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An Optimized Distribution Model for Energy
System in Virtual Power Plants Integrating
Electric Vehicles Based on TD3 and DQN

Wei Hu, Shuo Wang, and Puliang Du

Abstract—To enhance the deployment capability and
low-carbon degree of virtual power plants (VPPs), a novel
optimized scheduling model is proposed in this paper for a
multi-energy VPP. To explore the distribution potential of
the VPP and bolster its multi-energy complementarity, an
architecture integrated with electric vehicle (EV) charg-
ing stations is introduced, and a battery health degrada-
tion mechanism is constructed. To address the uncer-
tainty exhibited by EV behaviors, a feature extraction
method based on deep Q-network and maximum rele-
vance-minimum redundancy (mRMR) is then proposed.
This method optimizes the applicability of mRMR in large
datasets, thereby improving the accuracy of charge be-
havior prediction. Next, to achieve a complex optimization
dispatch, a twin delayed deep deterministic policy gradi-
ent algorithm is employed. The twin Q-value truncation
mechanism and smooth regularization effectively sup-
press the issue of policy overestimation biases. Further-
more, to validate the performance of the proposed model
and algorithm, four different cases are designed, and the
scheduling effects achieved for EVs are compared with
those of the traditional battery energy storage system
framework. The simulation results show that the pro-
posed model significantly reduces both the operational
cost and carbon emission level while slowing the battery
health degradation process.

Index Terms—Energy distribution, twin deterministic
policy gradient, deep Q-network, electric vehicles, virtual
power plant.

I. INTRODUCTION

‘ N [ ith the accelerated transition toward a low-carbon
energy structure, the installed capacity of re-
newable energy sources, represented by wind and solar
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power, continues to surge [1]. However, the high vola-
tility of renewable energy substantially increases the
challenge of maintaining dynamic balance in power
systems, particularly under high-penetration grid sce-
narios [2]. Consequently, traditional operation models
face severe challenges [3]. Therefore, achieving dy-
namic coordination through flexible resource aggrega-
tion technologies has become a core issue [4].

As a pivotal dispatch technology in new electricity
systems, virtual power plants (VPPs) integrate distrib-
uted energy resources (DERs) into a unified virtual
entity that can be centrally controlled through an in-
formation-physical fusion system [5]. VPPs employ
distributed optimization algorithms to decouple re-
newable energy output fluctuations and load demand
uncertainties, thereby effectively addressing the power
balance risk [6]. Moreover, VPPs directly reduce the
dependence of the system on fossil fuels by enhancing
its spatiotemporal matching ability [7]. However, with
the increasing integration of DERs, the bidirectional
power flow characteristics within VPPs gradually in-
tensify [8]. The traditional VPP resource framework
struggles to cope with the coupling effects of
high-frequency power fluctuations and indeterminacy
across multiple time scales [9].

To address these challenges, reference [10] proposes
the integration of a power-to-gas (P2G) device to im-
prove the energy transfer ability of their system. How-
ever, P2G is limited by a multistage process, resulting in
delayed responses and relatively low conversion effi-
ciency. In addition, reference [11] suggests incorporat-
ing pumped storage into a VPP to increase its dispatch
frequency. However, the construction process is heavily
dependent on specific geographical conditions and
imposes energy density limits.

To address the above issues, a VPP architecture that
incorporates collaboration between an electric vehicle
(EV) charging station and the P2G model is constructed
herein. This VPP resource framework leverages the
short-term power regulation competence of EVs to
compensate for the response limitations of P2G and
other methods while optimizing their economy.

The existing studies on the model of EVs in a VPP
often use linear state-of-charge (SOC) constraints to
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represent EV changes. Reference [12] proposes an EV
scheduling model based on linear SOC constraints,
where charge and discharge power thresholds are set to
participate in power balancing [13]. However, this
model neglects the degradation of the state of health
(SOH) of the examined battery. Reference [14] intro-
duces a SOH degradation model based on the cycle
count, but it overlooks the impacts of the charge and
discharge rates. Therefore, a bidirectional mathematical
charge and discharge model that accounts for both SOH
degradation and the charge rate is established, achieving
a balance between battery degradation and deployment
economy.

The spatiotemporal heterogeneity of EV behaviors
and the randomness of user responses require the VPP
to possess strong behavioral analysis capabilities [15].
Reference [16] generates EV demand scenarios via
Monte Carlo simulations, in which a random sample is
used to characterize the inherent uncertainty. However,
when addressing high-dimensional features, this

method faces significant computational complexity [17].

