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Abstract

To address the problem of high lifespan loss and poor state of charge (SOC) balance of electric vehicles (EVs) participating in grid
peak shaving, an improved golden eagle optimizer (IGEO) algorithm for EV grouping control strategy is proposed for peak shaving sce-
narios. First, considering the difference between peak and valley loads and the operating costs of EVs, a peak shaving model for EVs is
constructed. Second, the design of IGEO has improved the global exploration and local development capabilities of the golden eagle
optimizer (GEO) algorithm. Subsequently, IGEO is used to solve the peak shaving model and obtain the overall EV grid connected
charging and discharging instructions. Next, using the k-means algorithm, EVs are dynamically divided into priority charging groups,
backup groups, and priority discharging groups based on SOC differences. Finally, a dual layer power distribution scheme for EVs is
designed. The upper layer determines the charging and discharging sequences and instructions for the three groups of EVs, whereas
the lower layer allocates the charging and discharging instructions for each group to each EV. The proposed strategy was simulated
and verified, and the results showed that the designed IGEO had faster optimization speed and higher optimization accuracy. The pro-
posed EV grouping control strategy effectively reduces the peak–valley difference in the power grid, reduces the operational life loss of
EVs, and maintains a better SOC balance for EVs.

Keywords: Electric vehicles; Peaking; Power distribution; Improved golden eagle optimization

0 Introduction

The introduction of China’s dual-carbon goal has
prompted the integration of a substantial share of renew-

able energy sources such as wind and solar energy into
the power grid. Consequently, the inadequacy of the peak
load regulation capacity becomes more apparent. Tradi-
tional thermal power units suffer from poor regulation sen-
sitivity, sluggish scheduling, and substantial pollution
during peak load regulation. Similarly, hydropower units
encounter challenges related to their geographical and sea-
sonal characteristics regarding peak load regulations [1,2].
Following the extensive incorporation of new energy
sources, the ability of power grids to regulate peak loads
has encountered significant challenges. EVs are a novel
form of load with controllability, bidirectionality, and flex-
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ibility [3]. Projections from pertinent research indicate that
the number of EVs in China is expected to reach 30 million
by 2030 and escalate to 80 million by 2050. The substantial
presence of EVs and their advantageous capacity for rapid
battery charging and discharging have emerged as valuable
resources for mitigating strain in power grid peak load reg-
ulation [4].

Numerous studies have directly employed EVs in regu-
lations to address the peaking problem. For instance, a
control strategy rooted in adaptive dynamic programming
was proposed in [5], which incorporated a substantial
number of EVs through an aggregator for active involve-
ment in ancillary services for the grid. While achieving sat-
isfactory peaking effect, this approach neglects economic
considerations by ignoring the charging and discharging
costs of EVs. A random management control algorithm
for EV charging in a stochastic environment was proposed
in [6], which considers charging costs; however, the peak-
ing effect was not prominent. It is evident that these studies
inadequately considered operational characteristics, such
as EV charging and discharging costs and battery costs,
leading to indistinguishable peaking effects and high
adjustment costs for EVs. In response, certain studies have
built optimization scheduling models for EV participation
during peaking, considering various operational character-
istics of EVs, and have investigated methods to solve these
models. For the optimization objective construction pro-
cess, a model with user charging and discharging costs as
the objective function has been established [7]; however,
it does not consider the bidirectional scheduling ability
of EVs. A peak-shaving model with the minimization of
battery aging costs was constructed in [8], with charging
and grid loss costs as objectives, thoroughly considering
the cost issues associated with EVs. However, the peak-
shaving effect was not significant.

In terms of the solution process, a three-layer energy
management model for the large-scale integration of mul-
tiple microgrids was constructed [9]. It employs an
information-based polyhedron indeterminacy set solution
for an EV participation peak-shaving scheduling model
based on an enhanced self-organizing feature-mapping
artificial neural network. Nevertheless, the simulation
results indicated a low optimization accuracy. The partic-
ipation of electric vehicles in peaking is considered a multi-
objective, multi-parameter, and constraint problem, which
was proposed in [10] and solved using the Lagrange multi-
plier theory. However, the model is complex and the solu-
tion speed is slow, leading to prolonged computation
times. Overall, existing heuristic algorithms that are effec-
tive in solving scheduling models suffer from drawbacks
such as slow optimization speed and low precision. The
golden eagle optimizer (GEO) algorithm, a novel heuristic
optimization algorithm, was proposed in [11], which can
effectively solve global optimization problems. However,

in cases of insufficient population diversity, the GEO algo-
rithm is still prone to falling into local optima, resulting in
low accuracy of the optimization results and an inability to
accurately solve EV participation in power grid peak-
shaving optimization scheduling instructions. Therefore,
it is necessary to improve GEO algorithms. The Bernoulli
chaotic mapping theory can improve the diversity of the
initial population of the algorithm and balance global
exploration and local development. Therefore, this paper
proposes an improved GEO algorithm based on Bernoulli
chaotic mapping theory, which ensures strong real-time
data processing ability in peak-shaving scenarios, acceler-
ates algorithm optimization speed, improves algorithm
optimization accuracy, and avoids problems such as poor
initial population diversity and weak global search ability
in the initial iteration stage.

