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Abstract
With the large-scale integration of new energy sources, various resources such as energy stor-

age, electric vehicles (EVs), and photovoltaics (PV) have participated in the scheduling of active
distribution networks (ADNs), posing new challenges to the operation and scheduling of distribution
networks. Aiming at the uncertainty of PV and EV, an optimal scheduling model for ADNs based on
multi-scenario fuzzy set based charging station resource forecasting is constructed. To address the
scheduling uncertainties caused by PV and load forecasting errors, a day-ahead optimal scheduling
model based on conditional value at risk (CVaR) for cost assessment is established, with the optimi-
zation objectives of minimizing the operation cost of distribution networks and the risk cost caused by
forecasting errors. An improved subtractive optimizer algorithm is proposed to solve the model and
formulate day-ahead optimization schemes. Secondly, a forecasting model for dispatchable resources
in charging stations is constructed based on event-based fuzzy set theory. On this basis, an intraday
scheduling model is built to comprehensively utilize the dispatchable resources of charging stations to
coordinate with the output of distributed power sources, achieving optimal scheduling with the goal of
minimizing operation costs. Finally, an experimental scenario based on the IEEE-33 node system is
designed for simulation verification. The comparison of optimal scheduling results shows that the pro-
posed method can fully exploit the potential scheduling resources of charging stations, improving the
operation stability of ADNs and the accommodution capacity of new energy.

Key words: charging station resource prediction, subtractive optimizer algorithm, multi-sce-
nario fuzzy set, two-stage optimal scheduling, distribution network cost optimization

0　 Introduction

With the advancement of the ‘ Double Carbon’
goals, the integration of wind power, photovoltaics (PV),
and electric vehicles (EVs) into active distribution net-
works (ADNs) has introduced significant uncertainties,
posing challenges to power quality and operational com-
plexity [1-2] . The increase in dispatchable resources such
as energy storage, EVs, and active loads has further com-
plicated the optimal scheduling of ADNs.

Existing studies on ADN scheduling have explored
optimization modeling, uncertainty risk assessment,
and solution algorithms. For example, Ref. [3] pro-
posed a reactive power scheduling scheme using time

decoupling and a cataclysm genetic algorithm for high-
PV networks. Ref. [4] enhanced the safety and econo-
my of distribution networks using an improved harmony
search algorithm. However, these methods often over-
look the uncertainties in PV output and load forecas-
ting, leading to suboptimal scheduling [3-4] .

Artificial intelligence algorithms like the grey wolf
optimizer [5], bat algorithm [6], and particle swarm op-
timization [7] have shown promise in distribution net-
work optimization. Yet, they struggle with local optima
and convergence issues in complex, large-scale ADNs.
The subtraction average based optimizer (SABO) [8],
while simple and easy to implement, also tends to fall
into local optima in high-dimensional problems.

EVs, charging through the distribution system,
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have become a major load due to their scale charging
effect. Their charging loads exhibit randomness and ag-
gregation, causing network losses and harmonic pollu-
tion [9-10] . Traditional scheduling methods that pre-de-
termine EV charging / discharging probabilities often fail
to match reality due to the inherent uncertainty of EV
behavior [11] . Event-wise fuzzy set theory [12] offers a
more accurate representation of uncertainties by combi-
ning detailed context descriptions with data processing
technologies like clustering.

To address these challenges, this paper propo-
ses a novel approach. First, the conditional value at
risk (CVaR) is used for cost quantification, consider-
ing uncertainties in PV and load forecasting. A day-a-
head economic optimal scheduling model based on the
improved SABO algorithm is established, which corpo-
rates operational costs and PV curtailment penalties.
Second, a forecasting model for dispatchable discharge
resources of charging stations is constructed using e-
vent-wise fuzzy set theory. An intraday optimal schedu-
ling model is then developed to update strategies for
energy storage, EVs, and power procurement. Final-
ly, an experimental scenario based on the IEEE 33-
bus system is designed for simulation verification. Re-
sults show that the proposed method can fully exploit
the dispatchable resources of charging stations,
achieving comprehensive optimization and improve-
ment of distribution network operational benefits.

1　 Framework of optimal scheduling model
for active distribution network based on
multi-scenario fuzzy set charging station
resource forecasting

　 　 The uncertainties introduced by the high-propor-
tion distributed photovoltaics and electric vehicles
pose new challenges for the scheduling of active distri-

bution networks. In certain scenarios, the output fluc-
tuation frequency of PV systems reaches the minute
scale or even shorter, making day-ahead optimization
insufficient to handle the randomness of PV genera-
tion. Meanwhile, although energy storage systems
feature fast response and flexible regulation, frequent
operation reduces their service life and increases
costs. By collecting the state of charge (SOC) data of
EVs in charging stations to form a forecast set of dis-
patchable resources, the scheduling potential of EV
charging stations can be fully exploited to further re-
duce distribution network operation costs. The pro-
posed optimal scheduling model framework for ADNs
based on multi-scenario fuzzy set charging station re-
source forecasting is illustrated in Fig. 1.

