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Abstract——Flexible ramping product (FRP) trading has 
emerged as a highly effective solution to cope with the volatility 
and uncertainty introduced by the increasing integration of re‐
newable energy sources. This paper proposes a  bidding method 
for electric vehicle aggregators (EVAs) in the FRP trading mar‐
ket. To effectively articulate the spatiotemporal operational 
characteristics intrinsic to EVAs, a charging and swapping flexi‐
bility aggregation model is formulated. The model is developed 
by accurately simulating the charging and swapping demands 
of plug-in electric vehicles and battery-swapping electric vehi‐
cles in different charging modes. A novel bilevel optimization 
model is developed to address the conflicting objectives in the 
FRP trading market between the EVAs and electric vehicles 
(EVs), aiming to optimize the incentive prices and charging 
strategies. The upper level optimizes the bidding profits of 
EVAs, whereas the lower level models the EV charging behav‐
ior using the charging and swapping flexibility aggregation 
model. To solve the high computational complexity of the high-
dimensional nonconvex optimization problem owing to the vast 
number of EVs, a data-driven evolutionary algorithm incorporat‐
ed with a zebra optimization algorithm is adopted. Owing to the 
limited data available for training high-quality agent models in 
real scenarios, a semi-supervised learning-based tri-training algo‐
rithm is adopted to enhance the efficiency of data utilization. 
Case studies validate the effectiveness of the proposed method.

Index Terms——Electric vehicle aggregator, electric vehicle, flex‐
ible ramping product, electricity market, flexibility, charging, 
swapping.

I. INTRODUCTION 

AS China progresses toward its goals of “carbon emis‐
sion peaking and carbon neutrality” the total installed 

capacity of wind, solar, and other renewable energy sources 
is expected to exceed 1.2 TW by 2030 [1]. The inherent in‐
termittency and volatility of integrated renewable energy 
sources have inevitably led to an increasing demand for en‐
hanced power system regulations. Improving the power sys‐
tem flexibility is an urgent priority. To address the fluctua‐
tions in the net load, the power system requires sufficient 
flexible ramping capability. In response, two major regional 
transmission system operators in the United States, Califor‐
nia Independent System Operator (CAISO) and Midconti‐
nent Independent System Operator (MISO), designed flexi‐
ble ramping products (FRPs) to mitigate potential ramping 
capacity shortages [2]. On April 15, 2020, the North China 
Branch of State Grid Corporation of China officially incorpo‐
rated vehicle-to-grid (V2G) charging pile resources into the 
North China power peak-shaving ancillary service market 
for a formal settlement [3]. In March 2024, the “Shandong 
Electric Power Ramp-up Auxiliary Service Market Trading 
Rules (Trial)” were officially implemented, with suppliers of 
ramp-up auxiliary services including independent auxiliary 
service providers such as independent renewable energy stor‐
age stations [4]. A key participant in the flexible ramping 
market is the energy storage system. Similar to energy stor‐
age, electric vehicles (EVs) also have the capability to partic‐
ipate in the flexible ramping market. Relevant studies exam‐
ined the participation of EVs in the flexible ramping mar‐
ket [5].

In recent years, EVs have emerged as a major trend in sus‐
tainable transportation owing to their notable advantages, in‐
cluding reduced carbon emissions, positive environmental 
impacts, and lower energy costs. Once connected to the pow‐
er grid, EV batteries can be charged and discharged, effec‐
tively functioning as distributed energy storage resources. 
Relevant literature on the participation of EVs in power grid 
regulation and EV charging management, considering the 
willingness of EV owners, is provided in Supplementary Ma‐
terial A.

The battery is a critical factor that influences the charging 

Manuscript received: April 21, 2025; revised: July 20, 2025; accepted: August 
18, 2025. Date of CrossCheck: August 18, 2025. Date of online publication: 
September 18, 2025. 

This work was supported in part by the National Natural Science Foundation 
of China (No. 52277110), the National Key Research and Development Pro‐
gram of China (No. 2023YFE0119800), and Soft Science Research Project of 
Science and Technology Commission of Shanghai Municipality (No. 
25692109900). This research was supported by Qizhen Chen, Ke Zhang, and 
Jun Ke, to whom all authors express sincere gratitude.

This article is distributed under the terms of the Creative Commons Attribu‐
tion 4.0 International License (http://creativecommons.org/licenses/by/4.0/).

X. Wang (corresponding author), H. Wu, C. Li, C. Jiang, W. Huang, and S. 
Zhang are with the Key Laboratory of Control of Power Transmission and Con‐
version (Shanghai Jiao Tong University), Ministry of Education, Shanghai 
200240, China (e-mail: wangxu1989@sjtu. edu. cn; chongjingzhedewuhx@sjtu.
edu.cn; licanbing@sjtu.edu.cn; jiangcw@sjtu.edu.cn; hwt8989@sjtu.edu.cn; will‐
zsx@sjtu.edu.cn).

G. Diao and C. Fang are with State Grid Shanghai Municipal Electric Power 
Company, Shanghai, China (e-mail: diaoguanxun@163.com; fangc02@139.com).

K. Gong is with Zhejiang University, Hangzhou, China (e-mail: kaigong@zju.
edu.cn).

DOI: 10.35833/MPCE.2025.000358

682



WANG et al.: BIDDING METHOD FOR EV AGGREGATORS IN FLEXIBLE RAMPING PRODUCT TRADING MARKET CONSIDERING...

cost of EVs. Reference [6] proposes an EV charging schedul‐
ing scheme for parking charging systems that minimizes bat‐
tery degradation costs by optimizing the charging modes to 
reduce battery wear and extend battery life. Reference [7] 
suggests a method to mitigate EV battery degradation by op‐
timizing charging and energy management strategies based 
on a battery life loss model, reducing aging costs and im‐
proving long-term battery performance.

However, the participation of large-scale EVs in the elec‐
tricity market inevitably requires methods for quantifying 
their power flexibility. Flexibility aggregation, which repre‐
sents the power regulation potential of EVs, serves as the 
foundation for market bidding and capacity declarations for 
electric vehicle aggregators (EVAs). References [8]- [11] de‐
velop a method for evaluating the real-time power regulation 
capacity of large-scale EVs. This method is designed to sup‐
port power system frequency regulation by accurately esti‐
mating the regulation capacity that EVs can provide under 
various conditions, thereby enhancing the stability of the 
power system. To address the challenges of numerous deci‐
sion variables and constraints in the power flexibility aggre‐
gation for large-scale EVs, [12]- [16] explore the use of the 
power flexibility region method to represent the power regu‐
lation capability. This method reduces model dimensionality 
by aggregating the power flexibility regions of individual 
EVs into a cluster-level power flexibility region, where the 
power of the cluster serves as the decision variable in subse‐
quent models.