Reference [18] establishes a behavioral random proba-
bility model and used sample- and cluster-based
methods to generate deterministic representative cases.
However, this approach struggles to capture the non-
linear coupling effects between features. Reference [19]
proposes a deterministic method by constructing an
analytical model of behavioral parameter variables and
corresponding constraints. However, this approach is
unable to search for the correlations between latent
variables. Additionally, the prediction technique has
been widely applied in the field of behavior analysis.
Reference [20] employs an autoregressive integrated
moving average model (ARIMA) to forecast uncertain
behaviors, while reference [21] proposes a charge de-
mand forecasting model based on the long short-term
memory (LSTM), which accurately identifies behav-
ioral demand through time series feature extraction.
However, these methods rely on high-quality prior data.
To resolve these problems, an uncertainty analysis
framework based on a deep Q-network with maxi-
mum relevance-minimum redundancy (DQN-mRMR) and
a genetic algorithm-temporal convolutional net-
work-LSTM (GA-TCN-LSTM) forecasting model is
proposed in this paper [22]. By improving the quality of
prior data, the algorithm is optimized to enhance its
ability to quantitatively analyze the uncertainty.

The dispatch of a VPP depends not only on the ac-
curacy of the underlying uncertainty model but also on
the optimization performance achieved for complex
decision-making tasks [23], [24]. Reference [25] pro-
poses a scheduling method based on discrete fuzzy logic
(DFL), where decisions are made using a predefined
fuzzy rule base. However, the discretization feature of
this method leads to a rough division scheme, making it
difficult to accurately represent continuous features.

Reference [26] adopts a mixed-integer linear pro-
gramming (MILP) to construct an optimization model.
However, its computational complexity increases ex-
ponentially with the number of resources. In [27], a
model predictive control (MPC) framework is intro-
duced, which attains enhanced dynamic adaptability
through rolling horizon optimization. However, its
performance is highly dependent on the accuracy of the
utilized prediction model. Reference [28] proposes a
model-free algorithm that is based on Q-learning,
though its discrete action space design is not suitable for
continuous optimization environments. Reference [29]
further employs a deep Q-network (DQN) to achieve a
continuous action output. However, its exploration
strategy is relatively simple, leading to convergence to a
local optimum. Reference [30] applies a deep deter-
ministic policy gradient (DDPG) algorithm, which uses
an actor-critic architecture to improve the continuity of
the developed policy. However, its issue of overesti-
mating the Q value leads to a policy bias. To address the
aforementioned deficiencies, the twin delayed DDPG
(TD3) algorithm can effectively mitigate the overesti-
mation of the value function through the truncation of
the twin Q-learning process and the policy delay update
mechanism. Additionally, the algorithm uses smooth
target policy regularization to increase its robustness.

Therefore, to achieve safe and accurate VPP de-
ployments, an optimization framework that integrates
EVs and P2G is constructed, and the TD3 algorithm is
employed to realize a rational resource schedule. The
proposed model addresses the limitations of neglecting
battery health, an insufficient high-dimensional behav-
ioral feature model and policy overestimation in the
traditional strategies. The main contributions of this
paper can be summarized as follows.

1) A VPP-EV dispatch model considering battery
health degradation is proposed. In this model, EVs serve
as bidirectional power units, where their battery health
deteriorates with increasing numbers of cycles and en-
ergy changes. Additionally, P2G is incorporated into the
VPP to absorb carbon emissions, further enhancing the
resilience of the system to fluctuations. Moreover, this
integration improves the low-carbon performance of the
model.

2) To address the complex uncertainty exhibited by
EVs, a DQN-mRMR model is designed for EV behavior
analysis purposes. The heuristic mRMR metric is used
as the reward function so that the DQN selects the most
representative features. Based on the selected features,
GA automatically chooses the optimal parameters for
TCN and LSTM, and then evaluates the weights be-
tween TCN and LSTM, thereby enabling accurate fu-
ture demand predictions for EVs.

3) The VPP resource framework proposed in this
paper is an extremely complex model, making the so-
lution algorithm prone to becoming stuck in local
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optima because of the strict imposed constraints.
Therefore, the TD3 algorithm is introduced and applied
to the continuous optimization of the VPP. By finding
appropriate hyperparameters, TD3 leverages twin Q
truncation and a noise mechanism to achieve a balance
between economic efficiency and low-carbon perfor-
mance.

The remainder of this paper is organized as follows.
Section II presents the VPP-EV framework and the
mathematical models of interior interactions. Section III
proposes a dispatch model that is mainly based on the
DQN and TD3 algorithms. Section IV provides different
case studies and a comparison among four algorithms, and
finally, Section V presents the conclusions of this work.