To mitigate the degradation of the operational lifespan
of an EV, a distributed two-stage scheduling strategy that
considers the battery degradation of the user was proposed
[12]. This approach reduces the frequency of charging and
discharging cycles during scheduling; however, the extent
of lifespan reduction is limited. The Long Short-Term
Memory (LSTM) method has been used in [13] to orches-
trate ordered charging and discharging schedules for EVs,
accounting for battery degradation costs at different dis-
charge depLSTMths. However, this scheduling scheme
has high computational complexity and requires an
extended execution time. Though these studies address
EV operational lifespan degradation, the reduction in lifes-
pan degradation is limited, and there is an issue of poor
state of charge (SOC) balance for EVs after participating
in scheduling. The SOC equilibrium after EV dispatching
determines its controllable latent capacity, which has been
proposed in [14], emphasizing the importance of maintain-
ing a fine, favorable SOC balance during EV operation to
enhance the controllable capacity in future periods.

Based on the above research, this study is based on the
perspective of the power grid and EV aggregators, com-
mitted to achieving good results of EV participation in
power grid peak shaving and obtaining EV operating ben-
efits, and proposes an improved golden eagle optimization
algorithm for electric vehicle grouping control strategy in
peak shaving scenarios. The main contributions of this
study are as follows:

1) Considering the difference between peak and valley
loads and the operating costs of EVs, an optimized
scheduling model for EV participation in system
peak shaving was established to effectively reduce
the difference between peak and valley loads and
the cost of regulating EV operating life losses.

2) We have designed an improved golden eagle opti-
mizer (IGEO) algorithm, which utilizes the Bernoulli
chaotic mapping initialization method to increase the
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diversity of the initial population, enhance the bal-
ance between global exploration and local develop-
ment, accelerate the optimization speed, and
improve the optimization accuracy of the algorithm.

3) A dual-layer power allocation method for EVs based
on the k-means algorithm for dynamic grouping is
proposed. Using the k-means algorithm, the EVs
are dynamically divided into three groups: priority
charging, backup, and priority discharge. A dual-
layer power allocation scheme is designed for EVs.
The results indicate that the control strategy pro-
posed in this study effectively reduces the peak–valley
difference in the power grid, reduces the operational
life loss of EVs, and improves the SOC balance of
EVs.

1 Control framework implementation

To reduce the peak-to-valley load difference rate while
reducing the operational life loss of EVs and improving
their SOC balance, the IGEO algorithm for EV grouping
control under peaking scenarios is illustrated in Fig. 1.
The specific implementation process is as follows.

1) Optimization of signals for EVs participating in grid
peaking. First, considering both the peak-to-valley
load difference and EV operational attrition, an opti-
mization scheduling model is established for EV par-
ticipation in the peaking system, with constraints on
the maximum charging/discharging power, capacity,
and quantity of EVs. Second, to address the limita-
tions of the original GEO in terms of global opti-
mization and local exploration capabilities, the
GEO algorithm was improved to create the IGEO.
This enhancement results in an improved optimiza-
tion speed and accuracy. The IGEO algorithm was
then utilized to solve the EV peaking model, obtain-
ing the charging and discharging power signals for
EVs.

2) Dynamic grouping and power distribution for EVs.
First, using the k-means algorithm and SOC, the
EVs were categorized into three groups: priority
charge group (PCG), reserve group (RG), and prior-
ity discharge group (PDG). Second, based on the
charging and discharging power signals for each
moment, the charging and discharging sequences
for the three EV groups were confirmed along with
the power distribution scheme, achieving the top-
layer power distribution. Next, considering either
the maximum charging/discharging power or the
SOC balance principle, charging and discharging sig-
nals were issued to each EV, accomplishing a lower
stratum power distribution. Finally, the EVs acted
on the provided charging and discharging directives.

2 Improved golden eagle optimization algorithm for EV

peaking and grid connection signal acquisition

2.1 Dispatching pattern for EV participating in peaking

2.1.1 Objective function construction

To control the disordered EVs to reduce the peak valley
load difference of the power grid while considering the
impact of time of use, electricity prices, and carbon bene-
fits [15], this study designs an original objective function
for the EV pitch in the grid peaking strategy. The objective
function comprises two main components: the grid load
peak-to-valley difference and EV operational cost.