The aforementioned studies evaluate the flexibility of indi‐
vidual and clustered EVs based on user-agreed charging 
plans, and further analyze the influences of different charg‐
ing strategies and application scenarios on the real-time pow‐
er regulation capacity of clusters. Although these evaluations 
thoroughly explore the flexibility of EVs, they do not ac‐
count for the differences between battery swapping and 
charging/discharging. The physical meanings of battery swap‐
ping and charging behaviors in the plug-in charging modes 
are different. Typically, the former requires the station to sat‐
isfy a specific battery quantity requirement at a certain point 
in time, whereas the latter requires the battery to satisfy a 
specific state of charge (SOC) at a particular point in time. 
Consequently, aggregators cannot directly utilize these find‐
ings for capacity declarations in the FRP trading market. 
Therefore, an accurate power flexibility aggregation method 
is urgently required for large-scale EVs.

Considering the varying flexibilities of EVs, studies on 
the operational strategies of EVAs participating in the elec‐
tricity market have gained attention. Adaptive bidding strate‐
gies based on a two-stage artificial neural network are pro‐
posed in [17]- [19] and are designed to assist EVAs in sub‐
mitting optimal bids to system operators while satisfying the 
expected needs of their users. These strategies enable aggre‐
gators to make accurate decisions in the electricity market. 
References [20] and [21] develop uncertainty response mod‐
els for generalized energy storage on the demand side and 
explore how EVA can improve revenue in the ancillary ser‐
vice market by combining EVs with energy storage resourc‐
es. In addition, a leader-follower game-based approach is for‐

mulated to determine the electricity selling price between the 
virtual power plant and EVs within the aggregator in [22].

In the aforementioned literature, the operational strategies 
of EVAs ignore fair profit allocations for EVs. Considering 
the interests of both EVAs and EVs, a bilevel nonconvex op‐
timization problem must be solved. As several EVs are in‐
volved in the optimal operation of EVAs, the computational 
complexity of a lower-level optimization problem for an indi‐
vidual EV is enormous. To address these computational chal‐
lenges, data-driven methods are applied instead of the tradi‐
tional model-based optimization methods. The advantages of 
data-driven methods over traditional model-based optimiza‐
tion methods are presented in Supplementary Material A.

To address these challenges, we propose a bidding method 
for EVAs to participate in the FRP trading market based on 
a zebra optimization algorithm (ZOA)-based data-driven evo‐
lutionary algorithm (DDEA) using a semi-supervised learn‐
ing-based tri-training algorithm. The main contributions of 
this study are as follows.

1) A charging and swapping flexibility aggregation model 
for EVAs is proposed. For plug-in electric vehicles (PEVs), 
a charging flexibility aggregation model is developed accord‐
ing to different charging modes, considering battery degrada‐
tion and incentive prices. For battery-swapping electric vehi‐
cles (BSEVs) with varying initial SOCs, a battery swapping 
model is adopted to ensure continuous battery swapping ser‐
vices (BSSs). Furthermore, a swapping flexibility aggrega‐
tion model is introduced to capture and quantify the flexibili‐
ty of BSEVs. The charging and swapping flexibility aggrega‐
tion model provides flexibility parameters for the EVAs to 
participate in power regulation.

2) A bilevel optimization model for the bidding method of 
EVAs is developed to comprehensively incorporate the bid‐
ding interests of both EVAs and EVs into the FRP trading 
market. This model focuses on the commercial behavior of 
EVAs, including the electricity supply to EVs and the incen‐
tivization of their participation in the FRP trading market, 
thereby enhancing the willingness of EV owners to partici‐
pate in the market.

3) We propose a ZOA-based DDEA using a semi-super‐
vised learning-based tri-training algorithm to solve the bilev‐
el optimization model. Surrogate models are developed us‐
ing data-driven methods to replace traditional model-based 
optimization methods, and their quality, which is limited by 
data availability, is enhanced using a semi-supervised learn‐
ing-based tri-training algorithm. The proposed algorithm re‐
duces the computational burden and improves data utilization 
efficiency, achieving high computational accuracy even with 
limited data.

The remainder of this paper is organized as follows. Sec‐
tion II proposes a charging and swapping flexibility aggrega‐
tion model for EVAs. Section III presents the bidding meth‐
od for EVAs in the FRP trading market. Section IV provides 
a detailed introduction to the ZOA-based DDEA using a 
semi-supervised learning-based tri-training algorithm. Sec‐
tion V presents case studies, and Section VI concludes this 
paper.
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II. CHARGING AND SWAPPING FLEXIBILITY AGGREGATION 
MODEL FOR EVAS 

EVs can actively participate in the power system dispatch 
through V2G technology. Generally, an EVA consists of sev‐
eral battery swapping and charging stations (BSCSs). In a 
BSCS, EV charging and battery swapping are accommodat‐
ed simultaneously. This study considers both battery charg‐
ing and swapping modes with a focus on the differences in 
the flexibility inherent to each mode. The differences in flex‐
ibility between PEVs and BSEVs are presented in Supple‐
mentary Material B. To accurately reflect their actual re‐
sponse capabilities, we evaluate the flexibility characteristics 
of PEVs and BSEVs separately in the modeling and analysis 
processes.

A. EV Charging Model for PEVs

The response behaviors and capabilities of PEVs are di‐
rectly influenced by their flexibility. The expansion of the 
feasible charging/discharging power regulation of PEVs re‐
flects a broader SOC range, transitioning from the initial 
state to the target state under feasible dispatch strategies. 
This, in turn, enhances the flexibility in power regulation. 
The state vector Sevcs =[EstartEexpEmststarttend ] is used to rep‐
resent the energy constraints for the flexibility of the PEVs. 
The dimensions correspond to the SOC at the time of entry 
Estart, expected SOC at the time of departure Eexp, the mini‐
mum SOC required to satisfy the next travel demand Ems, en‐
try time tstart, and expected departure time tend.

PEVs are typically reluctant to voluntarily engage in the 
charging/discharging management of stations. Therefore, an 
appropriate incentive mechanism should be implemented to 
encourage the participation of PEVs in demand response. To 
account for the differences in battery degradation among var‐
ious PEVs, we categorize the charging modes into three 
types. The SOC boundaries for each mode are presented in 
the Supplementary Material C Fig. SC1. Given the varia‐
tions in the incentive prices, the current charging mode may 
be subject to switching. Additionally, to satisfy the travel re‐
quirements of PEVs, the charging station must first charge 
the EV to its required energy level Ems upon connection to 
the grid before controlling the charging/discharging behavior 
for the demand response. This ensures that the participation 
of PEVs in demand response does not interfere with travel 
requirements. The charging modes are described in detail be‐
low.
1)　Charging Mode I

The PEV charges only after it is connected to the grid. 
The charging station is only authorized to delay the charging 
time of the PEVs and cannot change the charging power. 
This mode exhibits a relatively limited response capability 
but has a minimal influence on the battery. This is associat‐
ed with lower incentive prices. The charging power bound‐
ary constraints are given as:

P I
j (t)=Γ I

chj (t)P
I
Lj (t)ηL (1)

P I
Lj (t)=P Imax

Lj (2)

E I
jmin (t)=

ì
í
î

ïï

ïï

E I
jms                                      tstart £ t < tab

E I
jexp - (tend - t)ηL P Imax

Lj     tab £ t £ tend

(3)

tab = tend - (E I
jexp -E I

jms )/(P Imax
Lj ηL ) (4)

E I
j (t)=E I

j (t - 1)+P I
j (t) (5)

tms = (E I
jms -E I

jstart )/(P
Imax
Lj ηL ) (6)

where P i
j (t) is the real-time net charging power of PEV j at 

time t in mode i; P i
Lj (t) is the real-time charging power of 

PEV j at time t in mode i; Γ i
chj (t) is the binary decision vari‐

able controlling the charging behavior of PEV j in mode i; 
P imax

Lj  is the upper limit of the charging power of PEV j in 
mode i; E i

j (t) is the SOC of PEV j at time t in mode i; 
E i

jmin (t) is the minimum SOC of PEV j at time t in mode i; 
E i

jms is the minimum SOC required to meet the next travel 
demand of PEV j in mode i; E i

jexp is the expected SOC at 
the time of departure of PEV j in mode i; E i

jstart is the SOC 
at the time of entry of PEV j in mode i; tab is the controlla‐
ble start time for PEV j; ηL is the charging efficiency; and 
tms is the uncontrollable duration for PEVs. To facilitate the 
analysis, the charging and discharging processes are dis‐
cretized by dividing each cycle into multiple time intervals.
2)　Charging Mode II

The PEV connected to the grid exhibits adjustable charg‐
ing power. Once connected, the PEV remains in at locked 
state and cannot be disconnected from the grid at a designat‐
ed time. Because of the moderate response capability of PE‐
Vs, this mode receives a mid-tier incentive price. The charg‐
ing power boundary constraints are given as:

P II
j (t)=Γ II

chj (t)P
II
Lj (t)ηL (7)
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θ II
dis = (E II

jexp -E II
jstart )/(tend - tstart ) (9)
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E II
jstart + θdis (t - tstart )            tstart £ t < tms

E II
jms                                        tms £ t < tab

E II
jexp -P IImax

Lj ηL (tend - t)    tab £ t £ tend

(10)

tab = tend - (E II
jexp -E II

jms )/(P IImax
Lj ηL ) (11)

E II
j (t)=E II

j (t - 1)+P II
j (t) (12)

tms = tstart + (E II
jms -E II

jstart )/θ
II
dis (13)

where θ i
dis is an intermediate variable used to calculate tms, 

denoting the slope of the line connecting the initial SOC 
E i

jstart and expected SOC E i
jexp in mode i.

3)　Charging Mode III
Once connected to the grid, the PEV remains locked and 

cannot disconnect from the grid at a designated time. In this 
mode, PEVs can charge or discharge while simultaneously 
regulating their charging and discharging power, exhibiting 
exceptional response capabilities. However, frequent charg‐
ing and discharging lead to higher battery degradation. 
Therefore, the incentive price for this mode is the highest 
among the three modes. Its boundary constraints differ from 
those in Mode II, replacing constraints (7) and (8) in Mode 
II with (14)-(17), forming the boundary constraints for Mode 
III.

P III
j (t)=Γ III

chj P
III
Lj (t)ηL - Γ

III
disj P

III
Gj (t)/ηG (14)
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ì
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î

0 £P III
Lj (t)£P IIImax

Lj

0 £P III
Gj (t)£P IIImax

Gj

    E III
j (t)³E III

jms (15)

θ III
dis £P III

j (t)£P IIImax
Lj ηL    E

III
j (t)<E III

jms (16)

P III
Lj (t)P

III
Gj (t)= 0 (17)

where Γ i
disj (t) is the binary decision variable controlling the 

discharging behavior of PEV j in mode i; P i
Gj (t) is the real-

time discharging power of PEV j at time t in mode i; P imax
Gj  

is the upper limit of the discharging power of PEV j in 
mode i; and ηG is the discharging efficiency.

B. Charging Flexibility Aggregation Model for PEVs

In this study, the three charging modes correspond to dif‐
ferent types of charging piles, as shown in Supplementary 
Material C Table SCI. Evaluating the flexibility of PEVs is 
of substantial significance for EVAs in setting the incentive 
price to optimize demand response.

The power flexibility evaluation consists of two steps. 
First, the charging/discharging load curves of the PEVs are 
calculated by minimizing the associated cost. The power 
flexibility of the PEVs is evaluated by comparing the feasi‐
ble boundary of the SOC and the charging/discharging pow‐
er bounds. The load curve calculation of the PEVs aims to 
minimize their charging/discharging costs based on the charg‐
ing price and incentive price, which is formulated as:

min BjEV =C1 +C2 - γI β
I
c - γII β

II
c - γIII β

III
c (18)

C1 = ∑
t = tstart

tend

(P i
Lj (t)-P i

Gj (t))λ
tr
t     "iÎ{IIIIII} (19)

C2 = ∑
t = tstart

tend

(Γ i
chj (t)+Γ

i
disj (t))π

i
c     "iÎ{IIIIII} (20)

γI + γII + γIII = 1 (21)

where C1 is the charging cost of the PEVs; C2 is the charg‐
ing and discharging loss of the battery; β i

c is the incentive 
price in mode i; γi is the binary variable indicating whether 
the PEV is in mode i; λtr

t  is the electricity price of the charg‐
ing station at time t; and π i

c is the quantified price of the 
charging and discharging losses of the battery in mode i 
with the assumption that π III

c > π II
c > π

I
c .

Additionally, to protect the battery, the numbers of charg‐
ing cycles Nchj and discharging cycles Ndisj are restricted as:

ì

í

î

ï
ïï
ï
ï
ï

ï
ïï
ï
ï
ï

∑
t = tstart

tend

Γ i
chj (t)£Nchj      "iÎ{IIIIII}

∑
t = tstart

tend

Γ i
disj (t)£Ndisj     "iÎ{III}

(22)

The power flexibility of the individual PEV is then evalu‐
ated by:

P̄jc (t)=max{min[P̄jα (t)P̄jβ (t)]0} (23)

P̄jα (t)=P imax
Gj + (P i

Lj (t)-P i
Gj (t))    "iÎ{IIIIII} (24)

P̄jβ (t)= (E i
j (t)-E i

jmin (t + 1))η-1
L + (P i

Lj (t)-P i
Gj (t))    {"iÎ IIIIII}

(25)

-P jc (t)=max{min[-P jα (t)-P jβ (t)]0} (26)

-P jα (t)=P imax
Lj - (P i

Lj (t)-P i
Gj (t))    "iÎ{IIIIII} (27)

-P jβ (t)=(E i
jmax (t+1)-E i

j (t))η-1
L -(P i

Lj (t)-P i
Gj (t))    "iÎ{IIIIII}

(28)

where P̄jc (t) and -P jc (t) are the maximum discharging and 

charging capacities of PEV j at time t, respectively; P̄jα (t) is 
the maximum discharging capacity of PEV j at time t con‐
strained by the maximum discharging power limit; P̄jβ (t) is 
the maximum discharging capacity of PEV j at time t con‐
strained by the minimum energy limit; -P jα (t) is the maxi‐

mum charging capacity of PEV j at time t constrained by the 
maximum charging power limit; and -P jβ (t) is the maximum 

charging capacity of PEV j at time t constrained by the max‐
imum energy limit. Thus, the power flexibility of the PEVs 
is obtained as:

P̄ PEV
ti =∑

j = 1

J

P̄jc (t) (29)

-P
PEV
ti =∑

j = 1

J

-P jc (t) (30)

where P̄ PEV
ti  and -P

PEV
ti  are the maximum discharging and 

charging capacities of the PEVs in the BSCS i at time t, re‐
spectively; and J is the number of PEVs.