The day-ahead optimal scheduling model based
on CVaR risk cost assessment comprehensively con-
siders factors including distribution network operation
plans, PV output forecasts, day-ahead load predic-
tions, and power purchase prices to formulate energy
storage dispatch plans and grid power procurement
strategies. To achieve the objectives of maximizing
PV consumption and minimizing operation costs, a
penalty term of PV curtailment is incorporated into
the day-ahead model. With an optimization interval
of 1 h, the model formulates a 24 h operation plan
targeting minimal operation costs and PV curtailment
penalties.

The intraday optimal scheduling model based on
charging station fuzzy set resource forecasting generates
event-wise fuzzy sets for charging stations using histori-
cal datasets, characterizing the uncertainty of charging
station resources through multi-scenarios. With an op-
timization interval of 15 min, the intraday model for-
mulates a 2 h rolling operation plan by integrating the
fuzzy set forecasts of charging station discharge re-
sources and real-time PV / load data.

Fig. 1　 Active distribution network optimal scheduling model framework
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2 　 Day-ahead optimal scheduling model
based on CVaR risk cost assessment

　 　 Due to the uncertainties in new energy generation
and load demand, discrepancies exist between day-a-
head forecasts and actual intraday operations, introdu-
cing scheduling risks for ADNs. To evaluate the risks
posed by such uncertainties, this paper quantifies the
scheduling risks of distribution networks caused by
forecast errors in PV systems and loads based on
CVaR. The day-ahead optimization takes the operation
cost of the distribution network and the risk cost resul-
ting from PV and load forecast errors as the objective
function to ensure the economic operation of the distri-
bution network. The objective function is

min f = min Fda + FCVaR (1)
where Fda is the day-ahead operation cost of the distri-
bution network, FCVaR is the risk cost of PV and load
forecast errors.

2. 1　 Day-ahead operation cost
The operation cost comprises power loss costs, op-

eration and maintenance (O&M) costs of PV systems
and energy storage, as well as grid power purchase
costs, expressed as

Fda = ∑
T

t = 1
∑
j∈ε

Δtf t
bP t

loss, j + ∑
T

t = 1
∑
i∈εESS

Δtf i
ESSP i

ESS +

∑
T

t = 1
Δtf t

bP t
b, grid + ∑

T

t = 1
∑
i∈εPV

Δtf i
PVP i

PV

(2)
where f tb is the grid power purchase price at time t; f i

PV,
f i
ESS are the operation and maintenance costs of the i-th

photovoltaic facility and energy storage system (ESS),
respectively; P t

loss, j, P t
b, grid are the power loss of node j

and the grid power purchase power at time period t, re-
spectively; P i,t

ESS, P i,t
PV denote the active output powers of

the i-th energy storage system and the i-th photovoltaic
unit, respectively; ε,εESS,εPV are the sets of all nodes,
and the sets of nodes integrated with energy storage
systems and photovoltaic units, respectively; Δτ is the
optimization time interval, and T is the total number of
time periods.

2. 2　 CVaR-based forecast risk cost assessment
Value at Risk (VaR) is a financial metric descri-

bing the maximum potential loss of an asset over a spe-
cific period under a given confidence level. However,
it has inherent limitations: it fails to fully measure tail
risks and violates the consistency axiom, which re-

stricts its applicability for risk management. In con-
trast, CVaR offers a more comprehensive risk assess-
ment framework, explicitly quantifying the expected
loss beyond the VaR threshold. This advantage has
made CVaR widely adopted in risk management for
power systems. To Oddress the uncertainties in renew-
able energy generation and load forecasting that impact
distribution network operation and scheduling, the
CVaR theory is introduced herein. CVaR’ s capability
to characterize extreme risks enables robust optimiza-
tion to the volatility of PV output and load demand,
providing a more reliable basis for dispatch decision-
making in active distribution networks.

The conditional expectation CVaR (FcvaR ) when
the loss exceeds the risk value under the confidence
level β can be expressed as

FCVaR = δ -
∑

s

s = 1
Ps [Cs - δ ]

+

β - 1 (3)

where β is the confidence level; Ps is the probability of
scenario s; Cs is the loss cost of abandoned light in sce-
nario s; δ is an auxiliary decision variable for calculat-
ing CVaR, and its optimal value is the VaR.

The scenarios of uncertain quantities Cs are ob-
tained through Monte Carlo simulation.

Cs = ∑
T

t = 1
∑
i∈εPV

ΔτcPVΔPt
i, PV +∑

T

t = 1
∑
i∈ε

ΔτcLoadΔPt
i. Load

(4)

where cPV and cLoad are the risk penalty cost coefficients
for PV curtailment and load shedding, respectively;
ΔP t

i, PV and ΔP t
i. Load are the curtailment amount of pho-

tovoltaic power and the shedding amount of load at
node i in time period t, respectively.