II. VIRTUAL POWER PLANT MODEL WITH EVS

The VPP framework proposed in this paper is shown
in Fig. 1. It includes three flows, which are divided into
power and gas components. Among them, the power
grid, natural gas, P2G mechanism, microturbine (MT),
EVs and battery have a bidirectional interaction stream
with the VPP. Notably, the MT outputs electricity to the
VPP, the VPP transmits CH, to the MT, and the in-

teraction between P2G and the VPP is reversed. In ad-
dition, beyond fulfilling mandatory daily travel de-
mands, EVs engage in supplemental charging to enable
their participation in extra dispatch schedules. It is not
necessary for the battery to meet the basic demand, but
it also participates in an extra schedule.

CH, flow
————— CO, flow
,)f? Electricity flow .

Power grid Natural gas

A
7 CH
4 d
_________ ! Q
7 i N
***** »Power to gas
Wind turbine 4
Photm ultams 77777
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& g

EVsbasic  Extra dispatch
demand

Fig. 1. Framework of the VPP with EVs.

Battery Environment

It is assumed that the interactions between DERs, the
power grid, and natural gas all occur through the VPP
and that no direct relationship is present among them.
Additionally, for the purpose of carbon minimization,
an interaction is set up with the external carbon envi-
ronment, where the VPP output includes the carbon

emissions, and the input from the environment consists
of the carbon emissions to be absorbed in the VPP. All
device units in the VPP are standardized to specific
power (MWh) and gas (kg) levels. The configuration in
Fig. 1 serves as the main framework for constructing the
mathematical model of the VPP examined in this paper.

A. Uncertainty Analysis Model for DER Outputs and
Residential Demand

The uncertainty of the wind turbine (WT), photo-
voltaics (PV) outputs and residential load demand in the
VPP introduces certain security risks. Therefore,
probability density functions (PDFs) are calculated
based on the Beta distribution and Weibull distribution
for the historical light intensity and wind speed data,
respectively. According to the corresponding PDF, four
cases are generated from the samples. Then, the normal
distribution parameters of the residential load are cal-
culated through the historical data, and four load de-
mand scenarios are generated from the samples. Nota-
bly, 365 days of 24-hour data are generated, yielding a
total of 8760 points for training TD3. The four cases
with 24-hour data generated are then used with the first
24 hours of the 8760-hour data for testing. The specific
uncertainty analysis model is as follows.

The PDF of the wind speed obeying the Weibull dis-
tribution is as follows:

z-1 vY
S0 =5[Kj Nt (M
c\ C
where v denotes the wind speed; ¢ denotes the char-
acteristic parameter; and z denotes the shape parame-
ter.
Based on the basis of the PDF of the wind speed, the

z and c¢ are calculated via maximum likelihood esti-
mation (MLE), and the process is as follows:

F(z,0)= ﬁ(f(lj e_(v'/”):] @)

c

where F(z,c) denotes the MLE function of z and ¢ ;
k denotes the number of data points; while v, denotes

the speed of ith wind sample.
The logarithm of F(z,c) is as follows:

InF(z,c)=kinz—kzlnc+(z —l)ilnvi - i(lj 3)
C

i=1 i=1
The respective partial derivatives with respect to the
MLE are shown as (4). By setting these partial deriva-
tives equal to zero, parameters can be calculated.

OlnF(z,c) kz z &,
_— =t — V;
ac c cz+1 [Z:I: i
olnF k S Z ”
Mz——klné+21nv,- —(V—j ln(V—j
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where ¢ represents the analytical solution of c.
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Finally, z and ¢ are calculated via (4), and the data
(subject to the Weibull distribution) are generated.

With the wind speed data, the resulting wind power
output model is as follows:

G, 25<v

rated >

<35

G (v)=

rated

3
j ,3<v<25 (5

rated

0, otherwise

where G"" denotes the output of the WT at time ¢;
GWT

rated
denotes the rated wind speed.
The PDF of the radiation intensity obeying a beta

distribution is as follows:
apy -1 v
(epv ) (1 - gpv )/}P :

denotes the rated power of the WT; and v

rated
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where 6,, denotes the solar radiation; 4, denotes the
mean data value per hour for 365 days; o, denotes the
variance per hour of data for 365 days; while «,, and
Py denote the shape parameters of Beta distribution.
After calculating «,, and f,,, the radiation inten-
sities at 24 hours are sampled from the historical hourly
data. The PV outputs are then acquired as follows:
G[PV = Opy X Spy X Npy X1Jpy, ®)
where GV is the PV output at time # while S, , N,
and 77,, denote the square, amount, and conversion
efficiency of the PV power, respectively.
In addition, the residential demand is generated by a
normal distribution as follows:
e ~Hge
f0,)=——=xe [t ©)

where 7, denotes the residential demand; while oy,
and g4, denote the variance and mean values of the

actual residential demand for every hour in the whole
daily data, respectively.
This method calculates op, and 4, for every hour

of each day. Finally, the hourly demand in each case is
created by sampling from historical data obeying a
normal distribution.