C. Battery Swapping Model for BSEVs

As economic commodities, battery packs provide energy 
replenishment for EV users. BSEV users expect to receive 
fully charged battery packs during battery swapping. There‐
fore, the SOC at the end of the charging process should be 
carefully regulated, i. e., Eexp =Emax, where Emax denotes the 
maximum SOC that a battery pack can reach, corresponding 
to its fully charged capacity. To determine the controllable 
state of spare battery packs, the following assumptions are 
made: ① the charging rate of the battery pack remains con‐
stant over each unit time interval; ② the state information of 
the battery pack is known upon removal from the EV; ③ 
charging ceases only when the battery pack reaches full ca‐
pacity, although the system can delay the start of the charg‐
ing process; ④ the battery swapping time is neglected.

In general, BSEV users visit a battery swapping station 
when the SOC of the batteries drops to a certain level (ap‐
proximately 20%-30%) to avoid complete depletion, which 
would prevent further driving. However, in some cases, us‐
ers may choose to visit a station when a significant amount 
of battery charge remains (e.g., users with higher range anxi‐
ety) to ensure safe and stable driving.

In this study, the SOCs of the batteries are divided into M in‐
tervals: [SOC0SOC1 ], [SOC1SOC2 ], , [SOCM - 1SOCM ], where 
SOC0 and SOCM are the minimum and maximum SOC values, 
respectively. The length of each SOC interval DSOC is identi‐
cal. Batteries in the last interval of [SOCM - 1SOCM ] are con‐
sidered available spare batteries, whereas batteries in other 
intervals may include recently swapped low-charge batteries. 
After the battery is charged for a certain time period, its SOC 
shifts to the adjacent interval. For example, a battery in inter‐
val [SOCiSOCi + 1 ] at time t, after being charged for time DT, 
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transitions to interval [SOCi + 1SOCi + 2 ] at time t + 1. We then 
use the variables N1stN2stNMst, N1ctN2ctNMct, 
and N1dtN2dtNMdt to denote the number of batteries in 
all SOC states, the number of batteries being charged, and 
the number of batteries being swapped out, respectively, cor‐
responding to the intervals [SOC0SOC1 ], [SOC1SOC2 ], and 
[SOCM - 1SOCM ] at time t.

Assume that the number of batteries in each SOC state at 
the initial time t = 0 equals that of available spare batteries. 
The changes in the number of batteries across different SOC 
intervals can be expressed by:

ì

í

î

ï

ï

ï
ïï
ï

ï

ï

ï

ï

ï
ïï
ï

ï

ï

N1st =N1st - 1 -N1ct +N1dt

N2st =N2st - 1 +N1ct -N2ct +N2dt


NM - 1st =NM - 1st - 1 +NM - 2ct -NM - 1ct +NM - 1dt

NMst =NMst - 1 +NM - 1ct -∑
m = 0

M - 1

Nmdt

(31)

To ensure the continuous and normal operation of the 
BSCS, the following constraints must be satisfied:

Nallct =∑
m = 1

M - 1

Nmct (32)

0 £Nmct £Nmst - 1    m = 12M - 1 (33)

0 £Nallct £Nmaxsw (34)

NMst ³∑
m = 0

M - 1

Nmdt + 1 (35)

∑
m = 1

M

mDSOC | Nms0 -NMsT | £DSOCmax (36)

where Nallct is the total number of batteries charged within 
the station at time t; Nmaxsw is the number of battery swap‐
ping devices; Nms0 is the number of batteries in the mth SOC 
state within the station at time t = 0; NMsT is the number of 
batteries in the M th SOC state within the station at time 
t = T, and T is the total number of scheduling periods; and 
DSOCmax denotes a minor energy deviation. Constraint (33) 
ensures that the number of batteries charged in each SOC in‐
terval does not exceed that of the corresponding SOC inter‐
val. Constraint (34) guarantees that the total number of bat‐
teries charged during each time period does not exceed 
Nmax sw in the BSCS. Constraint (35) ensures that fully 
charged batteries during each time period can satisfy the bat‐
tery swapping demand during the subsequent time period. In 
(36), the total energy of all the batteries at the initial time 
and final time can only have a minimal deviation DSOCmax, 
allowing the BSCS to operate continuously.

D. Swapping Flexibility Aggregation Model for BSEVs

To evaluate the power flexibility of BSEVs, the focus is 
on determining the upper and lower power boundaries that 
satisfy the operational requirements of the BSS. From the 
perspective of the BSS, if the charging/discharging power re‐
mains within the range mentioned above, the battery swap‐
ping demands during each time period and the subsequent 
operational requirements can be ensured. However, one of 

the challenges in identifying the power flexibility boundaries 
is the complex state transitions of spare batteries within the 
BSS. The precondition for the BSS to provide power regula‐
tion capacity is to fully utilize its spare batteries, delaying 
the charging of spare batteries while satisfying the demands 
of battery swapping.

Therefore, the lower power flexibility boundary of the 
BSS is described as delaying the charging of partially spare 
batteries while satisfying the battery swapping demands dur‐
ing each time period to minimize the number of batteries be‐
ing charged during each time period. The upper power flexi‐
bility boundary of the BSS is constrained by the numbers of 
available charging devices and uncharged spare batteries, 
and is linearly related to the minimum value of the two.

