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Abstract: With the load center’s continuous expansion and development of the AC power grid’s
scale and construction, the recipient grid under the multi-feed DC environment is facing severe
challenges of DC commutation failure and bipolar blocking due to the high strength of AC-DC
coupling and the low level of system inertia, which brings many complexities and uncertainties
to economic scheduling. In addition, the large-scale grid integration of wind power, photovoltaic,
and other intermittent energy sources makes the ultra-high-voltage (UHV) DC channel operation
state randomized. The deterministic scenario-based timing power simulation is no longer suitable
for the current complex and changeable grid operation state. In this paper, we first start with the
description and analysis of the uncertainty in renewable energy (RE) sources, such as wind and solar,
and reconstruct the time-sequence power model by using the stochastic differential equation model.
Then, a carbon emission trading cost (CET) model is constructed based on the CET mechanism, and
the two-stage locating and capacity optimization model for the UHV DC receiving end is proposed
under the constraint of dispatch safety and stability. Among them, the first stage starts with the
objective of maximizing the carrying capacity of the UHV DC receiving end grid; the second stage
checks its dynamic safety under the basic and fault modes according to the results of the first stage
and corrects the drop point and capacity of the UHV DC line with the objective of achieving safe
and stable UHV DC operation at the lowest economic investment. In addition, the two-stage model
innovatively proposes UHV DC relative inertia constraints, peak adjustment margin constraints,
transient voltage support constraints under commutation failure conditions, and frequency support
constraints under a DC blocking state. In addition, to address the problem that the probabilistic
constraints of the scheduling model are difficult to solve, the discrete step-size transformation and
convolution sequence operation methods are proposed to transform the chance-constrained planning
into mixed-integer linear planning for solving. Finally, the proposed model is validated with a UHV
DC channel in 2023, and the results confirm the feasibility and effectiveness of the model.

Keywords: locating and capacity optimization model; UHV DC receiving end; carbon emission
trading; renewable energy time-series output reconstruction
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1. Introduction
1.1. Research Background

In the context of the carbon peak and carbon neutrality strategy, the large-scale de-
velopment and utilization of renewable energy (RE) have become crucial measures for
transforming China’s energy structure. Through the UHV DC grid, substantial RE can
be transmitted to load centers in East and South China. However, with the continuous
expansion and development of the load center AC grid, the increased feed into the DC
environment at the receiving end, coupled with high AC-DC coupling strength, leads to
low system inertia. The UHVDC faces significant challenges such as DC commutation
failure and bipolar blocking, which introduce complexity and uncertainty into economic
scheduling [1–3].

On the one hand, the large-scale integration of wind, solar, and other RE sources
has randomized the operation state of the UHV DC channel. The deterministic scenario-
based timing power simulation no longer suits the current complex and dynamic grid
operation state. On the other hand, with the escalating issues of global warming and the
greenhouse effect, countries have introduced carbon emissions trading into the power
market. The carbon emissions trading mechanism has become a core means to achieve
low-carbon emission reduction in the UHV DC channel and an important way to balance
environmental protection with economic benefits [4–6].

Therefore, accurately describing and analyzing the random power output phenomena
of wind and solar energy and integrating the carbon emissions trading mechanism into the
locating and capacity optimization of the UHV DC channel present current challenges for
the optimal scheduling of the UHV DC channel.

1.2. Literature Survey

The existing research on the uncertainty description of wind and solar power in UHV
DC channels is mainly focused on stochastic planning and robust optimization methods [7].
Stochastic planning involves using a finite deterministic scenario to simulate different
possibilities of random variables. In a study focusing on time-series output reconstruction
of photovoltaic systems [8], Monte Carlo simulation and stochastic planning methods were
employed to characterize and reduce scenarios for constructing an economic scheduling
model for power sources and loads. However, using a limited number of scenarios may
overlook the continuity in photovoltaic output. On the other hand, robust optimization rep-
resented uncertainty through ‘uncertainty sets’ and was effective in simulating worst-case
scenarios for optimal decision-making. A two-layer robust interval model was developed in
a study on wind power output uncertainty [9], but the results were overly conservative and
deviated from reality. Recognizing the limitations of these mathematical methods, the paper
adopted a stochastic differential equation model to provide a precise mathematical analysis
of the stochastic nature of wind and solar power outputs. Stochastic differential equations
were characterized by their simplicity and clear structure, making them more suitable for
constructing discrete series prediction models across different time scales [10]. Previous
studies have utilized stochastic differential equations to model the stochastic behavior of
photovoltaic power generation [11], demonstrating the feasibility of their application in
this context despite some roughness in the output reconstruction model.

In a study on low-carbon economic optimization for UHV DC channels [12–14], a
low-carbon dispatch model was designed based on the carbon emissions trading mecha-
nism, aiming to achieve the minimum carbon emissions target while ensuring safety and
reliability [15]. However, it failed to consider the operational economy of the UHV DC
channel and the stochastic nature of RE outputs like wind and solar power. A low-carbon
planning and scheduling model was proposed for UHV DC channels with the objective of
maximizing comprehensive benefits during the planning period in [16]. Nevertheless, it
overlooked the impact of the reserve capacity constraint of the energy storage system on
the dispatch model and employed a relatively simple prediction model for the stochastic
nature of wind and solar power. The spare capacity of traditional energy units and energy
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storage system constraints were considered for the economic dispatch of UHV DC chan-
nels, transforming these constraints into probabilistic constraints for the solution in [17].
However, it did not address the impact of the carbon emissions trading mechanism on
economic dispatch.

To study voltage and frequency stability constraints during the scheduling process of
UHV DC channels, the short-circuit ratio index proposed in [18] only considered the inter-
action between AC and local DC, making it applicable only to a single-DC feeder scenario.
To address this limitation, the multi-infeed Interaction Factor (MIIF) as a quantitative index
was proposed in [19,20] to describe the strength of mutual coupling between AC buses in
DC system converter stations. However, these studies did not consider the possibility of
commutation failures or bipolar blocking faults, nor did they provide indexes for the effec-
tive assessment of transient voltage enhancement in UHV DC by busbar reactive power
support equipment. The rate of change of frequency (RoCoF) metrics was incorporated in
an optimization model to determine the system’s inertia demand in [21]. The minimum
system inertia demand was proposed based on the RoCoF with frequency nadir constraints
and was applied to both microgrid and large grid systems in [22]. In [23], it was clarified
that the system inertia distribution had spatio-temporal characteristics. Current research
studies are mostly constrained from the perspectives of the maximum frequency deviation
rate and maximum frequency deviation without addressing UHV DC relative inertia from
the perspective of the AC system inertia of the sending grid. UHV DC relative inertia
constraints were set to prevent frequency instability in this paper. In [24], a comprehensive
assessment of the aging characteristics of GTL oils compared to conventional MO oils under
normal conditions was investigated. The effect of oil aging on dissolved gas generation
was investigated. For this purpose, another paper analyzed the dissolved gas generation
in four existing old transformers of the same oil type (Diala B) and different ratings at the
Egyptian Electricity Transmission Company (EETC) [25]. Their comparison strategies can
be applied to this article.

1.3. Research Focus and Organization

This study concentrates on the optimal configuration for the UHV DC receiving
end considering carbon emission trading (CET) and RE time-series output reconstruc-
tion, addressing some of the limitations in existing research. These limitations include
the following:

(1) Addressing the deficiencies in the stochastic simulation of RE output in UHV DC
channels, we use stochastic differential equations to mathematically describe and
analyze the stochastic output phenomena of wind and solar energy and reconstruct
the corresponding stochastic output models.

(2) Considering the impact of the CET mechanism on the economic dispatch of UHV DC
channels, a three-stage step CET cost model is proposed. This model is incorporated
into the system objective function to solve the problem, promoting the sustainable
operation of a low-carbon economy for UHV DC channels.

(3) To address the lack of indicators for effectively assessing transient voltage enhance-
ment in UHV DC by bus reactive power support equipment at converter stations,
the effective short-circuit ratio (MOESCR) of the UHV DC line is defined. This pa-
rameter characterizes the transient reactive power support capability of the converter
station busbar, which is utilized to evaluate transient voltage stability in the event of
commutation failure. Furthermore, we impose a constraint on the UHV DC relative
inertia by considering the AC system inertia of the sending grid for frequency stability,
introducing a UHVDC relative inertia constraint to prevent frequency instability.

