 1250
Zaohu 1.890 2 × 1000

Chengzi 3.454 2 × 1000
Huacheng road 4.617 2 × 1000
ZY middle road 5.397 2 × 1000
Great Wall road 6.426 2 × 1250
Jingcheng road 7.486 2 × 1250
Huicheng road 9.334 2 × 1000
Yuhung road 10.689 2 × 1250

Xijing 11.866 2 × 1000
ZY east road 13.061 2 × 1250

Xifu town 14.288 2 × 1000
Qianjin Community 15.849 2 × 1250

The details of the power supply system used in the calculations for the case study are
provided in Table 3. This includes the price and service life of various components of the
traction power supply system, as well as the parameters of the main substation and the
traction substations.

Table 3. Information on traction power supply system.

Item Value
Running rail resistance 0.02 Ω/km

Fourth rail
service life 30 years
resistance 0.0083 Ω/km

price 3.502 million CNY/km

Conductor rail
service life 30 years
resistance 0.0083 Ω/km

price 3.502 million CNY/km

Catenary
service life 30 years
resistance 0.0173 Ω/km

price 2.749 million CNY/km

Traction substation service life 30 years
price CNY 8 million

AC power supply
voltage level 110 kV

main substation capacity 50 MVA
short circuit capacity 1500 MVA

Industry electricity price 0.78 CNY/kWh

Reversible converter

load losses 18.6 kW
open circuit losses 3.4 kW

Rectifier threshold voltage 1690 V
Inversion threshold voltage 1700 V

service life 20 years
basic component cost CNY 0.2 million
capacity related cost 400 CNY/kW
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In this paper, the vehicle considered is a B-type car with six car formations (4M2T).
Three kinds of headway are selected: 300 s, 257 s, and 134 s. The power and speed profiles
for the individual trains during both the upward and downward travels are shown in
Figure 7.
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4.2. Simulation Results

In this paper, the algorithm is executed on a workstation equipped with a 3.7 GHz
processor and 64 GB of memory. Two cases are explored to analyze the system’s perfor-
mance. In Case 1, X2 is designated as a fixed parameter, while X1 and X3 are identified as
the optimization variables for system design. Alternatively, in Case 2, all three parameters
(X1, X2, and X3) are simultaneously considered as optimization variables.

For Case 2, a comparison is made among multiple heuristic parallel algorithms, namely
the Particle Swarm Optimization (PSO), the Genetic Algorithm (GA), and the Cheetah
Optimization (CO). For each algorithm, 50 individuals are set and 1000 iterations are carried
out. It can be observed from Figure 8 that the parallel Cheetah Optimization algorithm
achieves the best results. Therefore, it is employed for case simulation.
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Figure 8. Convergence curve for different algorithms.

The iteration results for two cases in the traction power supply system are illustrated
in Figure 9. The optimization result for Case 1 converges after 429 iterations, yielding an
optimization objective value of CNY 26.37 million. In contrast, the optimization result for
Case 2 converges after 571 iterations, achieving an optimization objective value of CNY
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25.8175 million. When compared to Case 1, Case 2 demonstrates a reduction of 1.976% in
the annual comprehensive economic cost.
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Comparing the results of Case 1 and Case 2, Table 4 presents the location and capacity
of the traction substations for both optimized systems. Notably, both cases exhibit a total of
six traction substations. The optimized system parameters selected include the catenary
and steel rail configuration.

Table 4. Optimal configurations of Case 1 and Case 2.

Location of Traction
Substations

Case 1 Case 2
Capacity/kVA

Case 1 Case 2
Haixi village 1 1 6500 6000

Zaohu 0 0 / /
Chengzi 1 1 8000 8500

Huacheng road 0 0 / /
ZY middle road 0 0 / /
Great Wall road 1 1 6000 6500
Jingcheng road 1 0 6500 /
Huicheng road 0 1 / 6000
Yuhung road 0 0 / /

Xijing 1 1 7000 8000
ZY east road 0 0 / /

Xifu town 0 0 / /
Qianjin Community 1 1 8000 7500

To verify the optimization results, the capacity configuration under Case 2 is set to the
“N-1” condition to test the system safety performance at the rush hour headway (134 s), i.e.,
one of the traction substations is shut down, and the remaining five traction substations
are utilized to supply power to the system to observe whether the voltage level meets the
requirements. The catenary voltage in the “N-1” condition is shown in Figure 10, and it can
be seen that the catenary voltage in every second is not lower than 1200 V, which meets the
requirements of the power supply capacity.
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4.3. Analysis of Energy Management Results

In Case 2, the fuzzy logic control parameters are optimized, with the results being
presented in Table 5. These results indicate an improvement in the energy-saving rate
of the traction power supply system when employing these optimized parameters for
energy management.