2. 3　 Operational constraints
The operational constraints for PV systems are as

follows.

P i
min, PV < P i

PV < P i
max, PV (5)

where P i
min, PV and P i

max, PV are the minimum and maxi-
mum output powers of the i photovoltaic unit, respec-
tively.

The operational constraints for energy storage sys-
tems are as follows.

P i
ESS = P i

c, ESS - P i
dis, ESS

0 ≤ P i
c, ESS ≤ μPmax

c, ESS, 0 ≤ P i
dis, ESS ≤ λPmax

dis, ESS

(6)

where P i
c, ESS and P i

dis, ESS are the charging power and
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discharging power of the ESS at time t, respectively,
both taking positive values; Pmax

c, ESS and Pmax
dis, ESS are the

maximum charging power and maximum discharging
power of the ESS; μ and λ are binary variables, μ = 1
when charging (and 0 otherwise), while λ = 1 when
discharging (and 0 otherwise).

Power balance constrain is as follows.

P t
PV + P t

ESS + P t
b, grid = P t

Load + P t
loss (7)

where P t
PV is the total active power output of all PV sys-

tems at time t; P t
ESS is the total net power of all energy

storage systems at time t; P t
b, grid is the power purchased

from the grid at time t; P t
Load is the load power demand

of the grid at time t; P t
loss is the power loss of the grid at

time t.

2. 4　 Improved subtraction optimization algorithm
Trojovsk􀆪 et al. [8] proposed the subtraction-aver-

age-based optimizer ( SABO) in 2023, inspired by
mathematical computation. The algorithm updates and
optimizes the positions of search agents by calculating
differences between individuals and objective function
values, based on the principle of subtraction-average
operations.

SABO features strong optimization capability and
fast convergence, providing significant advantages in
solving optimization problems. However, the day-a-
head optimization model of distribution networks is a
complex high-dimensional function. SABO tends to fall
into local optima in the late stages of iteration when ap-
plied to this model. To address this issue, this paper
improves the SABO algorithm by integrating chaotic
mapping and the golden sine strategy[13] .
2. 4. 1 　 Principle of the subtraction optimization algo-

rithm
　 　 In the initialization phase, the population is ran-
domly generated with Eq. (8) to determine the posi-
tions of individual agents.

xi, d = lbd + ri, d(ubd - lbd),
( i = 1, …, N, d = 1, …, m)

(8)
where ubd and lbd are respectively the upper and lower
bounds of the d-dimension components of the popula-
tion individuals of X i; ri, d is a random number within
the interval [0, 1]; xi, d represents the d-th dimension
of the i-th population individual (d = 1, …, m); the
population number is N, and the dimension is m.

For the position update method, the SABO algo-
rithm defines a new computational concept ‘ - v’ ,
which is applied to the search agents A and B. The
definition is as follows.

A - vB = sign(F(A) - F(B))(A - v→ × B)
(9)

where v→ is a vector of dimension m and a random num-
ber generated from the interval [1, 2]. F ( A) and
F(B) are respectively the objective function values of
search agents A and B, ‘ sign( )’ is a sign function。
When calculating the position of new individuals in
each round, the population individuals will perform the
‘X i’ operation with all other individuals based on the
subtraction formula in Eq. (10), then calculate the av-
erage value, and use this as the offset to update the po-
sition. The calculation method of the new individual
position is as follows.

Xnew
i = X i + r→i ×

1
N∑

N

j = 1
(X i - vX j),

i = 1, 2, …, N
(10)

where Xnew
i is the new individual position generated

based on the individuals in the population X i with a to-
tal number of N; N is the total number of particles; r→i

is a vector following a normal distribution, with compo-
nents drawn from [0, 1].

After obtaining new population individuals, if the
fitness value of a new individual is better than that of
the original individual, it is retained for the next itera-
tion; otherwise, the original individual X i is adopted.
The update formula is as follows.

X i = Xnew
i Fnew

i < F i

X i else{ (11)

where Fnew
i is the fitness value of the new individual, F i

is the fitness value of the original individual.
2. 4. 2　 Improvement strategies

The population initialization of the SABO algorithm
adopts a random distribution, where some individuals
are far from the optimal solution, affecting the conver-
gence speed of the algorithm. Meanwhile, the position
update method of this algorithm uses the subtraction av-
erage of all particles’ positions without utilizing the
global optimal value in each iteration, making it prone
to falling into local optima. To address this issue, this
paper introduces a Sine chaotic mapping to improve
population initialization and introduces a golden section
coefficient to update particle positions.