(4) A discrete step-size transformation and convolution sequence operation method is
proposed. This method involves discretizing the probability density curve data of
wind, solar, and load using discrete step-length transformation, followed by the rapid
solution of the equivalent load discrete probability sequence within the constraints
through convolution sequence operations.
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This article is organized as follows. In Section 2, starting with the description and
analysis of the uncertainty in RE sources such as wind and solar energy, the stochastic dif-
ferential equation model is used to reconstruct the time-series power model and construct a
carbon emissions trading cost model based on the carbon emissions trading mechanism. In
Section 3, a two-stage positioning and capacity optimization model for the UHV DC receiv-
ing end is introduced, with dispatch security and stability constraints taken into account.
The first stage aims to maximize the grid’s carrying capacity at the UHV DC receiving
end. In the second stage, the dynamic safety of the system under both normal and fault
conditions is assessed based on the results of the first stage. Adjustments to the drop points
and capacity of the UHV DC line are made to ensure safe and stable operation with minimal
economic investment. In Section 4, the challenge of solving probabilistic constraints within
the model is addressed by proposing discrete step-size transformations and convolutional
sequence operations. These methods convert the probabilistic constrained planning into
mixed-integer linear programming for resolution. Finally, the proposed model is validated
using the UHV DC channel in 2023 in Section 5. Finally, the conclusion and limitation
analysis of this article are provided in Section 6.

2. RE Time-Series Output Reconstruction Model Based on a Stochastic
Differential Equation
2.1. Wind Power Turbine Time-Series Output Reconstruction Model Based on a Stochastic
Differential Equation

If the mathematical expectation (E(x) = µ) of the probability density function f (x)
is continuous and finite in variance within its domain of definition (l,u), the stochastic
differential equation can be expressed as follows:

dXt = −θ(Xt − µ)dt +
√

v(Xt)dWt, t ≥ 0 (1)

where Wt represents standard Brownian motion. θ represents a non-negative coefficient.
v(Xt) represents a non-negative function, which is defined on (l,u). By transforming (1), the
equation can be expressed as follows:

v(x) =
2θ

f (x)

∫ x

l
(µ − y) f (y)dy, x ∈ (l, u) (2)

where f (x) represents the probability density function of the stochastic process X. It is
assumed that the wind speed vWT conforms to a Weibull distribution with scale parameter c
and shape parameter k [26]. The wind speed can be simulated using the following stochastic
differential equations:

fWT(x) =
k
c

( x
c

)k−1
exp

[
−
( x

c

)k
]

(3)

µ = E(X) = cΓ
(

1
k
+ 1

)
(4)

where µ represents the mean wind speed. Γ(x) and Γ(x,a) denote the complete and incom-
plete gamma functions, respectively. Substituting (3) and (4) into (2), Equation (5) can be
expressed as follows:

v(x) = 2θ
k
c (

x
c )

k−1
exp

[
−( x

c )
k](

cΓ
(

1
k + 1

)(
1 − exp

[
−
( x

c
)k
])

− cΓ
(( x

c
)k, 1

k + 1
)) (5)

In summary, the wind turbine output at time t can be generated by iterative calculation
using (6) and (7), where Equation (7) represents the wind turbine output characteristic curve.

vt
WT = vt−1

WT + dXt (6)
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Pt
WT =


0 vt

WT ≤ vci or vt
WT > vco

vt
WT−vci
vr−vci

PWT,r vci ≤ vt
WT ≤ vr

PWT,r vr ≤ vt
WT ≤ vco

(7)

where vt
WT represents the simulated wind speed of the turbine at moment t. PWT,r repre-

sents the active power generated by the wind turbine. PWT,r represents the rated power
of the wind turbine. vr represents the rated wind speed of the wind turbine. vci and vco
represent the cut-in and cut-out wind speeds, respectively. Combined with (3)–(7), the
probability density function fWT(PWT) of the wind turbine power can be determined.

2.2. Solar Power Time-Series Output Reconstruction Model Based on a Stochastic
Differential Equation

The output power Pt
PV of a distributed photovoltaic power plant can be calculated as

follows [27]:

Pt
PV = mPstc

I(Rt, kt, I0t)

Istc
[1 + αT(Tt − TSTC)] (8)

where Pstc represents the rated power labeled on the nameplate of the solar panel. m
represents the number of solar panels in the distributed PV power plant. Tt represents the
air temperature at moment t. αT denotes the power temperature coefficient of the PV panels.
Tstc and Istc represent the standard operating temperature and solar radiation intensity
labeled on the nameplate, respectively, and I(Rt,kt,I0t) denotes the total radiation intensity
of the solar panel considering the factors of solar irradiation and the clear sky index. Rt
represents the irradiation intensity ratio between the tilted surface of the solar panel and
the ground plane. I0t represents the solar irradiation outside the atmosphere. kt represents
the clear-sky index, which is highly intermittent and random, and is influenced by cloud
cover, weather changes, and other factors.

According to (8), the PV power plant output can be divided into deterministic and
stochastic parts. The deterministic parts I0t and Rt are related to the relative position of the
sun and the Earth, as well as the angle and position of solar panel installation [23]. For the
stochastic part of the clear sky index kt, this method uses stochastic differential equations
to simulate the stochastic output of photovoltaic power generation.

The variable I(Rt,kt,I0t) can be calculated by (9).

I(Rt, kt, I0t) = kt I0t(1 − p + qkt)Rt + kt I0t(p − qkt)

(
1 + cos β

2

)
+ kt I0tρ

(
1 − cos β

2

)
(9)

where β represents the ground inclination angle. ρ represents the reflectivity of the ground.
p and q represent parameters related to the atmosphere. Except for kt, which is a random
variable, the rest of the variables can be determined from geographic and temporal informa-
tion. Therefore, I(Rt,kt,I0t) can be abbreviated as I(kt) and organized as a quadratic function
of the random variable kt.

I(kt) = A1kt − A2k2
t

A1 =
[

Rt + p
(

1+cos β
2 − Rt

)
+ ρ

(
1−cos β

2

)]
I0t

A2 = q
(

1+cos β
2 − Rt

)
I0t

(10)

The probability density function of kt can be expressed as follows:

fPV(kt) =
C
[
eλkt(1 − γkt)− 1

]
kthλγ

(11)

where kth represents the maximum value of the clear-sky index kt, which is determined
by the weather type. C, γ, and λ represent constants related to the clear-sky index kt.
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According to (10) and (11), the probability density function of I(kt), which conforms to a
normal distribution, can be found as follows:

fPV(I(kt)) =

C
(

kth − A1
2A2

−
√

A1
2−4I(kt)
2A2

)
kth

√
A1

2 − 4I(kt)
exp[λ(

A1

2A2
−

√
A1

2 − 4I(kt)

2A2
)] (12)

The stochastic differential equation model can be used to mode the time series of total
irradiation on solar PV panels.

I(kt) = I(kt−1) + dXt (13)

Combined with (8) and (12), the probability density function fPV(PPV) of the distributed
PV plant can be simulated. The normal distribution model [28], which has been widely
used, is employed to simulate load fluctuations. Its probability distribution is described
as follows:

f (PL) =
1√

2πσL
exp

[
− (PL − µL)

2

2σ2
L

]
(14)

where PL represents the actual active power of the load. µL and σL represent the mean and
standard deviation representing the load fluctuation. To facilitate subsequent calculations,
the equivalent load PEL is defined as shown in (15).

PEL = PL − PPV − PWT (15)

2.3. Carbon Emission Trading Mechanism and Carbon Emission Cost Modeling

There are two main methods for carbon emission allocations: the historical allocation
method and the baseline allocation method [29]. For carbon emissions trading in China
based on the benchmark allocation, the benchmark allocation method is used to determine
the carbon emission quota. The specific formula is shown in (16).