In this study, the power flexibility evaluation of the BSS 
is extended from solving within a single battery interval to 
solving across an entire range of battery intervals. Let x(t) 
represent the number of batteries that start charging at time t 
after being swapped in the BSS, x'(t) represent the number 
of batteries that are fully charged at time t, y(t) represent the 
remaining number of available spare batteries, a(t) represent 
the cumulative number of batteries being charged, b(t) repre‐
sent the number of spare batteries with delayed charging, 
and D(t) represent the number of batteries being swapped at 
time t. The objective is to minimize the total number of 
spare batteries available for swapping over all time periods, 
thereby achieving the minimum charging load while meeting 
the swapping demand. Thus, the lower power flexibility 
boundary evaluation problem can be modeled as:

min∑
tÎ T

y(t) (37)

0 £ x(t)£Nmaxsw (38)

0 £ x′ (t)£D(t) (39)

0 £ y(t)£ y(0) (40)

y(t)= y(0)- a(t)- b(t)    tÎ(0T] (41)

a(t)=∑
i = 0

t

(x(i)- x′ (i)) (42)

b(t)=∑
i = 0

t

(D(i)- x(i)) (43)

Constraints (38)-(40) are the upper and lower limits of the 
spare batteries, where x(t) and x'(t) must be less than or 
equal to the battery swapping demand at time t, and y(t) 
should not exceed that of spare batteries. Constraint (41) 
states that the number of available spare batteries at time t 
equals that of spare batteries minus the sum of the batteries 
currently being charged and the fully depleted batteries not 
being charged. Constraint (42) indicates that the total num‐
ber of batteries charged at time t is obtained by summing 
that of newly swapped and immediately charged batteries mi‐
nus the number of batteries that have recently been fully 
charged. Similarly, constraint (43) represents the total num‐
ber of swapped batteries that remain uncharged and is calcu‐
lated as the difference between the total battery swapping de‐
mand before time t and the number of batteries swapped or 
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immediately charged.
The value of x'(t) depends on the time required to fully 

charge the spare batteries in the current SOC interval. Tak‐
ing the batteries in the SOC interval [0.20.3] as an example, 
assuming that the time required to charge them from 20% to 
90% is Tneed, these newly swapped batteries will not be avail‐
able until at least time t = 1 + Tneed. Therefore, x′ (t) is given 
as:

x′ (t)= {0 t £ Tneed

x(t - Tneed ) t > Tneed
(44)

By solving the above minimum reserve charging load opti‐
mization problem, the number of reserve batteries x(t) (the 
“Min” line in Fig. 1) charged immediately after replacement 
at each time step, while meeting the battery swapping de‐
mands, can be obtained. This optimization problem aims to 
delay the charging of spare batteries as much as possible 
while still satisfying the battery swapping demands. Conse‐
quently, there will be an accumulation of uncharged 
swapped batteries, represented by b(t) (the “Max” line in 
Fig. 1). Charging all the accumulated batteries yields the 
maximum charging curve. Therefore, the power flexibility 
capacity provided by the BSS is defined by the range be‐
tween the minimum and maximum numbers of charging bat‐
teries required to satisfy the battery swapping demand, as 
shown by the light-green area in Fig. 1. In addition, the fea‐
sible region of power flexibility for the BSS is further con‐
strained by another boundary. If all swapped batteries begin 
charging immediately after being swapped out, the curve c(t) 
(the “instant charging” line in Fig. 1) is formed, where c(t) 
is the cumulative number of uncharged batteries swapped 
out at each time. This results in a large charging load at the 
early stages of the swapping process. A feasible region of 
power flexibility is obtained, as indicated by the light-orange 
area in Fig. 1.

Let P BSS
cu  and P BSS

cd  represent the lower and upper limits of 
the feasible region of power flexibility for the BSS, respec‐
tively. The above process can be described as:

ì
í
î

P BSS
cu (t)=max{b(t)c(t)}×P BSEV

rtd

P BSS
cd (t)=min{x(t)c(t)}×P BSEV

rtd

(45)

c(t)=∑
i = 0

t

(D(i)- x′ (i)) (46)

where P BSEV
rtd  is the rated charging power of spare batteries.

Finally, the following optimization model for determining 
the lower boundary of the BSS can be formulated as:

min∑
tÎ T

NMst (47)

ì

í

î

ï

ï
ïï
ï

ï

ï

ï
ïï
ï

ï

0 £Nallct £Nmaxsw    "tÎ T
0 £NM - 1ct £Nalldt    "tÎ T

NMst =NMs0 -∑
i = 0

t

(Nalldi -NM - 1ci )

(31)-(36)

(48)

where Nalldt is the total number of batteries swapped out 
within the station at time t.

Thus, the upper and lower boundaries of the feasible re‐
gion of power flexibility for the BSS, considering the divi‐
sion of SOC intervals, can be expressed as P̄ BSS

ti  and -P
BSS
ti , re‐

spectively.

ì
í
î

ïï

ïï

P̄ BSS
ti =max{Nalldt -NallctNalldt -NM - 1ct }×P

BSEV
rtd

-P
BSS
ti =min{NallctNalldt -NM - 1ct }×P

BSEV
rtd

(49)

Thus, the corresponding feasible region of power flexibili‐
ty for the BSS can be determined. Additionally, the complex 
state dynamics of spare batteries are reduced to a two-dimen‐
sional envelope region for more efficient analysis.

III. BIDDING METHOD OF EVAS IN FRP TRADING MARKET 

A. Modeling for Bidding Method of EVAs

This subsection presents a mathematical model for EVAs, 
which provide various power products externally, supply en‐
ergy internally, and offer incentives to EV users. The EVA is 
required to meet the swapping and charging demands of 
EVs, participating in both the power energy market and the 
FRP trading market, based on the feasible region of power 
flexibility of the aggregated PEVs and the swapping batter‐
ies in a BSCS. The trading model is presented in Supplemen‐
tary Material C Fig. SC2.

The model for bidding method of EVAs is formulated as a 
bilevel optimization model. The upper-level optimization 
model focuses on the participation of BSCSs in both the en‐
ergy and FRP trading markets, aiming to maximize profits 
by purchasing or selling electricity while simultaneously pro‐
viding FRP services. Assumptions related to the FRP trading 
market are presented in Supplementary Material D. The deci‐
sion variable at the upper level is the incentive price offered 
by BSCSs to EV users. By contrast, the lower-level optimi‐
zation model is designed to minimize the charging costs of 
EV users. The upper-level optimization model is formulated 
as:

max
β I

cβ
II
c β

III
c

ì
í
î
∑
t = 1

96

(λtr
t P D

t - λ
mcp
t P D

t + λ
mcu
t P ru

t + λmcd
t P rd

t )-

β I
cn

I - β II
c nII - β III

c nIIIüý
þ

(50)

β i
cmin £ β

i
c £ β

i
cmax    "iÎ{IIIIII} (51)

P D
t =∑

i = 1

nBSCS

P BSCS
ti (52)

P BSCS
ti =P EVCS

ti +P BSS
ti (53)
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Fig. 1.　Schematic of feasible region of power flexibility for BSS.
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-P̄ BSS
ti £P BSS

ti £ -P
BSS
ti (54)

P ru
t =∑

i = 1

n

(P̄ PEV
ti +P EVCS

ti + P̄ BSS
ti +P BSS

ti ) (55)

P rd
t =∑

i = 1

n

(-P
PEV
ti -P EVCS

ti + -P
BSS
ti -P BSS

ti ) (56)

where λmcp
t  is the clearing price in the energy market; P D

t  is 
the electricity demand declared by the EVA; λmcu

t  and λmcd
t  

are the prices for the upward and downward flexibility ramp‐
ing markets, respectively; P ru

t  and P rd
t  are the upward and 

downward FRPs, respectively; ni is the number of EVs in 
mode i; β i

cmin and β i
cmax are the lower and upper limits of the 

incentive price in mode i, respectively; P EVCS
ti  and P BSS

ti  are 
the loads of PEVs and BSEVs in mode i, respectively; P BSCS

ti  
is the load of BSCS in mode i; and nBSCS is the number of 
BSCSs. Here, P EVCS

ti , P̄ EVCS
ti , and -P

EVCS
ti  are determined using 

the lower-level optimization model.
The lower-level optimization model aims to maximize the 

benefits of EV users by minimizing charging costs while sat‐
isfying their energy demands. The mathematical formulation 
of the model is presented in (18)-(21).