B. MT Model

MT is a power generation device that uses CH, as a
fuel source and generates electric power by converting

chemical energy into mechanical energy. It produces
CH, from natural gas and outputs power with a corre-

sponding level of carbon emissions. The details of the
output model for the MT are as follows:

GrMT = Imr X Kcn, X I/Cl\l/l{ft (10)

Véor. = G xneo, (11

where G denotes the output of the MT at time #; 7,
denotes the energy conversion rate; xcy, denotes the
calorific value of CH,; V{}!, denotes the CH, con-
sumption volume at time # V', denotes the total

amount of carbon emissions produced by the MT at time

t; and 7%y, denotes the CO, emissions per unit of
power output from the MT.

To ensure the stability of the MT, GM' satisfies the

following constraints:

Gurmin < G = Gyr (12)

|GM" - G| < AG, (13)

where Gy and Gy, denote the maximum and

minimum output power levels of the MT, respectively;
GM' denotes the output of the MT at time #—1; and

AGMT  denotes the maximum increase or decrease in

ramp

the power output per hour.

C. P2G Model

The P2G model is mainly adopted in the form of
power to gas. The main roles of P2G are to absorb the
carbon emissions generated by the MT and to transfer
the generated CH, to the MT or sell it as natural gas to

reduce the cost of the carbon emissions and provide
increased income. The interactions between electricity,
CH, and CO, are as follows:

VS, = B xS (14)
36 P2G
VCPIiG,t = % X PtPZG (15)
CHy

2

where V¢, denotes the CO, consumption level at

time #; P™¢ denotes the electricity power consumption
level of the P2G process at time #; (o, denotes the

CO, volume consumed per unit of power; V'3, de-
45

notes the production volume of CH, at time #; and {7

denotes the CH, volume to generate with a unit of

power.

To ensure the stable operation of the P2G device,
P™C mentioned earlier must obey the following con-
straints:

P2G
0 g Pr g IJPZG,max

(16)

where B . denotes the maximum power that is

transferred from the VPP at once.
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D. EV Charging Station Model

As flexible resources within the VPP that can realize
charging and discharging schedules, EVs have great
potential for improving the dispatch ability of the VPP.
In this work, because of the independence between
charge piles, the EVs exhibit charging and discharging
behaviors at the same time. The coupling relationships
between the SOC and the VPP are as follows:

EVs EVs EVs
EZ7 + G X ypp

EVs __ EV:
O = Oy + Ziv a7
cap
EVs __ EVs EVs
Gz f= Gcha:,/ - Gdis,; (18)
EVs __ b: t
Gcha:,t - Gchaas:t + G:ﬁ(a:i (19)

where OF"* and O]}® denote the SOCs at times ¢ and
t —1, respectively; E-° denotes the capacity of the
EVs at time 7 —1; G"" denotes the energy output by
the EVs at time #; 7735 denotes the energy conversion
efficiency; E.'" denotes the maximum capacity of the

cap
EVs; Giv, and Gj7 denote the charge derived from
the VPP and the discharge from the EVs to the VPP at
time 7, respectively; G5=°, denotes the charging power

char,t

required for the basic demand of EV travel; and G3,;,
denotes the extra charging power needed for dispatch.

The logic used in this paper for G.:, is that when

char,t

SOC at time ¢ —1 is less than the demand at time ¢, the
EVs must perform G5%°, and then choose whether to

char,t
use Ggar, - When SOC at time ¢ —1 is greater than the

demand at time #, the EVs will be charged or discharged
on the basis of removing the demand at time ¢.

Moreover, an EV battery health mechanism is in-
troduced in this paper. Specifically, battery health will
attenuate due to the actual volume and frequency of
charging and discharging. The health reduction model is
as follows:

Jiow = (Gl + G [ ELy (20)
HEG,, = NG xnbu, 1)
HES =nil < (Joi)? (22)
HEY = HES,, + HEY, (23)

where Ji% denotes the depth of the energy (DoE)

EVs
circle,t

change; H denotes the health loss caused by the

frequency of charging and discharging at time #; N5V

circle,t

denotes the cumulative amount of GJ;, or G5 that is

char,

EVs
circle

greater than or equal to 0.1 MWh until time ¢, 7

denotes the cycle degradation rate; Hg,.", denotes the

EVs
doe

the DoE degradation rate; and H"* denotes the total
health loss at time ¢.

health loss caused by the DoE at time ¢; 74, denotes

To ensure the normal operation of the EVs, the EV
deployment scheme should obey the following con-
straints:

Opvemin < O < O

EVs,max
EVs EVs EVs base extra
O < Gt s Gchar,m Gdis,t s Gchar,n G g G

char,t EVs, max

24
(25)

where Ogy, i, and Oy denote the minimum and

Vs, max

maximum SOCs of the EVs, respectively; and G

EVs,max

denotes the maximum power output.