After introducing the Sine chaotic mapping, the
population distribution becomes more uniform, which
can improve the convergence speed of the algorithm.
The golden sine strategy combines the principles of the
golden section and sine function, demonstrating excel-
lent optimization capabilities in traversing the search
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space and effectively finding the global optimal solution
of multi-modal functions. Due to the relative insensitiv-
ity of the SABO algorithm with respect to the setting of
initial values and constraint conditions, the proposed
improvement idea is as follows: when the fitness value
of particles does not change in the current iteration,
the golden sine algorithm is adopted to introduce the
golden section coefficient for updating particle posi-
tions. This improvement leverages the global optimiza-
tion advantage of the golden sine algorithm to help the
SABO algorithm escape from local optimal solutions,
without excessively increasing the computational load of
fitness values.

The mathematical expression for population initial-
ization after introducing the Sine chaotic mapping is as
follows:

xi +1 =
δsin(πxi)

4 (12)

where the parameter δ is a constant within the interval
[0, 4] . The closer it is to 4, the more obvious the
chaotic state becomes.

The calculation formulas for the golden section co-
efficients x1 and x2 are as follows.

x1 = a × (1 - φ) + b × φ
x2 = a × φ + b × (1 - φ)

(13)

where, a and b are the initial value for golden section
ratio search, generally a = - π, b = π; φ is the
golden section ratio with a value of ( 5 - 1) / 2.

The position update method adopted is as follows:

xt +1
i = xt

i | sin( r1) | - r2sin( r1) | x1Dt
i - x2xt

i |
(14)

where xt +1
i is the position of the i-th individual at

the ( t + 1)-th iteration; xt
i is the position of the i-th in-

dividual at the t-th iteration; Dt
i is the optimal position

of the i-th individual at the t-th iteration; r1 is a random
number within the range of [0, 2π]; and r2 is a ran-
dom number within the range of [0, π].

The flow chart of the improved subtraction optimi-
zer algorithm is shown in Fig. 2.

3 　 The intraday optimal scheduling model
based on charging station resource fore-
casting

3. 1　 Objective function
The intraday optimal scheduling model aims to

minimize the total operational cost of the distribution

Fig. 2　 Flowchart of ISABO

network, which comprises network losses, grid elec-
tricity procurement, maintenance costs of photovoltaic
and energy storage systems, as well as the costs associ-
ated with the charging station resource scheduling.

Fdi = ∑
T

t = 1
∑
j∈ε

Δτf t
bP t

loss, j + ∑
T

t = 1
∑
i∈εESS

Δτf i
ESSP i

ESS +

∑
T

t = 1
Δτf t

bP t
b, grid + ∑

T

t = 1
∑
i∈εPV

Δτf i
PVP i

PV +

∑
T

t = 1
∑
j∈εd

Δτf t
dP t

d, j

(15)

where f t
b denotes the electricity purchasing price from

the grid at time t; f i
PV and f i

PV represent the operation
and maintenance costs of the i-th photovoltaic unit and
energy storage system, respectively; f t

d represents the
resource scheduling cost of the electric vehicle charging
station at time t; P t

loss, j and P t
b, grid denote the power loss

and electricity purchasing power at node j and time t,
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respectively; P i
ESS, P i

PV denotes the output power of the
i-th energy storage or photovoltaic unit; P t

d, j denotes
the scheduled discharging power of the j-th charging
station; ε,εESS,εPV and εd represent the sets of all
nodes, and the subsets of nodes with integrated energy
storage systems, PV units, and charging stations, re-
spectively; and P t

b, grid represents the optimization time
interval within the scheduling period T.

Dispatchable resource output constraint of char-
ging stations is

Pmin
d, j < Pd, j < Pmax

d, j (16)

where Pmin
d, j and Pmax

d, j denote the lower and upper bounds
of the dispatchable resources at the charging station,
respectively. Other constraints are the same as those in
Eqs. (5), (6) and (7).

3. 2 　 Charging station resource forecasting model
based on event-wise ensemble

3. 2. 1　 Historical data aggregation
The sample data for charging station resource fore-

casting includes the state of charge of electric vehicles
at the station—both during automatic charging / dischar-
ging events and at the time of sampling. where the dis-
tance norm is explicitly defined as the Euclidean norm
‖·‖2 The sampling interval is 15 min, with a total
of M = 96 samples per day, forming a historical dataset
of pre-charging station conditions. Let day K be the tar-
get prediction day, and the previous K - 1 days be
used to generate intraday forecasting adjustment plans.
On day K - 1, historical data from the current day and
similar days Kh are used. Among the prediction curves
from Kh similar historical days, the K-th day’s forecast
curve is selected based on similarity. From these, K
historical forecasting curves with the highest similarity
are aggregated. The aggregated curves are then mapped
to their corresponding actual curves to establish an e-
vent-wise ensemble for charging station resource fore-
casting on day K.

Fig. 3　 Schematic diagram of the construction
method for the fuzzy set in charging
station resource forecasting

To analyze the historical data of charging stations,
the historical datasets of actual and predicted values
are denoted as H and HP .