1) Peak-shaving effect

The main purpose of aggregators regulating their sub-
ordinate EVs and participating in grid peak shaving is to
reduce the peak–valley difference of the load curve, while
also ensuring the benefits of aggregators regulating their
behavior. Therefore, this study sets the objective functions
from two perspectives. The first objective function was the
peak–valley difference. The smaller the peak valley differ-
ence, the smoother the load curve. The objective function
constructed using the minimum load peak valley difference
is as follows:

f 1 ¼ maxfP evðtÞ þ P loadðtÞg �minfP evðtÞ þ P loadðtÞg ð1Þ
where f1 is the grid load peak-to-valley D-value, Pev(t) is
the power signal for the charging or discharging of EVs
(positive for charging and negative for discharging) at time
t, and Pload(t) is the grid load power at the time t.

2) Operating costs

In addition, it is necessary to consider the operating
costs of aggregators participating in the regulations. In this
study, the operating costs of the aggregators included the
charging costs, discharge benefits, and benefits obtained
from selling carbon quotas. The objective function con-
structed with the lowest operating cost was

f 2 ¼
X96
t¼1

ðCevðtÞ þ ClossðtÞ þ CcevðtÞÞ ð2Þ

where f2 is the total operating cost of the EV, Cev(t) the
sum of the EV charging and discharging costs, Closs(t)
the cost of the EV battery life loss, and Ccev(t) the total
revenue from the sale of carbon quotas by EVs.

The sum of EV charging and discharging costs Cev(t) is:

CevðtÞ ¼
ccðtÞ � P evðtÞj j; P evðtÞ P 0

cdðtÞ � P evðtÞj j; P evðtÞ < 0

�
ð3Þ

cdðtÞ ¼ ccðtÞ � 0:4þ 0:4 � ccðtÞ � avcrageðccÞ
maxðccÞ �minðccÞ

� �
ð4Þ
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where cc(t) is the time of use electricity price at time t for
grid charging, and cd(t) is the compensation electricity
price at time t for grid discharge, obtained based on the
time of use electricity price.

The cost of EV battery life loss Closs(t) is:

ClossðtÞ ¼ closs � P evðtÞ ð5Þ
where closs is the coefficient of battery lifetime degradation
cost for EVs participating in peaking, set at 0.42 yuan/
(kW�h).

The total revenue from the sale of carbon quotas by
EVs Ccev(t) is:

CcevðtÞ ¼ qev �M evðtÞ ¼ qev � P evðtÞ � Dt � Lev � Egas ð6Þ
where Mev(t) is the carbon emissions of a fuel powered
vehicle that can travel the same distance as an EV at Dt,
expressed in kilograms; qev is the price at which carbon
quotas are sold, with a value of 0.299 yuan/kg; Dt is the
interval time period, with a value of 1; Lev is the distance
that an EV can travel per unit of electricity, typically
5 km per 1 kWh; Egas is the carbon emissions of a fuel

powered vehicle when driving 1 km, with a value of
0.197 kg.

When solving nonlinear programming problems with
multi-objective functions, it is often difficult to achieve
the optimal solution simultaneously, owing to conflicts
between various sub-objectives. Therefore, by determining
the optimal compromise solution, the various sub-
objectives are balanced as much as possible, making them
the closest to the ideal solution. To achieve this, it is often
necessary to convert multi-objective functions into single-
objective functions. However, owing to the different
dimensions of the different objective functions, it can be
difficult to perform these operations directly. Therefore,
it is necessary to normalize the objective function to elim-
inate dimensional differences.

3) Optimization value function

Linear weighting was performed on the objective
functions f1 and f2. When using linear weighting, weight

Fig. 1. Dynamic Group Control Process for EVs.
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coefficients must be introduced to represent the relative
importance of each objective function. The simplified
objective function can be expressed as

min f ¼ x1
f 1

f 1max

þ x2
f 2

f 2max

ð7Þ

where f is the objective function processed by linear
weighting method; f1max is the maximum value of the load
peak valley difference; f2max is the maximum operating cost
of an EV; x1 and x2 are the proportions of the objective
function, also known as weight coefficients, each with
value of 0.5.

2.2 Constraint conditions

1) Constraints on EV Charging and Discharging Power

�NðtÞPN 6 P evðtÞ 6 NðtÞPN ð8Þ

where N(t) is the general number of EVs at time t and PN

is the rated charging and discharging power of the EVs.

2) Limitations on SOC in EVs

SOCmin 6 SOCðtÞ 6 SOCmax ð9Þ

where SOC(t) denotes the SOC of the EV battery at time t.
When the SOC of a battery ranges from 20 to 80 %, the
voltage changes relatively smoothly and slowly and
remains unchanged [16]. Therefore, for the precise control
of EV, SOCmin, and SOCmax are the minimum and maxi-
mum SOC of EV, respectively, with values of 0.2 and 0.8,
respectively.