B. Motivation of DDEA

In general, bilevel optimization problems are solved using 
Karush-Kuhn-Tucker (KKT) conditions [23] - [25] or intelli‐
gent algorithms such as genetic algorithms (GAs) [26]. The 
application of KKT conditions is based on the assumption 
that the lower-level optimization model is a convex optimiza‐
tion problem [27]. However, as both the upper- and lower-
level optimization models contain integer variables, they fall 
into the category of mixed-integer nonlinear programming 
problems, which are inherently nonconvex. Therefore, it is 
difficult to obtain an optimal solution using KKT conditions. 
Moreover, owing to the large number of EVs under the man‐
agement of the EVA, solving the lower-level optimization 
problem for each EV user results in a substantial computa‐
tional burden. This complexity makes it impractical to effi‐
ciently use either KKT conditions or intelligent algorithms. 
Given these limitations, traditional model-based optimization 
methods are unsuitable for this bilevel optimization model. 
An alternative is to leverage data-driven methods that offer 
greater flexibility and scalability. Among these methods, the 
DDEA is regarded as an effective solution for addressing the 
computational complexity and nonconvexity of the problem. 
The necessity of adopting the semi-supervised learning-
based tri-training algorithm is presented in Supplementary 
Material D.

IV. ZOA-BASED DDEA USING SEMI-SUPERVISED 
LEARNING-BASED TRI-TRAINING ALGORITHM 

Intelligent optimization algorithms have been proposed for 
several years, and their applications across various fields 
have reached a high level of maturity. In these algorithms, 
the evaluation of the fitness function constitutes an essential 
element for determining the search direction. However, in 
practice, the fitness functions of several optimization prob‐

lems are difficult to model accurately, which limits the scope 
of intelligent algorithm applications. To address this limita‐
tion, the surrogate model technology has gained attention 
and has been seamlessly integrated with intelligent optimiza‐
tion algorithms, resulting in surrogate-assisted evolutionary 
algorithms [28]. As surrogate models are constructed using 
historical data, they are also referred to as DDEAs.

The accuracy of the surrogate models is closely related to 
the amount of data available. Tri-training employs the con‐
cept of semi-supervised learning [29], which can substantial‐
ly reduce data requirements while improving accuracy, even 
when using the same amount of data. Therefore, this paper 
utilizes a ZOA-based DDEA using the semi-supervised learn‐
ing-based tri-training algorithm to optimize the accuracy and 
generalization performance of the surrogate models under 
limited data conditions, and its flowchart is shown in Supple‐
mentary Material E Fig. SE1. The advantages of the ZOA 
are provided in Supplementary Material E.

A. Process of Proposed Algorithm

Owing to limited data, studies on DDEAs have focused 
on constructing accurate surrogate models with minimal da‐
ta, using methods such as polynomial regression [30], artifi‐
cial neural network [31]-[33], and radial basis function net‐
work (RBFN) [34] - [36]. In particular, the RBFN, which is 
based on interpolation methods, has been widely used owing 
to its low computational cost and high training speed, partic‐
ularly for handling large numbers of decision variables [37]. 
The details of the RBFN are provided in Supplementary Ma‐
terial F.

In the proposed bilevel optimization model, the offline da‐
taset is initially divided into three subsets, denoted as L1, L2, 
and L3, respectively, used for training the RBFN models M1, 
M2, and M3. The models take incentive prices as input and 
the profit of EVAs as output. The objective of training the 
RBFN models is to accurately capture the functional relation‐
ship between the incentive price and the profit of EVAs.

After the RBFN models are trained, a population-based in‐
telligent optimization algorithm such as particle swarm opti‐
mization (PSO) or GA is employed to search for an incen‐
tive price set that maximizes the profit of EVAs. Q individuals 
in current population P are represented by p1p2...pQ, and 
each individual in the current population P is predicted by 
three trained RBFN models M1, M2, and M3, whose predicted 
fitness values are denoted by F 1

1 F
1
2 F

1
3 ...F

Q
1 F

Q
2 F

Q
3 . Con‐

sidering the profit of EVAs, we define the fitness function as:

F =∑
t = 1

96

(λtr
t P D

t - λ
mcp
t P D

t + λ
mcu
t P ru

t + λmcd
t P rd

t )-

β I
cn

I - β II
c nII - β III

c nIII (57)

Typically, the fitness of each individual in the population 
is evaluated by substituting the corresponding incentive pric‐
es into the proposed bilevel optimization model to obtain the 
profit of EVAs. To avoid the computational burden of this 
process, we directly input the incentive prices into the 
trained RBFN model to estimate the profit of EVAs.

Given the limited availability of data, it is necessary to 
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augment the original dataset with additional high-confidence 
data to enhance model training. According to (58), the indi‐
vidual xi with the highest confidence in P, whose index is S, 
is selected to enrich Li, which is based on the prediction dif‐
ference between the other two models Mj and Mk.

S = arg min
1 £ S £Q

(|F S
j -F S

k |)    ijk = 123i ¹ j ¹ k (58)

where F S
j  and F S

k  are the fitness values of the population in‐
dividual with index S, evaluated by models Mj and Mk, re‐
spectively.

Pseudo label ŷi is the average prediction value of Mj 
and Mk:

ŷi =
1
2

(F S
j +F S

k )    ijk = 123i ¹ j ¹ k (59)

The pseudo label data for Mi are denoted as (xiŷi ). The 
training dataset Li is then updated as L'i by adding (xiŷi ) as 
follows:

L'i = Li(xiŷi ) (60)

After obtaining (x1ŷ1 ), (x2ŷ2 ), and (x3ŷ3 ) to update L1, 
L2, and L3, the three RBFN models M1, M2, and M3 are re‐
trained for the surrogate ensemble.

Finally, the fitness of each individual in the population is 
evaluated using the model integrated from three RBFN mod‐
els.