E. Battery Energy Storage System Model

In this work, a battery energy storage system (BESS)
is utilized in another framework without EVs for com-
parison purposes. Unlike the EV charging station, the
battery as a whole cannot be charged and discharged
simultaneously. The energy change model of the battery
is as follows:

EPS + G5 ity
Eggss

where OP**° and OP5%® denote the SOC at times ¢ and

t —1, respectively; ESS

BESS _ )BESS
Ot _Ot—l +

(26)

denotes the capacity of the
BESS at time # —1; G™° denotes the energy output of
the BESS at time #; 755" denotes the energy conversion
EZSS denotes the maximum BESS

efficiency; and E,
capacity.
The constraints for normal battery operations are as

follows:

OBESS,min < OtBESS < OBESS,max (2’7)
_GBESS,max < GtBESS < GBESS,max (2’8)

where Ogegs min @ad Ogggs o denote the minimum and
maximum SOCs of the battery, respectively; and
Giess.mex denotes the maximum energy output by the
battery.

F. Objective Function

In this paper, from the perspectives of economics and
carbon minimization, a mathematical VPP model con-
sidering EVs is established, and the deployment solu-
tion is implemented on the basis of the TD3 algorithm to
minimize its operational costs and carbon emissions.
Therefore, the objective function at time ¢ consists of the

MT cost CM", the EVs cost CF"*, the P2G cost C*9,
the grid interaction cost C#™*, and the carbon emission
cost Cs*™" Thus, the objective function is established
as follows:

fmin (C) — Cftotal — C[MT + CtEVS + CtPZG + Ctgrid + tharbon

(29)

where f,,,(C) denotes the minimum energy optimiza-
tion cost of TD3 and C,°* denotes the total cost at time .

The cost of the MT is as follows:

MT _ 7/MT
Ct - Vbuy,t X ﬂCI—L,

(30)
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MT
where V.,

VPP for the MT at time ¢ and 7y, denotes the unit

denotes the CH, volume purchased by the

price of CH,.

The cost incurred when EVs interact with the VPP is
as follows:
CtEVS = ﬂtpﬁce X GtEVS + nEeZlSth x H rEVS (3 1)
where 47" denotes the electricity price at time #; and
EVs

Meain denotes the penalty cost per unit of health deg-

radation, which is set to 10 000 ¥ MWh.
The cost of P2G is as follows:

CtPZG = 7, (VI\FI%C; - Cpéiz) + 7o, (Vcl\g):,z - chéf,z) (32)
where Vi denotes the volume of CH, that is trans-
ferred to the MT to generate power and 7., denotes

the purchase and sale price for a unit of CO, .
The grid interaction cost is as follows:

price .-+ grid grid grid
Cgrid _j’t min Eunbalance,t ’ Pmax )9 Eunbalance,t 2 0 (33)
! - rice a1 grid rid grid
ﬂ“tp mln(|Eunbalance,t s Pn%ax )9 Eunbalance,t<0
where EZj ... denotes the power imbalance observed

after the devices in the VPP output and consume power
at time #, and P& denotes the maximum interaction

max

power between the VPP and the grid.

G. Power Balance

In this paper, power and gas flows are present in the
VPP. Therefore, it is necessary to balance the con-
straints imposed on power and gas. The equilibrium
constraints corresponding to the power and the two
gases are as follows:

GtWT + G{PV + GtMT + P[PZG _ GtEVs —
id R EVs
E + L+ L

unbalance,?
where LY and LY* denote the demand loads of resi-
dents and EVs traveling at time ¢, respectively.

MT P2G __ MT P2G
oy T Veroe = Ver, o + Vel

(34

(35)

where V; denotes the volume of CH, that is sold by
the VPP at time .
choip,t = C%I,t - VCP(%?J

(36)
where V", denotes the volume of CO, that is emitted

from the VPP to the environment at time ¢.