H = {H1, …, Hi, …, HKh
} (17)

HP = {Hl, p, …, Hi, p, …, HKh, p} (18)

where Hi, Hi, p represent the actual and predicted M-
dimensional vectors of dispatchable power resources on
day i, respectively. Due to rapid fluctuations in power
data collected during certain periods, short-term noise
may negatively affect the effectiveness of the clustering
process. Therefore, a simple moving average method is
applied to smooth the data. By calculating the moving
average over a fixed time window, short-term fluctuations
are suppressed, resulting in the processed vector H.

SMAt = 1
n∑

n-1

i = 0
Yt -i (19)

where SMA t represents the simple moving average at
time point t, n is the window size, Y t - i is the data at
time point t - i.

The distance between the forecasted power curve
Lb for the next day and the historical dataset Hi, p is re-
presented as

Di = ‖Lb - Hi, p‖2, i = 1, …, Kh (20)

Let Ha denote the forecasted power output curve
for the next day, and Lb represent the set of historical
forecast profiles. The set Ha comprises historical pre-
diction vectors Hi, p whose distance from Lb is less than a
predefined threshold λ. The corresponding set of actual
dispatchable resource vectors, obtained through simple
moving average processing, is denoted as Hc, and is
formally defined as follows.

Ha = {Hi, p ∣ Di < γ} (21)
Hc = {H′i | Di < γ} (22)

A threshold value of γ ≈ 0. 4‖Ha‖ yields satis-
factory clustering results, where ‖·‖ denotes the Eu-
clidean norm. The K-means clustering algorithm is em-
ployed to categorize the elements in Hc, resulting in V
cluster centers denoted by HC

1 , …, HC
V . The set CV =

{H′n1, …, H′nV} represents the subset of actual dis-
patchable resource vectors from charging stations as-
signed to the V-th cluster. The similarity between Kh

and the elements in CV is quantified using weighted val-
ues proportional to their respective similarities.

The expected distance EV is then defined as the
average distance between the actual dispatchable re-
source vectors in the CV cluster and the corresponding
cluster center HC

V . The ideal upper and lower bounds of
the cluster are denoted by HC

max and HC
min, respectively,

and are given by the following expressions.

HC
max( j) = max{H′n1( j), …, H′nv( j)} (23)
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HC
min( j) = min{H′n1( j), …, H′nv( j)} (24)

3. 2. 2 　 Construction of event-wise fuzzy sets for dis-
patchable resources in charging stations

　 　 The general formulation of the event-wise fuzzy set
is given by

 ∈P0(ℝ
Iz × [S])

(z, s) 
 P[z | s ∈Ek] ∈Qk, ∀k∈[K]

 (z∈Zs | s = s) = 1, ∀s ∈[S]

 (s = s) = ps, ∀s ∈[S]

ì

î

í

ï
ïï

ï
ïï

ü

þ

ý

ï
ïï

ï
ïï

(25)

There are K events εK in the event-wise fuzzy set.
Each event is associated with a group of scenarios s,
where s is a random variable representing the scenario
index, and z is a random vector. For each event εK, the
expectation of the random vector z is required to lie
within the set Qk . Qk represents a subset of ℝ Iz , used
for constraint condition expectations; ps is the marginal
probability of events occurring; [K] and [ S] denote
the index sets {1, 2, …, K} and {1, 2, …, S}, re-
spectively; ( z,s) is randomly distributed according to
distribution  on ( z,s); Zs represents the constraints on
the values of z under scenario s;  P[z | s∈Ek] denotes
the conditional expectation of the random vector z with
respect to the distribution  , given that the scene index
belongs to event Ek, where  denotes the joint probability
measure of random pair (z,s).

The dispatchable power resource Pd of the char-
ging station can be expressed as

Pd = ∑
m

i = 1
(Si - Sout_i) × P i (26)

where Si, Sout_i, P i denote the current state of charge
(SOC) of the i-th electric vehicle at the station, its
SOC at departure, and the maximum discharge power,
respectively. The variable m represents the total num-
ber of electric vehicles with Si > Sout_i .

Based on the clustering results in Subsection 3. 2. 1,
the fuzzy representation of dispatchable power resources
at the charging station can be formulated as follows.