B. Process of ZOA

Intelligent optimization algorithms are commonly em‐
ployed to address optimization problems formulated within 
the framework of DDEA, with PSO and GA as representa‐
tive examples. However, the PSO and GA often fall into lo‐
cal optima. In contrast, the ZOA demonstrates a stronger op‐
timization capability owing to its advantages in balancing ex‐
ploration and exploitation, as well as maintaining population 
diversity. ZOA is a population-based optimization technique 
in which each zebra represents a candidate solution. The ini‐
tial population is randomly distributed within a search space. 
Mathematically, the position of each zebra is represented by 
a vector, and the entire population is expressed as:

X =[X1X2XN ]T (61)

where Xi is the position of the ith zebra with a dimension of 
1 ´m, and m is the number of decision variables; and N is 
the population size.

The objective function F(X) evaluates the position of 
each zebra, and the resulting fitness values are expressed as:

F =[F1F2FN ]T =[F(X1 )F(X2 )F(XN )]T (62)

In the foraging phase, zebras adjust their movements 
based on the position of the leading zebra, which represents 
the current optimal solution within the population. The other 
zebras update their positions as:

xnewP1
ij = xij + r(PZj - Ixij ) (63)

where xnewP1
ij  is the new position of the ith zebra in the j th di‐

mension based on the first phase; xij is the value for the j th 
problem variable proposed by the ith zebra; PZj is the posi‐
tion of the leading zebra in the j th dimension; r is a random 

number in the range [0,1]; and I is an integer parameter used 
to adjust the movement amplitude of the population.

The new position is accepted based on the following con‐
ditions:

Xi =
ì
í
î

X newP1
i     F newP1

i <Fi

X i             else
(64)

where X newP1
i  is the new status of the ith zebra based on the 

first phase; and F newP1
i  is the fitness value of X newP1

i .
In the second phase, zebras adopt defense strategies based 

on a predator attack approach. There are two defense strate‐
gies: fleeing and collective defense strategies. Let P repre‐
sent the probability of a zebra choosing the fleeing defense 
strategy and 1 -P represent the probability of the zebra 
adopting the collective defense strategy.

Fleeing defense strategy: when zebras implement a fleeing 
defense strategy when threatened by large predators such as 
lions, the corresponding mathematical model is expressed as:

xnewP2
ij = xij +R(2r - 1)(1 - tc /Ti )xij (65)

where xnewP2
ij  is the new position of the ith zebra in the jth di‐

mension based on the second phase; R is a constant set to be 
0.01; tc is the current number of iterations; and Ti is the max‐
imum number of iterations.

Collective defense strategy: when zebras encounter small‐
er predators such as hyenas or wild dogs, they employ a col‐
lective defense strategy by gathering for protection. The 
mathematical model for this strategy is expressed as:

xnewP2
ij = xij + r(AZj - Ixij ) (66)

where AZj is the position of the attacked zebra in the jth di‐
mension.

The position updated from the defense strategies is accept‐
ed based on the following conditions:

Xi =
ì
í
î

X newP2
i     F newP2

i <Fi

X i            else
(67)

where X newP2
i  is the new status of the ith zebra based on the 

second phase; and F newP2
i  is the fitness value of X newP2

i .
The complete process of the ZOA involves initializing the 

population, updating the positions of the zebras through for‐
aging phase and defense strategies, and refining the optimal 
solution after each iteration. In this study, we integrate the 
DDEA with the ZOA, and the overall algorithmic process is 
illustrated in Supplementary Material G Algorithm SG1.

Approaches for managing uncertainty and their practical 
applications in real-world contexts are illustrated in Supple‐
mentary Material H.

The input data of surrogate models based on tri-training al‐
gorithm consist of the incentive prices for each group, and 
the output data correspond to the resulting profits. Surrogate 
models based on the semi-supervised learning-based tri-train‐
ing algorithm are used to replace the proposed bilevel opti‐
mization model, which are then integrated with the ZOA to 
form the proposed algorithm. The introduction of input and 
output data for surrogate models based on the tri-training al‐
gorithm is shown in Fig. 2.
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V. CASE STUDY

The market clearing price and flexible ramping market 
price data used in the proposed bilevel optimization model 
are obtained from the Pennsylvania-New Jersey-Maryland 
(PJM) market in the United States [38]. The electricity sell‐
ing price of the EVA is based on the PJM market price data, 
which are shown in Supplementary Material I Fig. SI1. A 
uniformly distributed random disturbance of ±5% is added 
to the electricity price to simulate price fluctuations in the 
actual electricity market. Details of the constant coefficients 

used are provided in Supplementary Material I Table SII.

A. Analysis of Power Flexibility of BSCSs

This study analyzes weekly charging data from a charging 
station in Hohhot, China. Given that the SOC range for both 
entry and depature data is [0, 1], a Beta distribution is used 
for the fitting. For the entry and depature data, the time data 
are first unified into integers in the range [1, 96], simulating 
15 min charging intervals for each day, and a normal distri‐
bution is used for fitting. The corresponding distribution pa‐
rameters are presented in Supplementary Material I Table 
SIII. A schematic of the EV entry time distribution is provid‐
ed in Supplementary Material I Fig. SI2. The minimum SOC 
required to satisfy the next travel demand Ems is randomly 
distributed between Estart and Eexp. Based on the fitted proba‐
bility density function, the Monte Carlo method is used to 
obtain the data for 51 EVs.

To analyze the dispatchable range of a PEV cluster and 
charging modes with different incentive price groups, we set 
up multiple incentive price groups: incentive price group 1: 
β I

c = $0.06, β II
c = $0.06, β III

c = $0.08; incentive price group 2: 
β I

c = $0.04, β III
c = $0.08, β III

c = $0.08; incentive price group 3: 
β I

c = $0.04, β III
c = $0.10, β III

c = $0.10. The number of PEVs in 
different charging modes and with different incentive price 
groups is presented in Table I. The results of the feasible 
charging and discharging regions of PEV cluster under differ‐
ent incentive price groups are illustrated in Fig. 3.

Table I shows that, as the incentive price for Mode II or 
Mode III increases, the number of PEVs that opt for the cor‐
responding charging mode increases. Figure 3 shows that the 
downward flexible ramping dispatchable range is largely con‐

sistent across the three incentive price groups, whereas the 
upward flexible ramping dispatchable range for the first and 
second groups is smaller than that of the third group. This is 
because, although the maximum charging power of the PE‐
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Fig. 2.　 Introduction of input and output data for surrogate models based 
on tri-training algorithm.

TABLE I
NUMBER OF PEVS IN DIFFERENT CHARGING MODES AND WITH DIFFERENT 

INCENTIVE PRICE GROUPS

Incentive price group

1
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3

Number of PEVs

Mode I
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Fig. 3.　Feasible regions of charging and discharging power of PEV cluster with different incentive price groups. (a) Incentive price group 1. (b) Incentive 
price group 2. (c) Incentive price group 3.
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Vs is the same across all three modes, the PEVs in Modes I 
and II are unable to discharge and can only reduce part of 
their charging power. Therefore, the upward flexible ramping 
dispatchable range for PEVs in Modes I and II is smaller 
than that in Mode III.