III. OPTIMIZATION ALGORITHM FOR VPP-EVSs

In this section, first, DQN and mRMR are used to
select the most representative features for the historical
charging data of the EVs, and then a GA-TCN-LSTM
model is employed to forecast the demand. On the basis
of the prediction module, the TD3 algorithm for VPP
deployment is proposed. The framework of the whole
optimization process is shown in Fig. 2.
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Fig. 2. Framework of the proposed optimization algorithm.

A. Model for Predicting EV Charging Station Demand

The flexibility of EVs results in some volatility risks
while increasing their scheduling potential. Therefore,
an accurate EV charging load prediction scheme is an
important foundation for ensuring the stability of the
VPP.

DQN is a deep reinforcement learning method that
finds the optimal solution for the state through ¢ value

Crossover and mutation ]

learning. Additionally, mRMR is a heuristic index that
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combines the maximum relevance and minimum re-
dundancy of information evaluation indicators to
maximize the comprehensive feature evaluation. Based
on the selected optimal features, the EV charging station
demand prediction model is adopted in combination
with TCN-LSTM on the basis of the GA parameter
optimization method. TCN-LSTM improves the ability
of LSTM to process feature information and increases
the ability of TCN to resist nonlinear interference.
First, DQN is combined with mRMR to extract fea-
tures, by utilizing mRMR as the reward function inside
DQN. The mRMR calculation process is as follows:

M(X,Y)= —XE){Zeyp(x,y) log, p(x,y)  (37)
M(X)= —;ZXP(X) log, p(x) (38)
MY) == p(y)log, p(y) (39)

1(X;Y) = M();E)Y+ M@T)-M(X,Y)  (40)

where M (X,Y) denotes the joint information entropy
of X and Y; M(X) and M(Y) denote the information

entropies of X and Y, respectively; X and Y denote
the collections of features and labels, respectively;
p(x) denotes the probability of one feature; p(y) de-

notes the probability of one label; p(x,y) denotes the
joint probability; and /(X;Y) denotes the mutual in-

formation between X and Y.
Then, based on the Pearson correlation coefficient,
the information redundancy is calculated as follows:

S X, -, - )

VXY — ni:l J=1 — (41)
\/Z(Xi —)?)ZJZ(Y,- ¥y
erXYl
p="— (42)
nxm

where 7, denotes the correlation coefficient; X and

Y denote the mean values of X and Y, respectively;

n and m denote the amounts of X and Y, respec-
tively; and ¢ denotes the average redundancy.

Finally, mRMR is presented as follows:
[P = [(X:Y) - g

where I™™® denotes the mRMR value at time ¢ .

In addition, DQN is employed to construct an ex-

traction model for EV data. The state S”® and action

AP spaces of DQN are shown as follows:

SPN = (Fal™, Fndi (44)

AtDQN = (al,t’ Ays 0y al,t) (45)

where F 00" denotes the selected feature vector prior to

DN

unsel,t

(43)

time £ denotes the unselected feature vector

prior to time # and g,, denotes the chosen variable for

the /th feature, a,, =1, the corresponding feature is
chosen, and g,, =0 is the opposite case.

The iteration process of DQN-mRMR is as follows:

O PN = I + PN max, 0L (,.1,,50p0n,) (46)

O = 0PN (s,a,3000n,) — O (47)

DQN SDAN 5 aQ(Séb"ﬁaDQN,t)

DQN,¢
where QP denotes the target ¢ value at time f ;

I
the maximum ¢ value attime #+1; s, and s,, denote

(48)

0DQN,t+1 =Upgn: — X

PN denotes the discount rate; max, QP

denotes
the states at times ¢ and ¢ + 1, respectively; a, denotes
the action at time ¢; 0y, denotes the parameters of
target network at time ¢; 6" denotes the difference
between Q"™ and QPN

the g value at time ¢; Oy, and Oy ., denote the

DQN
t

at time ¢ ; denotes

parameters of the target network at times ¢ and ¢ +1,

respectively; and o denotes the learning rate.

The process of DQN-mRMR is shown in Algorithm 1,
where e denotes the probability of a random action,

which starts at e, and decreases at a rate of ¢, to a

minimum of e; .

Algorithm 1 Feature Selection Model of DQN-mRMR

Input: Initial hyperparameters " , e PN

1. I1(X;Y), ¢, replay buffer D
for =1 to 2000 do

€, €,

Obtain transition (s,,a,,s,.,,I™™) via greedy
Store transition in D
end for

for t=1 to 100 do

A G B

Sample batch (s,,a,,s,,,,/™"™) from D

8.  Calculate Q"™

9. Calculate target O, ;PQN

10.  Compute TD error 5"

11. Update Oy,
12.  end for
Output: Optimal transitions {(s,,a,,s,ﬂ,l,“‘k'\"R )}

By deeply embedding GA into the architectural de-
sign and training process of TCN-LSTM,
GA-TCN-LSTM realizes a paradigm shift from a
manual design scheme to the automatic evolution of
time series prediction models. Therefore, GA is utilized
to search for the optimal hyperparameters for TCN and
LSTM. The flow chart of the automatic hyperparameter
exploration mechanism is shown in Fig. 3.
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Fig. 3. Framework of GA for searching for the optimal hy-

perparameters of TCN and LSTM.