3) Constraints on the Charging and Discharging Quan-
tity of EVs

ncðtÞ 6 NðtÞ
ndðtÞ 6 NðtÞ
ncðtÞ þ ndðtÞ 6 NðtÞ

8><
>:

ð10Þ

where nc(t) and nd(t) are the charging and discharging
quantities of the EVs at the time t, respectively; N(t) is
the general number of EVs available for scheduling at time
t.

2.3 Improved golden eagle optimization

2.3.1 Basic principle of golden eagle optimization

GEO, introduced by Abdolkarim et al. in 2020, simu-
lates the foraging behavior of golden eagles [15]. Given
its fast convergence speed and strong optimization capa-
bility, GEO are currently widely applied in scenarios such
as microgrid optimization scheduling [17], load forecasting

[18], and power inspection [19]. A GEO operates based on
the following fundamental principle:

1) Establish the initial size of the population

X
*

i ¼ lbi þ r1ðubi � lbiÞ ð11Þ

where X
*

i is the current location of the optimizing individ-
ual; lbi and ubi represent the lower and upper boundaries

of X
*

i respectively; r1 is the randomly present number uni-
formly distributed between [0,1].

2) Determine the attack coefficient Pa and the cruising
coefficient Pc

pa ¼ p0a þ m
M pMa � p0a
�� ��

pc ¼ p0c þ m
M pMc � p0c
�� ��

(
ð12Þ

where m is the immediate iteration count; M is the maxi-

mum iteration count; P 0
a and PM

a are the primary and ulti-

mate values of the attack coefficient, respectively; and P 0
c

PM
c are the primary and ultimate values of the cruising

coefficient with P 0
a, P

M
a , P

0
c , and PM

c set to 0.5, 2, 1, and
0.5, respectively.

3) Execute attack and cruising behaviors

The golden eagle must perform either an attack or
cruise on its prey during each iteration. The attack behav-
ior can be simulated using vectors, and the computing for-
mula is as follows:

A
*

i ¼ X
*�

f � X
*

i ð13Þ

where A
*

i is the attack complexor of the i-th golden eagle;

X
*�

f is the optimal location reached by the current golden

eagle; X
*

i is the location of the i-th golden eagle.
The cruise behavior can be described in terms of a cruis-

ing vector, which is counted based on the attack com-
plexor. The equation for counting cruising vectors is as
follows:

C
*

i ¼ c1; c2; c3; . . . ; cnf g

cn ¼
r ; n–kPn

j¼1
hjxj�

Pk

j¼1
aj

ak
� 1 ; n ¼ k

8<
:

ð14Þ

where H ¼ h1; h2; . . . ; hn½ � is the vector normal to the cruise
trajectory hyperplane, X ¼ ½x1; x2; . . . ; xn� is the decision
variable vector, A ¼ a1; a2; . . . ; an½ � is the attack vector,
and r is a random digit in [0,1].
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4) Position Update

X
*mþ1

i ¼ X
*m

i þ DX
*m

i

DX
*m

i ¼ r2pa
A
*

i

k A
*

ik
þ r3pc

C
*

i

k C
*

ik

8>><
>>:

ð15Þ

where r2 and r3 are random numbers between [0,1], X
*m

i is

the location of the golden eagle after m iterations, X
*mþ1

i is
the position of the golden eagle after m + 1 iterations, and

DX
*m

i is the distance covered by the golden eagle in each
movement step.

2.3.2 Improvement of the golden eagle optimization

Leveraging the characteristics of chaotic sequences that
exhibit regularity, randomness, and other features can
enable algorithms to escape local optima and enhance
their global optimization capabilities. Compared with the
original principles governing the initialization of popula-
tions in the GEO, the integration of chaos into the initial
population of the golden eagle herd yields enhanced mul-
tiplicity [20]. In this regard, this study utilizes Bernoulli
chaos theory [21] to map the optimization of the GEO
algorithm’s initial population. The Bernoulli chaos-
mapping equation is as follows:

X
*

iþ1 ¼ X
*

i=ð1� kÞ; X*i 2 ð0; 1� k�
ðX*i � 1þ kÞ=k; X*i 2 ð1� k; 1Þ

8<
: ð16Þ

where k is set to 0.5.
Further, attack and cruise parameters are crucial fac-

tors that influence the optimization accuracy and pace of
the golden eagle population. In the original GEO, both
the attack and cruise parameters exhibit linear increments
or decrements, which can lead to a weak global search
capability in early iterations and a reduced ability of opti-
mized individuals to escape local optima in later iterations.
In response to this, the present study introduced improved
attack and cruise coefficients as follows:

pa ¼ 2=ð1þ eða1 �ðm�a2ÞÞ
pc ¼ am3

(
ð17Þ

where m represents the number of iterations in the golden
eagle optimization algorithm; a1, a2, and a3 are parameters
with values of �0.2, 50, and 0.94, respectively.