 ∈ P0(ℝ
T × [S])

(z, s) 
 p[‖z - HC

k‖2 s = sk] ≤ Ek, ∀k = 1, …, K

 (z ∈[Hk
min, Hk

max] s = sk) = 1, ∀k = 1, …, K

 (s = sk) = wk, ∀k = 1, …, K

ì

î

í

ï
ï
ïï

ï
ï
ï

ü

þ

ý

ï
ï
ïï

ï
ï
ï

(27)

Among them,  represents the probability distri-
bution, defined on space ℝ T × [S]; ℝ T represents
the real number space of T dimension, that is, the
possible value of photovoltaic output at each time point
( total T); [S] represents the scene set, i. e. all pos-
sible uncertainty scene numbers ( from 1 to S);  p re-
presents conditional expectations under the probability
distribution  , z ∈ ℝ T represents a random vector,
that is, the actual output curve of photovoltaic power
(T dimensions); HC

k represents the output curve (T-
dimension) of the kth clustering center, which is the
representative curve obtained by K-means clustering;
‖.‖P represents the p-norm; s = sk indicates that the
current scenario belongs to Class K events; Ek represents
the upper bound of the average distance from all actual
output curves to the clustering center in class k events;
Hk

min, Hk
max are the minimum and maximum values (T-

dimensional vectors) of all actual output curves in class
k events at each time point, respectively; [Hk

min, Hk
max]

represents a set of intervals, that is, the value range of
photovoltaic output at each point in time; s represents a
random variable and represents the current scenario, sk
represents the kth scene and wk represents the probabili-
ty weight of the occurrence of the kth scenario, usually
determined by the proportion of the number of samples
of that class in the cluster to the total.

3. 3　 Solution method
An interior-point optimization model is adopted,

where a two-stage chained solution method is em-
ployed. P t

ij, Qt
ij denote the active and reactive power

flows on branch ij, and Ut
i denotes the voltage magni-

tude at node i. Then, the line current magnitude Itij and

the squared voltage magnitude Ut
ij are given by

Itij =
(P t

ij) 2 + (Qt
ij) 2

Ut
i

( )2

Ut
ij = Ut

i
( )2

(28)

The DistFlow power flow equations are formulated
as follows.

∑
i∈u( j)

[P t
ij - rijItij] = ∑

k∈v( i)
P t

jk - P t
j (29)

∑
i∈u( j)

[Qt
ij - xijItij] = ∑

k∈v( i)
Qt

jk - Qt
j (30)

Ut
j = Ut

i - 2( rtijP t
ij + xt

ijQt
ij) + ( r2ij + x2

ij) Itij (31)

where u(j) denotes the set of upstream nodes connected
to node j, while v(j) denotes the set of downstream nodes
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connected from node j; The parameters rtij and xtij represent
the resistance and reactance of branch ij, respectively; Itij
denotes the square of the current magnitude flowing
through branch i - j at time t; Pt

ij represents the active
power flowing from node i to node j at time t. Qt

ij repre-
sents the reactive power flowing from node i to node j at
time t; Pt

j and Qt
j denote the active and reactive power in-

jections at node j; Ut
j denotes the square of the voltage

amplitude at time t and node j. Active power injection in-
cludes photovo ltaic generation at node j, dispatchable
power from charging stations, energy storage discharge,
and load demand. Reactive power injection includes photo-
voltaic reactive power and reactive load demand at node j.

4　 Case study

4. 1　 Experimental scenario design
The proposed method is validated through simula-

tion based on the IEEE 33-bus distribution system.
Distributed photovoltaic units are integrated at buses 12
and 24, with a total installed capacity of 600 kW and a
power factor of 0. 95. Given the limited geographical
area of the test system, we assume the output profiles
of all PV units are similar. Energy storage systems are
deployed at buses 3 and 20, with total capacities of
300 kW amd 600 kWh. The maximum and minimum
state of charge are set to 0. 9 and 0. 1, respectively. EV
charging stations are installed at buses 7 and 20, each
of which is capable of simultaneously providing charging
services for up to 80 EVs. The charging stations collect
real-time SoC data from connected EVs. The maximum
and minimum discharging power for each station are set
to 50 kW and 30 kW, respectively. The minimum SoC
threshold for discharging EVs is set to 0. 8.

To further enhance the prediction accuracy of dis-
patchable resources at the charging stations, it is rec-
ommended that future work incorporates a more com-
prehensive set of real-world influencing factors. These
include weather conditions, holiday effects, user char-
ging time preferences, and choices around charging
power levels. Integrating these behavioral and contex-
tual elements into the forecasting model can better cap-
ture the variability and uncertainty of EV user demand,
thereby improving the reliability and practicality of the
scheduling strategy.

The day-ahead optimization model is solved using
GUROBI 9. 5. 1, and the simulation environment is im-
plemented using Matlab 2023.

4. 2　 Analysis of day-ahead dispatch optimization
results　

　 　 To evaluate the performance of the proposed mod-

el, the typical day characterized by high photovoltaic
output volatility is selected for analysis. The objective
of the day-ahead dispatch is to minimize the total oper-
ational cost and risk cost for the distribution network.
The cost parameters for PV and energy storage systems
are presented in Table 1, while the time-of-use elec-
tricity prices used in the model are listed in Table 2.