Notably, the root mean square error (RMSE) Apyse

of the prediction results is chosen to calculate the fitness
function for each population, calculated as follows:

Apuse = \/1/"R [Z,n:, i — )A’i)z:|

where 7, denotes the number of predicted data points;

(49)

y; denotes the ith actual value; and J, denotes ith
forecasted value.

B. TD3 Deployment Algorithm for the VPP

In this section, the proposed TD3 algorithm is utilized
to reach carbon minimization and economic targets. The
corresponding framework is shown in Fig. 4.

‘ Update by- Q]1 1
i . O| State function ;
[~ (@ee) - [%+~(Go0) ®- (000)
! Data S, & o, S, !
| ' Actor network ! Critic‘network i
iReplay buffer collection e N
TD3
i Target network . :
' Random S, =, '
! ] ] ;
jextiaction NE e Target critic i

H network

Fig. 4. Framework of the TD3 algorithm for training.

First, the state and action spaces are set as follows:
STD3 (f ﬂrpme GWT GPV th{e’Lst’ H[EVs’ OtEVs) (50)
AtTm = (Vcl\l/rli:,ta VI\Z%S > GtEVS: PtPZG) (51)
where §™* denotes the state space of TD3 at time ¢

and 4™’ denotes the action space of TD3 at time ¢.

Moreover, the reward function in this paper is the
total cost, and is calculated as follows:

— _Ctotal

- denotes the reward at time ¢.

(52)
where 7,

When the experience in the replay buffer is collected,
there is no need to calculate the ¢ value. After the col-
lection step, the TD3 samples (s,,a,,s,.,,7) acquired
from the replay buffer are used to simultaneously train
the initial and target networks.

First, in the initial network part, an actor network
7w (s,) outputs the predicted action @, and then in-

puts it into two critic networks to calculate two ¢,
results. In the target network part, TD3 inputs s,,, and

forecasts a;,, for the target actor and then adds noise &

to &,.,. Furthermore, TD3 transfers 4,,, to two target

-, TD3

critic networks and obtains two ¢,;,; > outputs. Conse-

quently, to overcome the risk of overestimating g™,

TD3 uses a creative mechanism called clipped double

Q-learning. The agent chooses the minimum value
between two g7/ options and calculates the target g
value as follows:

g™ = O™ (s, d; O™) (53)
g™ = min,_,, {01 (s, d G ™)) (54)

5~c11p(N(0, Otm)s —1, 1) (55)

TD3

q; I+ Vrps X qf+1TD3 (56)
where ¢ denotes the g value at time #, O™ de-
notes the critic network; s, and 4, denote the state and
action at time ¢, respectively; s,., and 4,,, denote the

state and action at time ¢+ 1, respectively; 6™ de-

notes the parameter of the critic network; y;p, denotes

the discount rate; g,"™ denotes the target g value at

—-,TD3

time ¢; g,;; ~ denotes the g value derived from the

target critic network Q;;/™ attime ¢ +1; & denotes the

noise added to action to provide a smooth regularization
process; Q11 denotes the ith target critic network at
time 7 +1; 6;;™ denotes the argument of the ith target
critic network at time #; N denotes the normal distri-
bution; and o7, denotes the variance, which is 0.01 in
this paper.

After the target ¢ value is acquired, TD3 calculates

the difference between ¢/ and §,™>. Therefore,
0™ is updated as follows:
5[TD3 — qt— ,TD3 __ thD3 (57)
1 B
LO™) = 528" (58)
=

aTDS

TD3
1+1 0 -

P XV s L(OT) (59)

where 0, denotes the difference at time ¢; L(6™*)

TD3

is the loss function at time #; 8,.;° denotes the new ar-

gument at time 7 +1; ™ denotes the learning rate of
the two critic networks; and B denotes the batch size.
Regarding the parameter of the actor network, when

a, is predicted by the actor network 7 (s,) for cal-

culating ¢/, @™ is updated as follows:
L(o™) =0/ (s,, a;; 6/™) (60)
TD3 (s[ b al; ngD3) X
Vo L(@™) = B, v ) 61)
TD3 P \”
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TD3 __ TD3 TD3 TD3
wt+1 - wt + ﬁ X V{U/TWL(wz )

(62)

™3) denotes the loss function at time ¢

where L(w,
V, mL(®/”) denotes the gradient with respect to
L(w/™) at time #; E, denotes the expectation calcu-

lated under s, at time ¢, V, and V ., denote the

TD3

gradients of a, and @, respectively; 7z, denotes

the actor network at time #; ®™ and /"’ denote the

parameters of the critic network at times ¢ and ¢ +1,
respectively; and ™ denotes the learning rate of the
actor network.