It can be observed that, the proposed IGEO addresses
the shortcomings of the original GEO algorithm, such as
susceptibility to local optima, poor diversity in the initial
population, and weak overall techmeme in the initial iter-
ations. The utilization of the Bernoulli chaos mapping ini-
tialization method enhances the diversity of the initial
population, whereas improvements in the attack and

cruise coefficients enhance the ability of the algorithm to
balance global exploration and local exploitation.

2.4 Constructing an optimal value function

To enable an efficient solution of constrained optimiza-
tion problems using the IGEO algorithm, this study incor-
porates constraint conditions into the optimization value
function based on the penalty function theory [21]. The
resulting new IGEO optimization value function is formu-
lated as follows:

F ¼ f þ h1g1 þ h2g2 þ h3g3 ð19Þ
where F is the optimization value function of IGEO; h1, h2,
and h3 are penalty coefficients for function boundary vio-

lations, all set to 108; g1, g2, and g3 are flags indicating the
constraint violations for the EV charging/discharging
power, EV battery volume, and number of EV charge/dis-
charge cycles, respectively. They have the value of 1 when
there is a violation and 0 when there is no violation.

3 Dynamic grouping-based double-layer power distribution

method for EVs using the k-means algorithm

When responding to charging and discharging direc-
tives, the current research commonly adopts methods that
involve average allocation, ignoring the temporal random-
ness of the number of EVs at different times [22]. To effec-
tively reduce peak load differences, minimize operational
wear and tear on EVs, and ensure a more balanced SOC
for EVs, this study proposes a double-layer power distri-
bution method for EVs utilizing the k-means algorithm
for dynamic grouping, which forms the foundation of
the approach.

3.1 Dynamic grouping of EVs based on the k-means algorithm

The k-means algorithm groups data points by measur-
ing their distances in a Euclidean space. The assessment
of the similitude between different cluster entities is mea-
sured by the Euclidean distance, which is inversely propor-
tional to the relationship between similarity and distance
[23]. In theory, EVs with a lower SOC should be priori-
tized for charging, whereas those with a higher SOC
should be prioritized for discharging, ensuring that the
maximum charging and discharging power and capacity
are maintained for the next time step. However, the num-
ber of EVs connected to the grid and the SOC status chan-
ged at each time step. Therefore, this study employs the k-
means algorithm to categorize EVs into three groups based
on SOC. By sorting the three groups from small to large
according to the computed centroids, it designates them
as PCG, RG, and PDG.
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3.2 Top layer power distribution for EVs

In cases where PEV > 0, the response sequence for the
three EV groups follows the order of
PCG ? RG ? PDG. This sequence continued until the
charging power aligned with the current regulation signal
or reached the maximum charging power of the EV. Con-
versely, when PEV < 0, the response sequence for the three
EV groups is PDG ? RG ? PCG. This sequence persists
until the discharge power matches the current regulation
signal or reaches the maximum discharge power of the
EV. The maximum charging and discharging powers for
the priority charging, reserve, and priority discharging
groups are specified as Pmax,c, Pmax,b, and Pmax,d, respec-
tively. The upper power distribution scheme is presented
in Table 1.

3.3 Lower layer power distribution for EVs

After obtaining the corresponding power signals for
each EV group, each group signal is allocated to individual
EVs [24]. In this regard, this study, based on the top-layer
power distribution results for EVs, defines the power dis-
tribution principles used per EV to accomplish the
lower-layer power distribution. The principles of the
lower-layer power distribution are as follows:

1) Maximum Charge-Discharge Power distribution
Principle [25].

The maximum charge–discharge power distribution
refers to the EVs responding with the maximum charge–
discharge power while satisfying the running constraints.

2) SOC Balancing Power Distribution Principle [26].

Allocate the charging and discharging power of each
EV reasonably and ensure a relative balance of the SOC
while considering the rated power and SOC value of each
EV to jointly determine its output power. The specific
determination method is as follows:

① charging

P ich

P iratef chðSOCiÞ ¼
Pjch

P jratef chðSOCjÞ ; 8i; j 2 N ð20Þ

② discharging

P idis

P iratef disðSOCiÞ ¼
P jdis

P jratef disðSOCjÞ ; 8i; j 2 N ð21Þ

where Pirate is the rated charging and discharging power of
the i-th EV, Pich and Pidis are the charging and discharging
powers of the i-th EV, respectively, and SOCi is the current
SOC value of the i-th EV. Similarly, Pjrate is the rated
charging and discharging power of the j-th EV; Pjch and
Pjdis are the charging and discharging powers of the j-th
EV, respectively; SOCj is the current SOC value of the j-
th EV. fch(x) is the function governing the charging process
of the EV battery, fdis(x) is the function dictating the dis-
charging process of the EV battery, and N is the total num-
ber of EVs.

The sigmoid function was stretched and transformed to
obtain the corresponding charge–discharge function.
When charging and discharging multiple EVs, it is
expected that EVs with a higher SOC will charge less
and discharge more, whereas EVs with a lower SOC will
charge more and discharge less, to achieve a relative bal-
ance of SOC for each EV.