Table 1　 Cost factors for photovoltaics and energy storage

Equipment type Photovoltaics Energy storage

Depreciation period / a 20 10

Installation cost
(10 000 CNY·kW - 1)

0. 34 0. 17

O&M cost coefficient
(10 000 CNY·kW - 1·h - 1)

0. 009 6 0. 142 0

Table 2　 Time-of-use electricity prices

Time period
Electricity price /

CNY·kW - 1·h - 1

8∶ 00 - 13∶ 00 / 17∶ 00 - 23∶ 00 1. 143

13∶ 00 - 17∶ 00 0. 781

23∶ 00 - 8∶ 00 0. 412

4. 2. 1　 Comparison of algorithmic performance improve-
ments

　 　 To evaluate the effectiveness of the proposed opti-
mization method, three algorithms are applied to solve
the model: particle swarm optimization ( PSO), SA-
BO, and the proposed ISABO method. The optimiza-
tion convergence curves obtained from these methods
are illustrated in Fig. 4 for comparative analysis.

Fig. 4　 Model optimization algorithm comparison

As shown in Fig. 4, the SABO and ISABO al-
gorithms converge significantly faster than the PSO
algorithm. ISABO and SABO achieve near-optimal
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solutions in about 18 iterations, while PSO takes a-
round 49 iterations. ISABO also shows higher solu-
tion accuracy, achieving the lowest total operational
cost and fastest convergence speed, validating the ef-
fectiveness of the improved mean-variance optimiza-
tion algorithm.

To better understand and apply the ISABO algo-
rithm, it is crucial to analyze the impact of key param-
eters on optimization performance. These parameters
include population size (N), frequency range ( fmin,
fmax), pulse emission rate ( r), and loudness (A). A
population size of 30 to 50 is recommended for most
problems, balancing exploration and computational ef-
ficiency. A frequency range of [0, 2] is effective for
ISABO, allowing for efficient exploration and exploita-
tion. The pulse emission rate should start at 0. 5 and
gradually increase to 0. 9 during optimization to balance
exploration and exploitation. The loudness should start
at 1. 0 and decrease to 0. 5 to fine-tune solutions in lat-
er stages.

Additionally, the initialization method and stop-
ping criteria significantly affect ISABO’s performance.
While random initialization is commonly used, methods
like Latin hypercube sampling can improve the initial
population distribution. Stopping criteria can be based
on a fixed number of iterations, a threshold for solution
improvement, or a combination of both.

In summary, ISABO shows promising performance
in convergence speed and solution accuracy. Carefully
tuning the parameters within the suggested ranges and
considering initialization and stopping criteria can ef-
fectively enable the algorithm to be applied to various
optimization problems.
4. 2. 2　 Verification of operational cost optimization

effect
　 　 By comparing the scheduling results of the ISA-
BO, SABO, and PSO algorithms, the operational cost,
cost reduction rate, and curtailment reduction index
before and after optimization are calculated for each al-
gorithm. The economic performance of the improved
mean-variance optimization algorithm is then analyzed
based on these indicators. The results are presented in
Table 3. Without employing any optimization strategy,
the total operational cost for the day is 12 260 CNY.
After applying the ISABO algorithm, the total daily op-
erational cost is reduced to 10 930 CNY, representing
a 10. 13% decrease. Compared with the optimization
outcomes of the SABO and PSO algorithms, ISABO a-
chieves a more significant reduction in both total cost
and curtailment, demonstrating that the proposed opti-
mization strategy can effectively enhance the operation-
al economy of distribution networks.

Table 3　 Comparison of optimization results of each algorithm

Method
Curtailment
reduction /
kW·h

Total
cost / CNY

Total cost
reduction
rate / %

ISABO 239 10 930 10. 13

SABO 186 11 290 7. 90

PSO 198 11 480 6. 36

4. 2. 3　 Analysis of dispatch strategy
As illustrated in Fig. 5, based on the optimized

dispatch results, it can be observed that during the pe-
riod from 23∶ 00 to 8∶ 00, the system load is relatively
low, and photovoltaics generation is unable to output
power. During this time, the power supply primarily
relies on grid purchases and discharging from energy
storage systems. From 8 ∶ 00 to 13 ∶ 00, electricity
prices are relatively high, and system load gradually
increases. When PV generation is insufficient to meet
the demand, additional electricity purchases lead to
higher operational costs. To address this, discharging
from energy storage is scheduled as a supplementary
power source to enhance economic efficiency. From
13∶ 00 to 23 ∶ 00, the PV output gradually decreases
and approaches zero. During this period, system pur-
chases and storage discharging jointly balance the sys-
tem load.

Fig. 5　 Day-ahead optimization result

4. 3 　 Intra-day dispatch optimization results
analysis　

4. 3. 1　 Effectiveness of scenario set construction
In this case study, 500 historical data samples from

a selected electric vehicle charging station were uti-
lized. The station can provide charging and discharging
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services to a maximum of 80 EVs simultaneously. Each
charging pile is capable of collecting the EV’s charging
and discharging status, with the respective charging and
discharging power rates of 50 kW and 30 kW.