Eq = θ
T

∑
t=1

(
M

∑
m=1

PMT,mt+
N

∑
n=1

PPV,nt+
W

∑
w=1

PWT,nt) (16)

where Eq represents the daily carbon emission quota. θ represents the carbon emission
benchmark per unit of power generation. T is the dispatch cycle; M, N, and W represent the
number of thermal units, photovoltaic power generation units, and wind power generating
units, respectively. PMT,mt, PPV,nt, and PWT,w represent the power generation per unit of
thermal generation, photovoltaic power generation, and wind turbine generating units,
respectively. Since photovoltaic and wind power are clean energy sources, the main source
of carbon emissions is traditional thermal generation. Therefore, the total carbon emission
Ep of the active distribution system in the dispatch cycle is described as follows:

Ep =
T

∑
t=1

M

∑
m=1

ηmPMT,mt (17)

where Ep represents the total daily carbon emission. Hm represents the carbon emission per
unit of power generated by the m-th traditional thermal units.

To effectively control the disorderly carbon emissions of some enterprises, this method
mimics the tariff ladder model and constructs a three-stage stepped carbon emission cost
model as follows:

fe =


λ(Ep − Eq)

(1 + τ)λ(Ep − Eq)− τλd
(1 + 2τ)λ(Ep − Eq)− 3τλd

Ep − Eq ≤ d
d ≤ Ep − Eq ≤ 2d

Ep − Eq > 2d
(18)
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where fe represents the daily carbon emission cost. λ represents the trading price per unit
of carbon emission. τ represents the increase in the carbon emission price at each step; τ
represents the interval of the step carbon emission cost. The three-stage stepped carbon
emission cost model is shown in Figure 1.
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3. Two-Stage Locating and Capacity Optimization Model for the UHV DC Receiving
End Considering Carbon Emission Trading and RE Time-Series Output Reconstruction

This section proposes a two-stage assessment method of UHV DC construction car-
rying capacity considering feeder/receiver grid coordination under security and stability
constraints. Among them, the first stage starts from the decision-making and assessment of
UHV DC line capacity with the objective of maximizing the carrying capacity of the UHV
DC feeder–receiver grid. The second stage calibrates its dynamic safety under basic and
fault patterns according to the results of the first stage. The relative inertia constraint of
UHV DC, the peak adjustment margin constraint, the transient voltage support constraint
under the commutation failure condition, and the frequency support constraint under the
DC blocking state are innovatively added. Under these safety and stability constraints, the
drop point and capacity of UHV DC lines are corrected with the objective of minimizing
economic cost and maximizing network utilization efficiency.

3.1. Stage 1: Decision-Making Method for UHV DC Line Capacity with the Objective of
Maximizing the Carrying Capacity of the UHV DC Feeder–Receiver Grid

Decision-making and evaluation of the locating and capacity of UHV DC lines are
conducted with the objective of maximizing the grid’s carrying capacity at the receiving
end of the UHV DC feeder. The objective function is represented as follows:

max fA = ∑
i∈Ωh

PhR
i (19)

where maxfA represents the maximum capacity of the receiving end grid that can accom-
modate the UHV DC feed-in. Ωh represents the candidate set of pre-installed UHV DC
lines. Phi

R represents the rated capacity of the i-th UHV DC line.
The primary stage constraints consist of UHV DC line specification constraints, active

sufficiency constraints, and UHV DC relative inertia constraints.

(1) UHV DC line specification constraint.

UHV DC lines along the same planning path have varying DC transmission capacities
and voltage level specifications due to differing power demands of the receiving grid.
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Therefore, planning must be carried out based on different voltage levels and capacity
grades. The specification constraints of UHV DC lines are as follows:

PhR
i = Ph1

i αi + Ph2
i βi + Ph3

i γi, ∀i ∈ Ωh
αi + βi + γi ≤ 1, ∀i ∈ Ωh

(20)

where 0–1 integer variables αi, βi, and γi are utilized to determine the construction specifica-
tion of the i-th UHV DC line. The current UHV construction levels are ±1100 kV, ±800 kV,
and ±500 kV for αi, βi, and γi, respectively. When αi = 1, βi = 0, and γi = 0, it indicates that
the i-th UHV DC line is constructed according to the ±1100 kV specification; when αi = 0,
βi = 1, and γi = 0, it indicates construction according to the ±800 kV specification; when
αi = 0, βi = 0, and γi = 1, it indicates construction according to the ±500 kV specification;
and when αi = 0, βi = 0, γi = 0, it means the requirements are not met and the i-th UHV DC
line is not constructed. Phi

1, Phi
2, and Phi

3 represent the rated capacities of the i-th UHV
DC line constructed according to the ±1100 kV, ±800 kV, and ±500 kV standards, which
are 6000 MW, 4000 MW, and 2000 MW, respectively.

(2) Active sufficiency constraint.

To ensure that the capacity of UHV DC line construction meets the active transmission
requirements of the power source at the sending end and the power grid at the receiving
end, the active margin constraint is set as follows:

∑
i∈Ωh

PhR
i ≥ (1 + GI)( ∑

j∈Ωw

Pwmax
j + ∑

k∈Ωz

Pzmax
k + ∑

m∈Ωg

Pgmax
m ), ∀i ∈ Ωh, j ∈ Ωw, k ∈ Ωz, m ∈ Ωg

∑
i∈Ωh

PhR
i ≥ (1 + RI)Plmax, ∀i ∈ Ωh

(21)

where Pwj
max, Pzk

max, and Pgm
max represent the maximum technical output of wind turbine

j, photovoltaic power station k, and thermal power unit m, respectively. Ωw, Ωs, and
Ωg represent the collection of wind turbines, photovoltaic power stations, and thermal
power units of large-scale energy bases, respectively. Plmax is the maximum load of the
receiving-end grid. GI and RI represent the generating and load sufficiency coefficients, set
to be 0.3.

(3) UHV DC relative inertia constraints.

As the proportion of UHV DC power supply increases, the rotational inertia of the AC
system must meet high requirements to ensure system frequency stability. However, unlike
traditional thermal power units, the output power of new energy units is solely dependent
on natural factors (wind speed, light intensity), and their grid-connected power electronic
components such as converters decouple active power and frequency changes, lacking the
moment of inertia. This absence of rotational inertia in the AC system also limits UHVDC
transmission capacity. The UHV DC relative inertia constraint is represented as follows:

HUHV =
JAC

∑
i∈Ωh

PhR
i

=

∑
m∈Ωg

HmPgmax
m

∑
i∈Ωh

PhR
i

HUHV ≥ Hmin
DC

(22)

where Hg denotes the inertia time constant of thermal power unit m, set to 2.8. JAC
represents the total inertia of the AC system. HUHV denotes the equivalent inertia time
constant of the UHV DC. HDCmin signifies the minimum equivalent inertia time constant
satisfied by the UHV DC, set to 3.
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3.2. Stage 2: Installation Location and Capacity Modification Model Aiming to Minimize
Investment Costs and Maximize Network Operating Efficiency

The second stage involves the calibration of a safe operation model, which optimizes
system investment and operational economics by efficiently managing the output of each
type of unit and the allocation of system rotational reserves. It also verifies the feasibility
of the decision schemes from the first stage by evaluating all potential fault scenarios.
Thus, the second stage aims to minimize investment and operating costs while maximizing
grid operating efficiency. The investment and operating costs include standby costs, load-
shedding penalty costs, construction costs, and operation and maintenance costs.

min fB1 = ∑
s∈Ωs

∑
t∈Ωt

∑
i∈Ωh

ri(Rhup
s,t,i + Rhdown

s,t,i ) + ∑
s∈Ωs

∑
t∈Ωt

∑
d∈Ωd

dtPds,t,d + ∑
i∈Ωh

li pi(Cv,i + Cm,i) (23)

where Ωh represents the candidate set of pre-commissioned i-th UHV DC line. Ωs denotes
the set of operational scenarios s (including normal and faulty operation scenarios). Ωt
represents the set of operational moments t. Ωd represents the set of operational DC faults
d. ri represents the unit standby cost coefficient of UHV DC line i (set at CNY 320/MW).
Rhup

s,t,i and Rhdown
s,t,i denote the upper and lower standby capacities of UHV DC line

i at moment t. dt represents the load-shedding penalty factor at moment t (set at CNY
2000/MW). Pds,t,d represents the amount of load-shedding in the event of a DC fault d
at moment t. li and pi denote the length of the construction of the i-th UHV DC line
and the construction specification factor (set at 1.2 for ±1100 kV, 1.0 for ±800 kV, and
0.8 for ±500 kV). Cv,i and Cm,i represent the construction cost and maintenance cost per
unit length (set at CNY 260 million, CNY 170 million, and CNY 120 million versus CNY
0.15 million, CNY 0.13 million, and CNY 0.11 million per kilometer for the three voltage
levels, respectively).