The feasible regions of charging and discharging power 
for the BSEVs are provided in Supplementary Material I 
Fig. SI3.

B. Feasibility and Accuracy Verification Analysis of Tri-
training Algorithm

The algorithm settings used in this study are as follows. 
In the RBFN, the number of centroids is determined as the 
square root of the total number of training data points, and 
the radial propagation rate is set to be twice the average dis‐
tance between centroids. The hidden-layer nodes in the RB‐
FN are assigned based on the k-means clustering algorithm.

For the ZOA, the population size is set to be 100 with a 
maximum of 200 iterations, and the constant R is set to be 
0.1. The probability of the population choosing the fleeing 
defense strategy or collective defense strategy is set to be 
0.5. In this study, 100 incentive price groups are generated 
using the Latin hypercube sampling algorithm, and the corre‐
sponding profits for the EVAs are calculated using the bilev‐
el optimization model proposed in Section III. The profits of 
EVs serve as the population fitness for the ZOA.

Various dataset sizes are used to evaluate the accuracy of 
the surrogate model. These datasets are split into training 
and testing sets in a ratio of 4:1 and are normalized.

Figure 4 shows the relative errors of the model integrated 
from three RBFN models (denoted as integrated model) for 
different dataset sizes. When the dataset size reaches approxi‐
mately 100, the average relative error of the integrated mod‐
el is less than 1.6%. As the dataset size increases to approxi‐
mately 500, the relative error further decreases, with an aver‐
age relative error of 0.7%, representing about a reduction of 
56% compared with that with the dataset size of 100. This 
demonstrates that expanding the dataset size significantly en‐
hances the prediction accuracy of the integrated model. 
When the dataset size reaches 1000, the average relative er‐
ror decreases further, although the rate of improvement di‐
minishes, indicating that the error tends to stabilize. The re‐
sults suggest that the surrogate model trained by the semi-su‐
pervised learning-based tri-training algorithm can achieve sat‐
isfactory prediction results with a relatively small dataset.

Figure 5 shows the average relative errors of different 
models when the dataset size is 1000. The average relative 
error distributions of the integrated model and three surro‐
gate models generally fall between 0.6% and 0.8%. Figure 6 
illustrates the relative error ranges of the three surrogate 
models M1-M3 when the dataset size is 1000. The solid lines 
represent the mean relative errors of the three models, while 
the shaded areas indicate the fluctuation ranges of the errors 
across iterations. The minimum relative error of the three 
surrogate models is 0%, whereas the maximum relative error 
is approximately 2.8%. These relative errors are acceptable 
within the context of the ZOA, indicating that the surrogate 
models maintain stability and accuracy throughout the itera‐
tive process, which is essential for the ZOA to determine the 

optimal incentive prices based on the outputs of surrogate 
models.

Experiments for evaluating the influence of electricity 
price uncertainty on model accuracy are provided in Supple‐
mentary Material I Fig. SI4. Additionally, experiments for 
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validating the superiority of the semi-supervised learning-
based tri-training algorithm are presented in Supplementary 
Material I Figs. SI5 and SI6.

C. Performance Analysis of ZOA

In this subsection, 100 incentive price groups are generat‐
ed using the Latin hypercube sampling algorithm to repre‐
sent the zebra population. The individual dimension of the 
population is set to be 3, corresponding to the incentive 
price for each of the three modes. The maximum number of 
iterations is set to be 200, with the constants R and PR set 
to be 0.1 and 0.5, respectively. The incentive prices are nor‐
malized, with each dimension bounded to the range [0, 1]. A 
surrogate model is then employed to predict the profits of 
EVAs for random incentive prices. The predicted profits, nor‐
malized for consistency, are used as the fitness function in 
the ZOA. The surrogate model is trained with a dataset size 
of 1000.

We compare the GA, differential evolution (DE) algo‐
rithm, and PSO algorithm with the ZOA. The performance 
of the iterative optimization with different algorithms is 
shown in Fig. 7.

As shown in Fig. 7, the ZOA performs the best, with the 
blue curve stabilizing after approximately the 20th iteration, 
reaching a fitness value of 0.825, and maintaining stability 
thereafter. This indicates the excellent optimization efficien‐
cy and global search capability of the ZOA. The DE algo‐
rithm follows closely, with the green curve stabilizing at 
around the 20th iteration, achieving a final fitness value close 
to 0.800, which is slightly inferior to the ZOA in terms of 
performance. The GA and PSO algorithm perform relatively 
worse: the GA reaches a final fitness value of 0.775 after ap‐
proximately 160 iterations, whereas the PSO algorithm only 
achieves a final fitness value of approximately 0.73, indicat‐
ing limited optimization performance. In summary, the ZOA 
demonstrates an outstanding performance, exhibiting fast 
convergence and strong stability when tackling complex opti‐
mization problems. Compared with the other three algo‐
rithms, the ZOA converges to a better solution more rapidly 
during the iterative process and consistently maintains a high 
fitness value, highlighting its robust global search capability 
and reliability.

The optimal incentive prices obtained by the proposed al‐

gorithm are [0.045, 0.061, 0.110], at which the EVA 
achieves a profit of $2154. For comparison, when the incen‐
tive prices are set to be [0, 0, 0], the profit of the EVA is 
$2046, indicating that the incentive mechanism generates an 
additional revenue of $108. Experiments for validating the 
superiority of the proposed algorithm are provided in Supple‐
mentary Material I Fig. SI7.

VI. CONCLUSION 

This study investigates a bidding method for EVAs to par‐
ticipate in the FRP trading market by utilizing a ZOA-based 
DDEA using a semi-supervised learning-based tri-training al‐
gorithm. This study is divided into three parts: a model for 
aggregating charging and swapping flexibility to capture the 
spatio-temporal operational characteristics of EVAs; a bilevel 
optimization model for the bidding of EVAs, which coordi‐
nates incentive pricing and charging strategies to balance the 
interests of EVAs and EVs in FRP trading, thereby enhanc‐
ing the overall flexibility of EVAs; and a ZOA-based DDEA 
using a semi-supervised learning-based tri-training algo‐
rithm. The following conclusions can be drawn from the 
case studies.

1) The model that aggregates charging and swapping flexi‐
bility can provide a unified framework for representing the 
charging and swapping demands of PEVs and BSEVs in var‐
ious scenarios.

2) Numerical tests demonstrate that introducing incentive 
prices in the bilevel optimization model can effectively in‐
crease the power flexibility of EVAs.

3) The proposed algorithm can leverage the integration of 
data-driven methods and semi-supervised learning to address 
the issues of high computational costs and limited data avail‐
ability. The numerical tests indicate that the application of 
the semi-supervised learning-based tri-training algorithm im‐
proves the accuracy of the surrogate model while highlight‐
ing the superiority of the ZOA.
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