The selected charging SOC function expression is:

f chðxÞ ¼ 1� 1

1þ exp�mðx�nÞ ð22Þ

When the SOC is low, the charging function fch (x) has
a high value, corresponding to a high EV charging power,
whereas when the SOC is high, the value of its charging
function fch(x) is low, corresponding to a high EV charging
power.

The selected discharge SOC function expression is:

f disðxÞ ¼
1

1þ exp�mðx�nÞ ð23Þ

When the SOC is low, the discharge function fdis (x) has
a smaller value, corresponding to a lower EV discharge
power, whereas when the SOC is high, the charging func-

Table 1
Adjustment signals of three EV groups.

Status Circumstance Group

Priority Charging Group Reserve Group Priority Discharging Group

Charging status
PEV > 0

PEV � Pmax,c

+Pmax,b

Pmax,c Pmax,b PEV-Pmax,c

�Pmax,b

Pmax,c < PEV < Pmax,c + Pmax,b Pmax,c PEV- Pmax,c 0
PEV < Pmax,c PEV 0 0

Discharging status
PEV < 0

PEV � Pmax,c

+Pmax,b

PEV-Pmax,d

�Pmax,b

Pmax,b Pmax,d

Pmax,d + Pmax,b < PEV < Pmax,d 0 PEV- Pmax,d Pmax,d

PEV � Pmax,d 0 0 PEV
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tion fdis(x) has a larger value, corresponding to a higher
EV discharge power.

Through the above equation, we can obtain a more rea-
sonable allocation of charging and discharging power for
each EV so that each EV can maintain a relative balance
of SOC when receiving scheduling instructions. The EV
battery charging and discharging function is defined as [27]

f chðSEViðt � 1ÞÞ ¼ 1� 1
1þeð�15ðSEViðt�1Þ�0:5ÞÞ

f disðSEViðt � 1ÞÞ ¼ 1
1þeð�15ðSEViðt�1Þ�0:5ÞÞ

(
ð24Þ

where SEVi(t-1) is the SOC of the i-th EV at the previous
time instance, t-1.

After normalizing the charging and discharging distri-
bution coefficients, the expression for the SOC-balanced
power distribution based on the EV charging and dis-
charging function was obtained as follows:

PEViðtÞ ¼ PEVðtÞ�f chðSEViðt�1ÞÞPNEV

j¼1
f chðSEViðt�1ÞÞ

;Charging

PEViðtÞ ¼ PEVðtÞ�f disðSEViðt�1ÞÞPNEV

j¼1
f disðSEViðt�1ÞÞ

;Discharging

8><
>:

ð25Þ

where PEVi(t) is the charging and discharging signal of the
i-th EV at time t, and PEV (t) is the charging and discharg-
ing signal of all EVs at time t.

4 Simulation validation and analysis

4.1 Parameter configuration

A typical summer load curve in a specific area in the
southern province of China was used as an illustrative
example for simulation validation. Table 2 lists the elec-
tricity prices corresponding to each time segment [28],
and Fig. 2 illustrates the number of EVs available for reg-
ulation in each time segment [28]. The total number of
available EVs for regulation was 300, and each EV
adopted slow charging with a rated charge/discharge
power of 7.5 kW, storage capacity of 35 kWh, and
charge/discharge efficiency of 90 %.

4.2 Fitness function optimization and result comparison

Using IGEO to optimize the fitness function and obtain
the adjustment signals for EV, as shown in Fig. 3, the opti-
mization results are contrasted with those achieved by
alternative optimization methods such as GEO, Particle
Swarm Optimization (PSO), Whale Optimization Algo-
rithm (WOA), and Genetic Algorithm (GA), as illustrated
in Fig. 4. It is evident that compared to the other four

optimization algorithms, IGEO not only requires the few-
est optimization iterations but also achieves the highest
optimization accuracy, as shown in Fig. 4.

Table 3 shows the superiority of the IGEO algorithm by
analyzing and comparing the peak-to-valley ratio, peak-
to-valley difference, and vehicle-owner profit under differ-
ent optimization algorithms. As indicated in the table,
the PSO algorithm achieved the highest vehicle-owner
profit. However, it is observed that, in this scenario, the
peak-to-valley ratio increases compared to the original
curve, which would result in greater grid fluctuations.
Hence, the algorithm strived to obtain accurate peak
results. Under this research method, not only the load
peak–valley difference can effectively be reduced, but the
operating cost of EVs can also be reduced, ensuring that
reasonable economic returns can be obtained during par-
ticipation in the power grid regulation process.