The operation efficiency of the UHV DC line is expressed as the amount of electricity
from wind turbines, photovoltaic power plants, and thermal power units delivered to
the UHV line under various scenarios, divided by the amount of electricity transmitted
according to the rated capacity of the UHV line. Therefore, the maximum objective function
of grid operation efficiency is shown as follows:

max fB2 =

∑
s∈Ωs

∑
t∈Ωt

( ∑
j∈Ωw

Pws,t,j + ∑
k∈Ωz

Pzs,t,k + ∑
m∈Ωg

Pgs,t,m)

ST ∑
i∈Ωh

PhR
i

(24)

where S and T represent the total number of operating scenarios s and operating moments
t, respectively; Pws,t,j, Pzs,t,k, and Pgs,t,m denote the outputs of wind turbine j, photovoltaic
power plant k, and thermal power generator m in scenario s at moment t.

Since the two optimization objectives in the second stage have different magnitudes,
this study sets the deviation satisfaction function to find the global optimal solution with
the objective of minimizing the deviation satisfaction.

minψ = δ1

∣∣∣∣ fB1 − f ∗B1
f ∗B1

∣∣∣∣+ δ2

∣∣∣∣ fB2 − f ∗B2
f ∗B2

∣∣∣∣ (25)

where δ1 and δ2 represent the deviation satisfaction weight values, and f*B1 and f*B2
represent the optimal values of the objective function under single objective, respectively.

The second stage constraints include the unit output constraints at steady state, the
UHV DC operation constraints, the peaking margin constraints, the transient voltage
support constraints under commutation failure conditions, and the frequency support
constraints under DC blocking conditions during a fault.
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(1) Unit output constraint.

Pwmin
j ≤ Pws,t,j ≤ Pwmax

j
Pzmin

k ≤ Pzs,t,k ≤ Pzmax
k

Pgmin
m ≤ Pgs,t,m ≤ Pgmax

m

(26)

where Pwj
min, Pzk

min, and Pgm
min represent the minimum technical outputs of wind turbine

j, photovoltaic power plant k, and thermal power unit m, respectively.

(2) UHV DC operation constraint.

Restricted by converter polarity changes and conductor thermal stability limits, the
UHV DC current direction cannot be changed frequently, and its adjustment times are
constrained. Additionally, UHV DC is subject to operating power magnitude constraints,
power creep constraints, and adjustment constraints during steady-state operation.

Phmin
i ≤ Phs,t,i ≤ PhR

i (27)

Equation (27) represents the UHV DC operation power magnitude constraint, where
Phs,t,i denotes the transmission power of UHV DC line i at moment t in scenario s, and
Phi

min denotes the minimum transmission power of UHV DC line i (5000 MW, 2000 MW,
and 1000 MW, respectively, according to voltage level).

Rhdown
i Idown

s,t,i ≤ Phs,t,i − Phs,t−1,i ≤ Rhup
i Iup

s,t,i (28)

Equation (28) represents the UHV DC operation power glide and climb constraints,
Rhup

i and Rhdown denote the maximum glide and climb power specified for UHV DC line
i (set to 300 and 200 MW/min), and Iup

s,t,i and Idown
s,t,i denote 0–1 variables indicating

whether the upward and downward power of the UHV DC line i at moment t in scenario s
is adjusted (0 means no action, 1 means action).

Idown
s,t,i + Iup

s,t,i = Us,t,i =≤ 1 (29)

Idown
s,t,i + Iup

s,t−1,i ≤ 1
Idown
s,t−1,i + Iup

s,t,i ≤ 1
(30)

Equation (29) indicates that only upward or downward power adjustment can be
performed at the same moment, and Us,t,i represents a 0–1 variable indicating whether or
not the adjustment is performed for moment t in scenario s for UHV DC line i. Equation
(30) indicates that no opposite power adjustment can be performed at adjacent moments.

∑
t=t−Ti,min+1

(1 − Us,t,i) ≥ Ti,min(Us,t,i − Us,t−1,i) (31)

∑
t∈ΩT

(Idown
s,t,i + Iup

s,t,i) ≤ Nh (32)

Equation (31) represents the maximum time limit for the constant power operation
of UHV DC line i. Ti,min represents the minimum time for the constant power operation
of UHV DC line i (set to 1 h). Equation (32) represents the intra-day tidal current number
adjustment limit. Nh represents the maximum number of intra-day tidal current number
adjustments (10 times/day).

(3) Peak margin constraint.

The peak-to-valley difference in the load of the power grid at the receiving end
increases because the thermal power units at the generating end and the extra-high-voltage
lines at the transmission end are responsible for the standby demand. It is necessary
to ensure that the generating power and the transmission power meet the peak shifting
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margin requirements. This study uses high and low peak capacity margins (PCP, TCP) to
characterize the peaking margin constraints.

∑
m∈Ωg

Pgmax
m

max
s∈Ωst∈ΩT

Pls,t − ∑
m∈Ωg

Pgs,t,m

+ ∑
s∈Ωs

∑
t∈Ωt

∑
m∈Ωg

Rgup
s,t,m

≥ PCPmin

∑
i∈Ωh

Phmax
i

max
s∈Ωst∈ΩT

{
Pls,t − ∑

i∈Ωh

Phs,t,i

}
+ ∑

s∈Ωs

∑
t∈Ωt

∑
i∈Ωh

Rhup
s,t,i

≥ PCPmin

(33)

min
s∈Ωst∈ΩT

Pls,t − ∑
m∈Ωg

Pgs,t,m

− ∑
s∈Ωs

∑
t∈Ωt

∑
m∈Ωg

Rgdown
s,t,m

∑
m∈Ωg

Pgmin
m

≥ TCPmin

min
s∈Ωst∈ΩT

{
Pls,t − ∑

i∈Ωh

Phs,t,i

}
− ∑

s∈Ωs

∑
t∈Ωt

∑
i∈Ωh

Rhdown
s,t,i

∑
i∈Ωh

Phmin
i

≥ TCPmin

(34)

Equations (33) and (34) represent the minimum peaking margins required for thermal
power units at the generation end and UHV lines at the transmission end during peak
and trough times, respectively. Pls,t represents the load on the receiving end of the grid at
moment t in scenario s. Pgup

s,t,m and Pgd
s,t,m represent the maximum glide and creeping

power rate of the thermal power units m at moment t (set to 100 and 50 MW/min). PCPmin

and TCPmin represent the minimum high and low peak capacity margins required for safe
and stable operation (set to 1.8 and 1.5).

(4) Transient voltage support constraints under commutation failure conditions.

When addressing faults that cause DC commutation failure, the converter station bus
is equipped with reactive power support equipment, such as regulators, to ensure the rapid
recovery of UHV DC voltage. Thus, it is necessary to constrain the capacity of reactive
power support. In this paper, the effective short-circuit ratio (MOESCR) of the UHV DC
line is defined to characterize the transient reactive power support capacity of the converter
station bus.

MOESCRi =

−Qi +∑
q

ηiqQiq

PhR
i +∑

q

Ziq

Zqq
Piq

MOESCRi ≥ MOESCRmin

(35)

where MOESCRi represents the effective short-circuit ratio of the i-th UHV DC line.
MOESCRmin represents the threshold value of the effective short-circuit ratio of the UHV
DC line, set to 2.6. Qi represents the reactive power required to restore voltage under the
commutation failure condition of the i-th UHV DC line; ηiq is a 0–1 variable indicating
whether the reactive power support equipment at node q has an effect on voltage restoration
for DC line i (0 means no, 1 means yes). Qiq represents the reactive power provided by the
reactive support equipment at node q to DC line i. Piq represents the active power flowing
into DC line i from node q. Ziq represents the impedance from node q to DC line i. Zqq
represents the self-impedance of node q.
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(5) Transient voltage stability constraints.