The screening criteria stipulate that the start time
for early peak discharging shall be set at 8∶ 00, and the
start time for evening peak discharging shall be set at
19 ∶ 00. During the early peak period, EVs are re-
quired to participate in discharging only if their state of
charge SOC > 0. 5. To ensure normal user travel, the
SOC after discharging must not be less than 0. 5. Dur-
ing the evening peak period, EVs are permitted to dis-
charge if SOC > 0. 1. To protect battery life, the SOC
after discharging must not fall below 0. 1.

Based on the above criteria, clustering analysis
was conducted on the dispatchable discharge resources
of the charging station, as illustrated in Fig. 6.

Fig. 6　 EV schedulable resource scenario clustering

K-means clustering was applied to the daily dis-
patchable discharge resource forecasting curves of a lo-
cal charging station, with the number of clusters set to
5. The vehicle dispatchability within the station was
clustered to construct discharge probability scenarios,
resulting in 5 scenario groups. The corresponding sce-
nario probabilities are 0. 196, 0. 214, 0. 168, 0. 203,
and 0. 219, respectively. The forecasting conditions for
each scenario are shown in Fig. 7.

Fig. 7　 Dispatchable discharge resource scenarios

4. 3. 2　 Forecasting effect validation
To validate the effectiveness of the clustering-

based forecasting, we selected a time period with pro-
nounced load fluctuations (12∶ 00 - 14∶ 00) for optimi-
zation using all intraday data. Two optimization scenar-
ios were designed as follows.

Scenario 1:EV discharge resources at the charging
station participate in dispatch.

Scenario 2: EVs at the charging station are used
only for charging and do not participate in discharge re-
source dispatch.

The optimization results under the two scenarios
are shown in Fig. 8. In Scenario 1, during the period
from 12∶ 00 to 13 ∶ 00, due to high electricity prices,
the dispatch level of discharge resources at the charging
station was increased to compensate for the power short-
age and reduce the overall cost. From 13∶ 00 to 14∶ 00,

Fig. 8　 Comparison of intraday optimization results
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during the system load peak and low electricity prices,
system power purchases increased. Meanwhile, stor-
age-enabled electric vehicles participating in dispatch
were automatically charged, reducing users’ charging
costs. In Scenario 2, under similar conditions, due to
the lack of available dispatchable discharge resources
from the charging station, the burden on the grid in-
creased. At the same time, the charging behavior of
EVs did not avoid periods of high electricity prices,
further increasing the operational cost of the distribu-
tion network.

As shown in Table 4, the cost after intraday opti-
mization was 2 793 CNY, compared to 3 176 CNY be-
fore optimization, representing a reduction of approxi-
mately 12. 0% . Moreover, the peak load on the power
grid was reduced by 5. 4% compared to the pre-optimi-
zation scenario. By comparing these two scenarios, it
is evident that intraday optimization based on the fore-
casting of dispatchable resources at charging stations
can effectively reduce the operating cost of the distribu-
tion network. This demonstrates the feasibility of lever-
aging the dispatch potential of charging stations to re-
duce system operational costs and alleviate peak load
pressure on the grid.

Table 4　 Intraday optimization data comparison

Condition Operating cost /
CNY

Load peak /
kW

Before optimization 3 176 1 387

After optimization 2 793 1 312

5　 Conclusions

To address the uncertainties introduced by the in-
tegration of electric vehicle charging stations and dis-
tributed photovoltaics into distribution systems, this
study proposes a two-stage intraday scheduling model.
This model is based on an improved mean-variance op-
timization algorithm combined with fuzzy clustering the-
ory. The model is designed to fully exploit the active
support capability of EV charging stations and enhance
the operational stability and economic efficiency of dis-
tribution networks under multi-time-scale uncertain-
ties.

The simulation study, conducted on the IEEE-33
bus system, demonstrates that the proposed method ef-
fectively leverages the scheduling potential of EV char-
ging stations across different time periods. Compared
with conventional scheduling strategies, the proposed
approach achieves more efficient load shifting by en-

couraging charging during low-price periods and dis-
charging during peak demand periods. This not only
alleviates grid pressure during high-demand intervals
but also improves the economic benefits for both the
grid and users. Furthermore, the model exhibits strong
adaptability under various scenarios with fluctuations in
photovoltaic output and electricity prices, confirming
its robustness and practicality.

From a broader perspective, this research pro-
vides a scalable scheduling framework that can be a-
dapted to distribution networks with high penetration of
renewables and flexible loads. The methodology offers
insights into the coordinated management of uncertainty
in multi-time-scale operations, contributing to both the
theoretical and practical advancement of smart distribu-
tion systems. Future work will focus on real-time
scheduling strategies and more detailed modelling of
user behaviour to further enhance the applicability and
effectiveness of the approach.
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