Table 5. Parameters of the FLC.

Parameters of FLC Optimal Value
x1 3000
x2 500
x3 900
x4 100
x5 −4%
x6 −2.5%
x7 −1.5%
x8 −3%
x9 −2%

A comparison of operational energy consumption across three headways between Case
2 and Case 1 reveals the following: For a headway of 134 s, traction energy consumption
decreases from 9315.68 kWh in Case 1 to 9098.536 kWh in Case 2, yielding a 2.33% energy
saving. For a headway of 257 s, traction energy consumption is reduced from 4934.783 kWh
in Case 1 to 4795.711 kWh in Case 2, representing a 2.81% energy saving. For a headway of
300 s, traction energy consumption drops from 4222.731 kWh in Case 1 to 4140.201 kWh in
Case 2, resulting in a 1.95% energy saving, as shown in Figure 11.

To evaluate the effectiveness of the energy management method, energy consumption
data for each headway are calculated. The traction power supply system provides power
to the train, incorporating losses from catenary power transmission, medium-voltage AC
cables, and the operation of the power supply equipment. As illustrated in Figure 12, the
DC line loss of the catenary accounts for the largest percentage of total losses. Taking
the 134 s as an example, Case 2 demonstrates a significant reduction in DC_loss from
865.701 kWh to 618.869 kWh, representing a 28.5% decrease compared to Case 1. For
the equipment operating losses, namely DEV_loss and AC_loss, Case 2 exhibits a slight
increase. This indicates that the primary focus of energy regulation is to minimize the line
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transmission loss within the DC catenary. Consistent conclusions are observed for both the
257 s and 300 s.
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4.4. Economic Analysis of Different Cases

The total annual costs of the existing program are compared with those of Case 1 and
Case 2.

As depicted in Figure 13. Case 1 and Case 2 exhibit 3.8% and 5.8% reductions in
annual cost, respectively. These reductions are attributed to the decrease in the number
of traction substations by two in both Case 1 and Case 2, leading to substantial savings in
construction costs. As illustrated in Figure 14, Case 1 has the lowest annual construction
cost, followed by Case 2. However, in terms of annual electricity cost, Case 1 is the highest
and Case 2 is the lowest. Compared to the existing program, the annual electricity cost in
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Case 2 is reduced by 1.53%, owing to optimized energy scheduling. Notably, the annual
investment accounts for less than 22% of the total annual spend in each case, indicating that
electricity costs constitute a larger portion of the annual costs. Therefore, the simultaneous
optimization of energy scheduling management is particularly crucial.
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5. Conclusions
In this paper, a two-stage optimal design for the traction power supply system is

proposed, aiming to simultaneously optimize the capacity and location of traction sub-
stations, energy management parameters, and power supply system parameters. Using
the actual Line 9 project as a case study, the optimal configuration of traction stations and
energy management parameters for the entire line is determined. The optimization results
indicate that, from the perspective of total annual cost, the selection of catenary and rail
for power supply represents a superior solution. Through optimization, the number of
traction stations is reduced from eight to six, while the capacity of each traction substation is
increased from 4.0 MVA to 4.25 MVA. In terms of energy management, the primary energy
savings stem from the reduction in line losses in the DC traction network. Compared to
the existing program, the total annual cost is reduced by 5.8%, and the annual electricity
cost is reduced by 1.53%, demonstrating the effectiveness of the proposed method. There
are still some limitations in this study, and the optimization performance of fuzzy logic
control in this system is generally not as effective as that of more advanced real-time control
methods. In the future, we will focus on developing more effective real-time control strate-
gies that can be better integrated with system design to achieve a more comprehensive
system optimization.
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