The constraints for high and low voltage ride-through requirements stipulate the
restoration of transient voltage to specific percentages of the original bus voltage after a
fault. For instance, 1 s, 10 s, and 60 s after a fault during low-voltage ride-through require
the voltage to be restored to 75%, 80%, and 90% of the original bus voltage, while 0.5 s,
1 s, and 10 s after a fault during high-voltage ride-through specify that the voltage cannot
exceed 130%, 125%, and 120%.

Ui(t0+1) ≥ 0.75Uis0
Ui(t0+10) ≥ 0.8Uis0
Ui(t0+60) ≥ 0.9Uis0

Ui(t0+0.5) ≤ 1.3Uis0
Ui(t0+1) ≤ 1.25Uis0
Ui(t0+10) ≤ 1.2Uis0

(36)

where Ui(t0+x) represents the node i voltage after x seconds of the fault. Uis0 represents the
steady-state voltage of node i before the fault.

(6) Frequency support constraint under dc blocking conditions.

When the commutation failure condition deteriorates further, it can lead to bipolar
blocking in the UHV DC line. Load-shedding measures are then allowed to ensure grid
frequency and current stability. Consequently, the following constraints need to be added
to the safety calibration model:

0 ≤ ∆Pdk
s,t,i ≤ µiPds,t,i

∆Pdk
s,t,i ≤ ∆Pdmax (37)

where ∆Pdk
s,t,i represents the load-shedding amount for DC blocking fault k at moment t in

scenario s. µi represents the load-shedding coefficient of the i-th UHV DC line, set to 0.3,
and ∆Pdmax represents the maximum permissible load-shedding amount, set to 500 MW.

∆Pk
s,t − ∑

i∈Ωds

∆Pdk
s,t,i ≤ ∑

i∈Ωh

Rhup
s,t,i (38)

Equation (38) represents the unbalanced power after the primary frequency modula-
tion standby is greater than the load-shedding action. Ωds represents the set of nodes with
automatic load-shedding devices. ∆Pk

s,t represents the unbalanced power generated by
DC blocking faults at moment t in scenario s.

∆Pk
s,t − ∑

i∈Ωds

∆Pdk
s,t,i

2JAC/ f0
≤ RoCoFmax (39)

Equation (39) represents the system frequency change without exceeding the limits
under the remaining unbalanced power after load-shedding. RoCOFmax represents the
maximum rate of change in frequency of the system. f 0 represents the rated frequency
(50 Hz).

∆Pk
s,t − ∑

i∈Ωds

∆Pdk
s,t,i − ∑

i∈Ωh

Rhup
s,t,i∣∣∣∣∣D( ∑

s∈Ωs

∑
t∈Ωt

∑
d∈Ωd

Pds,t,d − ∑
i∈Ωds

∆Pdk
s,t,i)

∣∣∣∣∣
≤ ∆ fmax (40)

Equation (40) indicates that after load-shedding, the system frequency change does
not exceed the maximum deviation and does not cause instability. ∆fmax represents the
maximum frequency deviation of the system. D() represents the load sag primary function
(load variation versus frequency variation curve ∆f = −0.002Pd + 0.0035).
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(7) Reserve capacity probability constraints.

In the UHV DC transmission system, a certain amount of reserve capacity is required
to compensate for discrepancies between the actual and predicted power levels, ensuring
the safe and reliable operation of the system.

RMTm,t ≤ Um,tPmax
MTm − PMTm,t

RESS,t ≤ min(ηdch
SOCt−SOCmin

∆t Pmax
dch − Pdch,t)

(41)

where RMTm,t and RESS,t represent the standby capacity of the thermal power unit and
energy storage system at time t, respectively. The standby capacity is represented by
probabilistic constraints as follows:

fP


M

∑
m=1

RMTm,t + RESS,t ≥

PL,t − PPV,t − PWT,t − E(PEL,t)

 ≥ ε (42)

where ε represents the confidence level constant for this probabilistic constraint form. PEL,t
represents the equivalent load at time t.

4. Two-Stage Locating and Capacity Optimization Model Solving Process and Steps
4.1. Probability Density Series Solution for Equivalent Loads

To calculate the probability density of the equivalent load in Equation (42), let x = PL
− PPV − PWT and y = PPV + PWT. The probability density function f (x) of the equivalent
load can be expressed as follows:

fX(x) =
PPVmax∫

0
fPV(PPV) fWT(x − PPV)dPPV

FY(y) =
y∫

−∞

[
PLmax∫

0
fX(PL − y) fL(PL)dPL

]
dy

fY(y) = FY
−1(y)

(43)

where, fPV(), fWT(), and fL() represent the probability density functions of PV, wind, and load,
respectively. From Equation (43), it is evident that the complexity of the probability density
function makes its inverse transform processing troublesome. In this paper, we choose
discrete step-size transformation, effectively avoiding the inverse function calculation
through additive or subtractive convolution operations. Assuming that the wind power
output PWT,t, photovoltaic power output PPV,t, and load PL,t are independent random
variables with period t, their continuous probability distributions can be discretized to
obtain the corresponding probability sequences p(ip,t), w(iw,t), and l(il,t). For example, the
continuous probability density function of the photovoltaic power output PPV,t is converted
into a probability density sequence as shown in (44).

p(ip,t) =



q/2∫
0

f (PPV)dPPV ip,t = 0

ip,tq+q/2∫
ip,tq−q/2

f (PPV)dPPV ip,t > 0, ip,t ̸= Np,t

ip,tq∫
ip,tq−q/2

f (PPV)dPPV ip,t = Np,t

(44)
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where, q represents the discrete step size. The probability density sequences of wind power
output PWT,t and load PL,t can be obtained using the same method. The lengths of the
probability sequences Np,t, Nw,t, and Nl,t can be determined by (45).

Np,t = PPVmax,t/q
Nw,t = PWTmax,t/q

Nl,t = PLmax,t/q
(45)

where PPVmax,t, PWTmax,t, and PLmax,t represent the maximum output powers of PV, wind,
and load at time t. The probability sequence c(ic,t) of the PV–wind power combination
output and the probability density sequence e(ie,t) of the equivalent load can then be
expressed by additive or subtractive convolution operations as follows:

c(ic,t) = ∑
ip,t+iw,t=ic,t

p(ip,t)w(iw,t) ic,t = 0, 1, . . . , Nc,t

e(ie,t) =


∑

il,t−ic,t=ie,t

l(il,t)c(ic,t) 1 ≤ ie,t ≤ Ne,t

∑
il,t≤ic,t

l(il,t)c(ic,t) ie,t = 0

Nc,t = Np,t + Nw,t
Ne,t = Nl,t − Np,t + Nw,t

(46)

For the equivalent load PEL at any moment, there exists a corresponding probability
e(ie). All possible probabilities of occurrence form a probability density sequence e(ie,t).

4.2. Transformation Methods for Probabilistic Constraints

To convert Equation (42) from a probabilistic constraint to a deterministic constraint, it
is necessary to introduce a new binary variable ψie,t in addition to Equation (46), defined
as follows:

ψie,t =


1

M

∑
m=1

RMTm,t + RESS,t ≥ ie,tq − E(PEL,t)

0
M

∑
m=1

RMTm,t + RESS,t < ie,tq − E(PEL,t)

ie,t = 0, 1, · · · , Ne,t

(47)

where ie,tq represents a stepwise representation of PEL,t. Thus, ψie,t equals 1 when the
standby capacity of the UHV DC channel is greater than or equal to the difference between
ie,tq and E(PEL,t); otherwise, ψie,t equals 0. Consequently, Equation (42) can be simplified
as follows:

Ne,t

∑
ie,t=0

ψie,te(ie,t) ≥ ε (48)

To convert Equation (47) into a mixed-integer linear programming problem for solu-
tion, additional processing is required, as shown in Equation (49).[

M

∑
m=1

RMTm,t + RESS,t − ie,tq + E(PEL,t)

]
λ

≤ ψie,t

≤ 1 +

[
M

∑
m=1

RMTm,t + RESS,t − ie,tq + E(PEL,t)

]
λ

ζ ≤ ψie,t ≤1 + ζ
−ζ ≤ ψie,t ≤1 − ζ

(49)
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where λ is a large positive number and ζ is a small positive number. When the standby
capacity exceeds the predicted power error, ψie,t can only be 1 (Equation (49)); when the
standby capacity is less than the predicted power error, ψie,t can only be 0 (Equation (49)).
Through the aforementioned method (47)–(49), the probabilistic constrained model can be
transformed into a mixed-integer linear programming model.