Considering that the CEC2005 test set is the most
widely used and classic test set, containing 23 benchmark
functions, based on the analysis process of algorithm per-
formance in [29], we selected F1–F6 as the typical test
functions in the CEC2005 test set, including unimodal,
multimodal, high-dimensional unimodal, and step func-
tions, which can comprehensively test the optimization
accuracy, speed, and robustness of the algorithm proposed
in this study. The IGEO is compared with four algorithms:
original GEO, PSO, WOA, and GA. To avoid randomness
of the optimization results and demonstrate the stability of
the IGEO algorithm, the number of iterations for each
algorithm was set to 100, the population size was set to

Table 2
Time segmented price of a power grid in each period.

Time Period Division Price (yuan/kWh)

Low Ebb Period: 0:00–7:00 0.249
Smooth Period: 8:00–9:00; 13:00–17:00; 22:00–23:00 0.682
Summit Period: 10:00–12:00; 18:00–21:00 1.321

Fig. 2. Number of EVs in each period.
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Fig. 3. EV regulation signal under IGEO optimization.

Fig. 4. Comparison of iterative effects of each optimization algorithm.

Table 3
Comparison of peak reduction index and EV operation cost of each optimization algorithm.

Peak-to-valley disparity (kW) Peak-to-valley disparity rate (%) Operational cost (yuan/h)

Original load 139 3 55.03 /
After IGEO optimization 114 8 47.92 328 6
After GEO optimization 118 8 49.60 395 7
After GA optimization 122 1 50.99 433 0
After WOA optimization 129 2 53.93 456 2
After PSO optimization 131 0 54.69 475 3
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30, and each test function was run 50 times. The best solu-
tion (BS), root mean square error (RMSE), and required
time (RT) for each algorithm were used as the final evalu-
ation metrics to assess the optimization accuracy, speed,
and robustness of the algorithms. Table 4 presents the
results, with the optimal values shown as bold text.

Table 4 indicates that the proposed IGEO achieved
nearly the best results for the test functions, demonstrating

significant advantages in terms of F 1, F 2, and F 5. This
demonstrates the effectiveness of the proposed IGEO algo-
rithm in terms of optimization capability, speed, and
accuracy.

4.3 Analysis of EV group operating performance and dispatchable

potential

Considering that most car manufacturers such as BYD
currently use lithium iron phosphate batteries, based on
Reference [30], the expression for calculating the EV life
loss can be expressed as

Qloss ¼ B1 � e
�B2þB3 �Rcd

G�T em � ðDSÞ0:55 � ðRcdÞ
2
3

T s ¼ a4 �EEV

365�Qloss

(
ð26Þ

where Qloss is the lifetime degradation, Ts is the converted
EV service life according to this degradation, Rcd is the

Table 4
Performance evaluation of various algorithms.

Optimization Algorithm Indicators Results of Various Standard Functions

F1 F2 F3 F4 F5 F6

IGEO BS 4.25 � 10�22 2.39 � 10�19 9.74 � 10�16 �0.634 1 �2.025 8 6.30 � 10�14

RMSE 9.53 � 10�22 1.12 � 10�18 6.42 � 10�14 0.645 2 2.112 1 2.08 � 10�14

RT/s 0.050 2 0.048 4 0.070 6 0.064 1 0.070 4 0.222 6

GEO BS 6.49 � 10�12 1.27 � 10�8 4.35 � 10�14 �0.997 7 �2.9675 3.4983
RMSE 1.85 � 10�11 6.16 � 10�6 2.99 � 10�12 0.994 9 2.958 1 1.227 7
RT/s 0.055 6 0.049 4 0.051 2 0.071 1 0.074 6 0.376 1

WOA BS 6.11 � 10�9 7.41 � 10�12 0.005 6 �0.960 1 8.094 1 1.520 8
RMSE 3.35 � 10�8 4.06 � 10�12 0.014 4 0.974 2 7.340 3 0.201 6
RT/s 0.066 1 0.066 5 0.064 4 0.094 8 0.146 7 0.160 8

PSO BS 1.15 � 10�8 6.79 � 10�6 1.40 � 10�9 1.40 � 10�5 9.092 1 3.424 2
RMSE 2.43 � 10�9 1.39 � 10�6 4.83 � 10�10 2.76 � 10�6 8.578 9 1.283 6
RT/s 0.130 6 0.193 3 0.090 4 0.187 4 0.093 3 0.390 3

GA BS 7.05 � 10�7 5.49 � 10�4 4.04 � 10�12 0.161 7 8.831 4 2.83 � 10�10

RMSE 9.93 � 10�6 3.62 � 10�4 1.31 � 10�11 0.229 3 8.635 2 3.21 � 10�10

RT/s 0.122 7 0.125 9 0.061 1 0.126 1 0.126 8 0.2274

Table 5
Comparison of EV life loss and service life under different strategies.