4.3. Solving Steps of the Two-Stage Locating and Capacity Optimization Model

The flow of the two-stage locating and capacity optimization model for the UHV
DC receiving end considering CET and RE time-series output reconstruction is shown in
Figure 2 and described below. The Matlab 2021a particle swarm optimization algorithm was
utilized to determine the optimal configuration of the locating and capacity for UHV DC.
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(1) Reconstructing the stochastic output of wind and solar and establishing a stochastic
fluctuation model for wind, light, and load in UHV DC channels.

(2) Developing a stepped CET cost model while considering the CET mechanism.
(3) Introducing the objective function and constraints for the two-stage assessment

method of UHV DC construction carrying capacity under security and
stability constraints.

(4) Applying discrete step-size transformation to generate probability density series of
wind, solar, and load based on their probability density curves.

(5) Generating the probability density sequence of equivalent load through additive or
subtractive convolution operation.
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(6) Linearizing the non-linear constraints in the model and converting chance-constrained
programming into mixed integer linear programming.

(7) Entering the necessary parameters for the first-stage model and solving it with an
intelligent optimization algorithm.

(8) Producing the optimal scheme for UHV DC line planning in the first stage.
(9) Entering the required parameters for the second-stage model and addressing the

multi-objective problem with varying scales using the deviation satisfaction method.
(10) Verifying the feasibility of the decision scheme from the first stage in step 8.
(11) Entering the necessary parameters for the second-stage model and solving it using an

intelligent optimization algorithm.
(12) Proceeding to step 14 if a global optimal solution is found, or else return to step 13.
(13) Selecting a sub-optimal solution from the first stage for calibration and returning to

step 8.
(14) Outputting the UHV DC construction landing point and carrying capacity results

under security and stability constraints.

5. Case Study
5.1. Data Collection and Parameter Selection

The 68-node grid at the sending end of a large energy generation base is the focus
of this study, comprising eight large-scale RE farms (total installed capacity of 4080 MW),
10 conventional energy power plants (total installed capacity of 6240 MW), and a set of
UHV DC transmission lines (total outgoing power of 5500 MW). The network topology
is illustrated in Figure 3. The 500 kV grid framework of a specific province is utilized as
the receiving end for analyzing and validating the methodology proposed in this paper,
as depicted in Figure 4. Consequently, the DC transmission lines to be constructed are
categorized into ‘±800 kV’ and ‘±500 kV’ types based on the voltage level, while the
parameters for the proposed model are shown in Table 1.
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Table 1. The parameters for the proposed model. 
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Table 1. The parameters for the proposed model.

Parameter Value Parameter Value

The maximum allowable frequency change rate 0.7 Hz/s The length of the carbon emission interval 40t

The maximum frequency deviation 0.1 Hz The increase in the carbon emission price 25%

The total inertia of the AC system 16.5 The maximum technical outputs of RE units 6000 MW

The standard deviation of the load 10% The minimum technical outputs of RE units 1000 MW

The confidence level 0.9 The maximum technical outputs of thermal power units 4200 MW

The carbon trading price CNY 90/t The minimum technical outputs of thermal power units 2500 MW
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5.2. Two-Stage Locating and Capacity Optimization Results for UHV DC Considering
Co-Ordination of the Sending with the Receiving Grid
5.2.1. Stage 1: Decision-Making Results for UHV DC Line Capacity with the Objective of
Maximizing the Carrying Capacity of the UHV DC Feeder–Receiver Grid

The effectiveness of the stochastic differential equation-based model for reconstructing
RE time-series output was validated using data obtained from a UHV DC channel in 2023.
It was compared with the traditional stochastic planning method based on deterministic
scenarios, as detailed in Table 2.

Table 2. Comparison of results from stochastic prediction models for RE.

RE Type and Output (MW)

Measured
Wind and

Photovoltaic
Output (MW)

Stochastic
Simulation Based
on Deterministic
Scenarios (MW)

Error from
Actual (%)

Time-Series
Simulation Based on

Stochastic Differential
Equations (MW)

Error from
Actual (%)

Wind Power
Generation

Average
Output 1294 1341 3.68 1269 2.32

Maximum
Output 2138 2231 5.69 2068 2.25

Photovoltaic
Power

Generation

Average
Output 1320 1410 6.84 1351 3.63

Maximum
Output 3386 3490 3.22 3445 2.19

The results demonstrate that the time-series simulation method presented in this study
effectively reduces the prediction error of wind power and photovoltaic output compared
with the traditional method, with a reduction in prediction error of approximately 2% and
a significant enhancement in scheduling decision accuracy. It can be seen that the improve-
ment in wind and light prediction accuracy can more accurately judge the transmission
capacity of UHV lines, more accurately plan the DC drop point, and improve the efficiency
of grid operation. In addition, it can also reduce the cost of load-shedding penalties, im-
prove carbon trading revenue, and increase operating profits. Furthermore, an analysis of
the optimal results was conducted by integrating typical daily meteorological data and
system parameters of the transmission grid in 2023. The time-series output reconstruction
simulation of the UHV DC channel system was performed, showcasing the UHV DC,
wind power, and photovoltaic power prediction time-series output curves and discrete
sequences, as depicted in Figure 5.
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According to the UHV DC transmission power in Figure 5, the two-stage UHV DC
construction carrying capacity model proposed in this paper was analyzed by example,
and the optimization results of stage 1 are shown in Table 3.

Table 3. The optimization results of the typical day stage 1 and stage 2 comparison.

Evaluation Indicators

Comparison of Capacity Results for UHV DC Construction

Optimal
Scheme 1 of

Stage 1

Optimal
Scheme 2 of

Stage 1

Optimal
Scheme 3 of

Stage 1

Optimal
Scheme 4 of

Stage 1

Optimal
Scheme 5 of

Stage 1

±500 kV
Quantity 2 2 2 1 3

Drop point 9, 17 17, 23 3, 17 15, 17, 23 9, 15, 17

±800 kV
Quantity 2 2 2 3 1

Drop point 15, 23 6, 9 9, 23 11 23
Maximum carrying capacity (MW) 12,000 12,000 12,000 13,000 11,000

Grid operation efficiency (%) 62 61 61 57 65
Construction cost (CNY billion) 86.2 88.1 88.7 101.4 81.2
Maintenance cost (CNY billion) 6.31 6.57 6.60 8.15 5.45

Load-shedding penalty cost (CNY billion) 1.365 1.461 1.422 0.945 1.666
Carbon trading cost (CNY billion) 0.041 0.042 0.042 0.041 0.043

Number of occurrences of commutation failure 3 4 4 3 4
Number of voltage crossings 0 0 0 0 0

Number of DC blocking occurrences 1 1 1 1 2
Frequency crossings 0 0 0 0 0

The results from the five evaluated schemes are detailed in Table 3, focusing on
the number of DC line feeds, drop locations, rated capacity, and total operating costs.
The highest DC capacity feed-in of 13,000 MW is provided by Scheme 4, but the lowest
economic efficiency is incurred, costing CNY 1162 million more than scheme 1. Conversely,
the smallest DC capacity feed-in of only 11,000 MW is associated with Scheme 5. Only
the safety test constraints for N-1 faults are considered in this scheme, which, therefore,
does not meet the peaking requirements, frequency stability, or dynamic voltage support
capability of the AC system after a DC fault. A high frequency of commutation failure and
DC blocking is also reported. DC feed-in of 12,000 MW is observed in Schemes 1, 2, and 3,
each with varying DC drop locations. The lowest total cost of CNY 15,576.3 million and
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the most efficient grid operation are achieved by Scheme 1. Potential DC phase change
failures cannot be handled by Scheme 2 because of a three-phase short circuit fault on
the AC line near the DC drop-off point, while Scheme 3 does not meet the peak demand
of the system. Additionally, the lowest load-shedding penalty cost among the three, at
CNY 136.5 million, is recorded for scheme 1, indicating more efficient operation and higher
power supply reliability.

5.2.2. Stage 2: Installation Location and Capacity Modification Results

Next, we entered the required parameters for the second-stage model and addressed
the multi-objective problem with varying scales using the deviation satisfaction method.
The comparison results of the first- and second-stage optimization are shown in Table 4.

From the comparison in Table 3, it is evident that the primary objective of the first
stage is to maximize the carrying capacity of the UHV DC feeder at the receiving end of the
grid. The optimal solution achieved a carrying capacity of 12,000 MW at the receiving end,
while the UHV DC line at drop point 15 was subsequently downgraded (from ±800 kV to
±500 kV) following the second stage of dynamic safety calibration. This adjustment was
made in alignment with the goals of economic investment and utilization efficiency. The
total savings in construction and maintenance costs after the modification amounted to
CNY 5.14 billion, resulting in a 9% improvement in network efficiency. Despite incurring
a higher load-cutting penalty of CNY 0.078 billion, the overall construction became more
economical and practical. The final construction outcomes are illustrated in Figure 6.

The results above indicate that (1) the primary factors limiting the DC carrying capacity
of the AC system are peak shifting capacity and voltage support capacity and (2) the
effective short-circuit ratio index for UHV DC proposed in this paper effectively reveals the
impact of dynamic voltage support capacity on the selection of the DC drop point.

5.2.3. Stage 2: Installation Location and Capacity Modification Results

In order to assess the effectiveness of the assessment model for the carrying capacity of
the two-stage UHV DC construction proposed in this study, three scenarios for comparison
were established. The comparison results under different fault constraints are presented in
Table 5.

Table 4. The optimization results of the typical day stage 1 and stage 2 comparison.

Evaluation Indicators
Comparison of Capacity Results for UHV DC Construction

Optimal Scheme of Stage 1 Optimal Scheme of Stage 2

±500 kV
Quantity 2 3

Drop point 9, 17 9, 15, 17

±800 kV
Quantity 2 1

Drop point 15, 23 23
Maximum carrying capacity (MW) 12,000 10,000

Grid operation efficiency (%) 62 71
Construction cost (CNY billion) 86.2 81.5
Maintenance cost (CNY billion) 6.31 5.87

Load-shedding penalty cost (CNY billion) 1.365 1.287
Carbon trading cost (CNY billion) 0.041 0.032

Number of occurrences of commutation failure 3 3
Number of voltage crossings 0 0

Number of DC blocking occurrences 1 1
Frequency crossings 0 0
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Table 5. The comparison results under different fault constraints.

Evaluation Indicators
Comparison of Locating and Capacity Results for UHV DC Construction

Scenario 1 Scenario 2 Scenario 3

±500 kV
Quantity 2 3 3

Drop point 6, 15, 17 6, 23 9, 15, 17

±800 kV
Quantity 2 1 1

Drop point 23 17, 15 23
Maximum carrying capacity (MW) 10,000 12,000 10,000

Grid operation efficiency (%) 70 69 71
Construction cost (CNY billion) 82.3 86.6 81.5
Maintenance cost (CNY billion) 6.07 6.96 5.87

Load-shedding penalty cost (CNY billion) 2.478 1.478 1.287
Carbon trading cost (CNY billion) 0.031 0.033 0.032

Number of occurrences of commutation failure 5 4 3
Effective short circuit ratio of UHV DC line 3.1 3.5 3.7

Number of voltage crossings 1 1 0
Maximum frequency change rate (%) 0.92 0.66 0.51

Maximum frequency change (Hz) 0.13 0.07 0.04
Number of DC blocking occurrences 2 2 1

Frequency crossings 1 0 0

Scenario 1: Only N − 1 faults are considered (DC commutation failure, DC blocking,
etc., are not taken into account).
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Scenario 2: Multiple types of faults are considered, but only steady-state safety con-
straints are considered, without taking into account transient voltage support constraints
in the event of commutation failure and frequency support constraints in the event of
DC blocking.

Scenario 3: The carrying capacity assessment model for the two-stage UHV DC
construction proposed in this study (based on scenario 2, taking into account transient
voltage support constraints in the event of commutation failure and frequency support
constraints in the event of DC blocking).

In Scenario 1, the maximum carrying capacity is higher than in Scenarios 2 and 3.
However, it only considers safety test constraints for N-1 faults without evaluating all
possible fault scenarios. Consequently, this scheme fails to meet frequency stability and
dynamic voltage support requirements after DC faults. As illustrated in Figure 7, when
a three-phase short-circuit occurs in the 8–9 node line, the effective short-circuit ratio of
the Scenario 1 UHV DC line is lower than the voltage threshold. Additionally, Scenario 1
load-shedding cost (CNY 2.478 billion) is significantly higher than that of Scenario 2 and
Scenario 3, indicating non-compliance with safety and stability standards. Scenario 2
does not account for transient voltage support under commutation failure conditions or
frequency support under DC blocking conditions. Its MOESCR of 3.5 is lower than 3.7
in Scenario 3. This difference is because after a three-phase short-circuit fault in the AC
line of Node 6-10 near DC Drop 6, the DC system in Scenario 2 has a higher probability of
commutation failure and is more likely to experience voltage crossing and DC blocking. As
shown in Figure 8, Scenario 2 fails to restore voltage promptly during the transient phase,
leading to DC commutation failure. Ultimately, as depicted in Figure 9, Scenario 2 results
in frequency deviation during the transient phase.
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5.3. Parameter Sensitivity Analysis
5.3.1. Impact Analysis of CET Costs on Capacity Optimization of UHV DC

The implementation of carbon emissions trading policies can effectively control carbon
emissions and reduce environmental pollution. This section analyzes the sensitivity of the
carbon emissions trading price λ to carbon emissions and carbon emissions trading costs,
as illustrated in Figure 10.
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It can be observed that as the carbon emissions trading price λ increases, the carbon
emissions from thermal power units decrease, considering the cost-effectiveness of power
generation. However, the carbon emissions trading cost comprises both carbon emissions
and the trading price. When the trading price continues to rise despite the reduction in
carbon emissions, the trading cost will also show an upward trend. Additionally, when
the carbon emissions trading price λ is below CNY 110/t, the carbon emissions change
significantly, and the trading cost shows a downward trend. When the trading price exceeds
CNY 110/t, carbon emissions become insensitive to further price changes, and the trading
cost rises significantly. Therefore, the carbon emissions trading mechanism can be applied
flexibly, using the trading price λ as a lever to balance economic efficiency and low-carbon
environmental protection, thereby sustaining the operation of a low-carbon economy.
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5.3.2. Impact Analysis of Standby Capacity Confidence Level on Capacity Optimization of
UHV DC

Firstly, it is essential to analyze the effect of the standby capacity confidence level ε on
the system’s standby capacity. Figure 11 illustrates the relationship between the confidence
level ε and the system’s standby capacity for each time period, assuming the confidence
levels are set at 90%, 95%, and 99%, respectively.
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Figure 11. The relationship between confidence level ε and system reserve capacity.

It is observed that the peak reserve capacity occurs in the early morning hours when
the confidence level ε is set at 90%, as most loads are supplied by thermal power units
during this time. These units maintain a higher level of reserve capacity to prevent power
supply shortages. When the confidence level ε is set at 99%, the highest reliability is
required to prevent a sudden drop in PV output due to unexpected weather changes.
Consequently, a higher level of reserve capacity is maintained at the peak of PV power
generation. To further explore the relationship between confidence level and total system
cost, Figure 12 depicts the relationship between confidence level and total system cost.
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As the confidence level increases, the total system cost exhibits a monotonically
increasing trend, with the growth rate accelerating. This phenomenon occurs because,
as the confidence level rises, the system requires sufficient standby capacity to enhance
its reliability, significantly increasing system costs. Therefore, by setting an appropriate
probability constraint confidence level, a balance between the reliability and economy of
the UHV DC channel can be achieved.