Tactic Life expenditure /kWh Useful life/year

Tactic 1 0.004 0 4.8
Tactic 2 0.003 6 5.3
Tactic 3 0.003 2 6
Tactic 4 0.002 5 7.6
Tactic 5 0.002 1 9
Research Tactic 0.001 9 10

Fig. 5. SOC standard D-value of per group before and after EV response.
Fig. 6. Comparison chart of EV charge and discharge signals and actual
responses.
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charging and discharging speed of the EV, DS is the vari-
ation of SOC, G is the gas constant, and its numerical
value is 8.314 J/(mol�K). Tem is the cell temperature during
normal EV operation, set at 298 K, EEV is the volume of
the EV at 35 kW�h, B1, B2, and B3 are constants relying
on the battery ilk (typically lithium-ion for EVs), with val-
ues of 27128, 31700, and 370.3, respectively, and a4 K is
the EV battery capacity degradation factor with a value
of 0.2.

To validate the significance of the suggested double-
layer power distribution tactic, Eq. (15) was employed to
numerate the lifetime degradation and useful life for the
present study and the five other tactics. Tactic 1 evenly dis-
tributes the charging and discharging power instructions
to each EV. Tactic 2 is based on the SOC-balancing power
distribution method. Tactic 3 divides EVs into two groups
with equal capacity, assigning EVs with a smaller SOC to
one group (PCG) and those with a greater SOC to the
other group (PDG); both groups use the mean power dis-
tribution method. Tactic 4 follows the same grouping as
Tactic 3, but employs the SOC balancing power distribu-
tion measure for each EV group. Tactic 5 divides EVs into
three groups (PCG, RG, and PDG) with equal volumes,
assigning EVs with lower SOC to PCG, those with greater
SOC to PDG, and the remaining will be allocated to RG.
Each EV group uses the average power distribution
method.

The lifetime degradation and service life for each strat-
egy are listed in Table 5. It is evident that the double-layer
power distribution tactic based on dynamic grouping in
this research exhibits the minimum EV lifetime degrada-
tion compared with the other five tactics, thereby enhanc-
ing the useful life of EVs.

The SOC balance is illustrated using the standard D-
value of the SOC for each group of EVs before and after
the responses across the 96-time intervals, as depicted in

Fig. 5. Fig. 5 shows that at all 96 time intervals, the stan-
dard D-value of the SOC for each group of EVs is lower
after the response than before the response. This demon-
strates that the proposed tactic enhances the SOC equilib-
rium of EVs, indicating an improvement in their
dispatchable potential.

4.4 Monitor EV tracking signal execution results

The results of tracking the charging and discharging sig-
nals for grouped EVs on a typical summer day are illus-
trated in Fig. 6, and the deviations in tracking these
signals are depicted in Fig. 7. A comparison of the daily
load profiles before and after peaking is shown in Fig. 8.
From Figs. 6 and 7, it is evident that the EVs following
the power distribution strategy proposed in this study
exhibited effective tracking of their charging and discharg-
ing signals, with a maximum tracking deviation within
12 kW. As shown in Fig. 8, the response of the EVs to
the signals leads to a reduction in the peak-valley disparity
in the power grid load curve. The calculated peak-valley
disparity rate decreases from the primary 55.03 to
48.04 %, effectively dampening the power fluctuations in
the grid. To further verify the effectiveness of the proposed
strategy, we included a set of simulation processes with a
time scale of three days (288 data points), as shown in
Fig. 9. It can be observed that in the multi day simulation,
the response of EV to instructions reduces the peak valley
difference of the power grid load curve, and has a good
peak shaving effect.

These results emphasize the positive impact of the pro-
posed power distribution strategy on EV performance,
demonstrating its ability to mitigate tracking deviations
and contribute to a more stable power grid with reduced
peak-valley differences.Fig. 7. Tracking signal deviation results.

Fig. 8. Comparison of daily load curve before and after peaking (1 day).
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5 Conclusion

(1) IGEO was designed. Compared with the other four
optimization algorithms, the IGEO demonstrates
higher optimization accuracy, faster optimization
speed, and better robustness. The optimization
scheduling model established using the IGEO algo-
rithm results in a smoother power grid load curve
and concurrently reduces the operational costs of EVs.

(2) In comparison with other five power distribution
strategies, the double-layer power distribution tactic
based on the k-means algorithm introduced in this
study yields the lowest EV lifetime degradation,
extending the EV service life from 4.8 to 10 years.

(3) The use of the SOC-balancing power distribution
method improves the SOC balancing standard. The
standard D-value of the SOC for each group of
EVs decreased from 0.0847 before the response to
0.076 after the response, thereby enhancing the dis-
patchable potential of EVs.

(4) The proposed power distribution strategy enables
more accurate responses to charging and discharging
signals for EVs, consequently reducing the peak-
valley disparity in the power grid from 55.03 to
48.04 %. It also had a good peak-shaving effect dur-
ing the multiday simulation process. This confirms
that the proposed power distribution strategy effec-
tively lowers the peak-valley disparity in the load.
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