6. Conclusions and Future Work
6.1. Conclusions

The proposed UHV DC locating and capacity optimization model is validated for
receiving grid in western China. The results show that the optimal configuration scheme
maximizes the system economy, effectively suppresses the occurrence of DC commutation
failure and DC blocking situations, and significantly enhances the dynamic frequency
support strength of the system. The following conclusions can be drawn from the analysis
of the results:

1. The proposed two-stage DC carrying capacity assessment model for the recipient
end of the grid is capable of determining the optimal DC drop point and maximum
DC carrying capacity while maintaining system peaking margin and disturbance
immunity based on system size and intensity. The model achieves a maximum
frequency deviation of 0.04 Hz in the AC network, an effective short circuit ratio
of 3.7, and a load-shedding loss cost of CNY 128.7 million for all optimized levels.
With a minimum investment scale of CNY 15.5637 billion to construct four UHV
DC lines, the model satisfies UHV DC relative inertia constraints, peak shifting
margin constraints, transient voltage support constraints during commutation fault
conditions, and frequency support constraints during the DC blocking state.

2. Compared with evaluation models that only consider individual constraints such as
N-1 safety checks, voltage support capability, and peak shifting capability, the model
proposed in this paper achieves a smaller DC feeder size of 10,000 MW. However, the
system demonstrates a stronger ability to withstand the risks of DC faults and has a
sufficient peak shifting margin. The number of phase change failures (5 times) and
DC blocking incidents (4 times) in the other schemes exceeds those in the proposed
scheme (3 times). Additionally, their effective short-circuit ratios are lower than that
of the proposed scheme (3.7), which fails to meet the requirements for peak margin
and resistance to DC fault risks.

3. The discrepancy between the actual and predicted values of the equivalent load is
offset by utilizing the surplus capacity, which is probabilistically constrained. In
comparison with the conventional deterministic constraint, an appropriate confi-
dence level for the probabilistic constraint can be established to achieve a balance
between the reliability and cost-effectiveness of the UHV DC channel. Furthermore,
the sensitivity analysis of the three-stage stepped carbon trading cost model reveals a
significant variation in carbon emissions with changes in the carbon trading price λ
ranging from 0 to 110 CNY/t. This can serve as a factor for optimizing the trade-off
between system economics and low-carbon environmental preservation to sustain the
operation of the system in a low-carbon and economically viable manner.

6.2. Limitations and Future Work

Currently, the planning of the Chinese UHV DC feeder grid is still undergoing con-
tinuous development and improvement. However, the existing strategies have certain
limitations, and future research can focus on the following aspects:

1. Future optimization models for UHV DC planning can consider integrating novel
energy storage systems [30] and user-side behaviors [31] to enhance their applicability
in various scenarios.

2. With the strategic objective of achieving ‘carbon peak, carbon neutral’, China will
phase out low-efficiency and high-energy consumption generators while increasing
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the proportion of new energy output. Therefore, it is worth exploring a multi-stage
DC carrying capacity assessment method for the receiving end grid in light of the
gradual phasing out of conventional power sources and the construction timeline of
UHV DC projects.

3. We will supplement the lack of research on the voltage or frequency stability problems
involved in UHVDC with a large number of simulation studies in our future research.
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Nomenclature

Wt standard Brownian motion
θ a non-negative coefficient
v(Xt) a non-negative function, which is defined on (l,u)
Γ(x) and Γ(x,a) the complete and incomplete gamma functions, respectively
vt

WT the simulated wind speed of the turbine at moment t
PWT the active power generated by the wind turbine
PWT,r the rated power of the wind turbine
vci and vco the cut-in and cut-out wind speeds
Pstc the rated power labeled on the nameplate of the solar panel
Tt the air temperature at moment t
αT the power temperature coefficient of the PV panels
Tstc and Istc the standard operating temperature and solar radiation intensity

labeled on the nameplate
Rt the irradiation intensity ratio between the tilted surface of the solar

panel and the ground plane
I0t the solar irradiation outside the atmosphere
kt the clear-sky index
β the ground inclination angle
ρ the reflectivity of the ground
p and q parameters related to the atmosphere
kth the maximum value of the clear-sky index
PL the actual active power of the load
µL and σL the mean and standard deviation representing the load fluctuation
PEL equivalent load
Eq the daily carbon emission quota
M, N, and W the number of thermal units, photovoltaic power generation units,

and wind power generating units
PMT,mt, PPV,nt, and PWT,w the power generation per unit of thermal generation, photovoltaic

power generation, and wind turbine generating units
Ep the total daily carbon emission
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Hm the carbon emission per unit of power generated by the m-th
traditional thermal units

fe the daily carbon emission cost
λ the trading price per unit of carbon emission
maxfA the maximum capacity of the receiving end grid that can accommodate

the UHV DC feed-in
Ωh the candidate set of pre-installed UHV DC lines
Phi

R the rated capacity of the i-th UHV DC line
αi, βi, and γi 0–1 integer variables utilized to determine the construction

specification of the i-th UHV DC line
RMTm,t and RESS,t the standby capacity of the thermal power unit and energy storage

system at time t
ε the confidence level constant for this probabilistic constraint form
p(ip,t), w(iw,t), and l(il,t). the corresponding probability sequences
Np,t, Nw,t, and Nl,t the lengths of the probability sequences
Pwj

max, Pzk
max, and Pgm

max the maximum technical output of wind turbine j, photovoltaic power
station k, and thermal power unit m

Ωw, Ωs, and Ωg the collection of wind turbines, photovoltaic power stations, and
Plmax the maximum load of the receiving-end grid
GI and RI the generating and load sufficiency coefficients
Hg the inertia time constant of thermal power unit m
JAC the total inertia of the AC system
HUHV and HDCmin the equivalent inertia time constant and the minimum equivalent

inertia time constant of UHV DC
Rhup

s,t,i and Rhdown
s,t,i the upper and lower standby capacities of UHV DC line i at moment t

dt the load-shedding penalty factor at moment t
Pds,t,d the amount of load-shedding in the event of a DC fault d at moment t
Cv,i and Cm,i the construction cost and maintenance cost per unit length
Pws,t,j, Pzs,t,k, and Pgs,t,m the outputs of wind turbine j, photovoltaic power plant k, and

thermal power generator m in scenario s at moment t
δ1 and δ2 the deviation satisfaction weight values
f*B1 and f*B2 the optimal values of the objective function under single objective
Pwj

min, Pzk
min, and Pgm

min the minimum technical outputs of wind turbine j, photovoltaic
power plant k, and thermal power unit m

Phs,t,i the transmission power of UHV DC line i at moment t in scenario s
Phi

min the minimum transmission power of UHV DC line i
Rhup

i and Rhdown
,i the maximum glide and climb power specified for UHV DC line i

Iup
s,t,i and Idown

s,t,i 0–1 variables indicating whether the upward and downward power
of the UHV DC line i at moment t in scenario s

Us,t,i a 0–1 variable indicating whether or not the adjustment is performed
for moment t in scenario s for UHV DC line i

Ti,min the minimum time for constant power operation of UHV DC line i
PCPmin, TCPmin the minimum high and low peak capacity margins required for safe

and stable operation
MOESCRi the effective short-circuit ratio of the i-th UHV DC line
MOESCRmin the threshold value of the effective short-circuit ratio of the UHV

DC line
ηiq a 0–1 variable indicating whether the reactive power support

equipment at node q has an effect on voltage restoration for DC line i
Qiq the reactive power provided by the reactive support equipment at

node q to DC line i
Ziq and Zqq the impedance and self-impedance of node q
∆Pdk

s,t,i the load-shedding amount for DC blocking fault k at moment t in
scenario s

∆Pdmax the maximum permissible load-shedding amount
Ωds the set of nodes with automatic load-shedding devices
∆Pk

s,t the unbalanced power generated by DC blocking faults at moment t
in scenario s
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RoCOFmax the maximum rate of change in the frequency of the system. f 0
represents the rated frequency

∆fmax the maximum frequency deviation of the system
PEL,t the equivalent load at time t
fPV(), fWT(), and fL() the probability density functions of PV, wind, and load, respectively
e(ie) the equivalent load PEL probability density sequence
ψie,t ψie,t equals 1 when the standby capacity of the UHV DC channel is

greater than or equal to the difference between ie,tq and E(PEL,t);
otherwise, ψie,t equals 0
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