Notably, the parameters of the three target networks
undergo a soft update at a predetermined interval during
the training process.

The algorithm is elaborated in Algorithm 2, where

o™ denotes the parameters of the target actor net-

work; 7' denotes the soft update rate; and 4" de-
notes the soft update target step. After the optimal dis-
patch is observed at time ¢, the current information is
stored in the historical collection for use by
DQN-mRMR to perform feature extraction again.

Algorithm 2 TD3 Optimization Method

lnpllt: t, ﬂ'tpricc’ G’WT, G{PV, L:{c, L:EVS

1. Initialize: S, 4™, 0™, 6., 0, 0™

> O
Phase 1: data collection
2. for t=1 to 8760 do
3. Observe state s, , execute action a,
4. Store transition (s,,a,,s,,,,”) inreplay buffer
5. end for
Phase 2: parameter update
6. for =1 to 100 do
7. if t mod d™ =0 then
8. Soft update target networks:
0™ «7™0™ + (1-c™)e;™

TDJw;l'DS n (1 _ z_TD3 )waTD}

w,"Tm 7T ,
9. end if

10.  Sample batch (s,,a,,s,

t+12

r,) from replay buffer

11. Compute target actions 4,

~—TD3

12.  Calculate g,
13.  Update critic: 8™

14.  Update actor: @™

15.  end for

Phase 3: dispatch execution

16. for t=1 to 24 do

17. Observe state s, , select action a,
18.  Execute action and receive reward 7,
19.  end for

24
Output: Optimal dispatch trajectories {(S,Tm, A™ )}

t=1

IV. CASE STUDY

In this study, the proposed TD3 optimization algo-
rithm is employed to dispatch DERs in a VPP with EVs.
The calculation results are validated by using actual data
acquired from the University of California San Diego
microgrid (with residential demand and EV charging
demand) and the Xinjiang Uygur Autonomous Region
(radiation intensity and wind speed data). The selected
period is from January 1, 2019, to December 31, 2019.
First, the main parameters, which include DERs and
methods, are introduced. Second, four cases are set to
verify the generalization ability of the TD3 model.
These cases are generated based on an uncertainty
analysis. In a comparison with three other methods, the
superiority and rationality of the proposed TD3 deci-
sion-making method are tested and validated. The test is
conducted on a personal computer, which is equipped
with an 11th-Gen Intel(R) Core(TM) 15-11300H pro-
cessor @3.10 GHz-3.11 GHz and 16 GB of RAM. The
operating system is Windows 11.

A. Basic Arguments

As depicted in Section I, the device environment of
the VPP examined in this paper is illustrated. The cor-
responding equipment arguments, as well as the prices
of electricity and gas, the carbon emission penalty and
the hyperparameters of the DQN and TD3, are detailed
in Table 1.

TABLEI
PARAMETERS OF THE VPP MODEL
Parameters Value Parameters Value
G (MWh) 2 e 0.002
Viated (m/s) 25 OF_Vs,max’ OBESS,max 0.9
Spyv (m?) 1 OEVs,mm’ Oggss min 0.1
NPV 1 Gl:Vs.mux’ GBESS.max 7
(MWh)
oy 0.8 Ten, (¥/kg) 2.4
Thar 0.6/0.3 Teo, (¥/kg) 0.946
Gy e (MWh) 10/20 PN 0.999
Gyt min (MWh) 0 o™ 0.01
AGy, 2/4 e, 0.9
feo, (kg/MWh) 550 e 100
Koy, (MI/kg) 50 e 0.01
Neo, (kg/MWh) 1287 y 0.9
Nen, 0.65 a™ 0.001
B e (MWh) 16 Yt 0.001
Mo > Mopp. 0.9 € 2
EVs BESS
Ecap > Ecap 10 dTDJ 2
(MWh)
e 0.001 7 0.01

B. Case Settings

To prove the generalizability of the proposed TD3
dispatch approach, four cases are set up for calculation
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and analysis purposes. The four case environments
produced by an uncertainty analysis and forecasting are
shown in Fig. 5. In this paper, the electricity price and
EV demand are the same in the four cases.
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Fig. 5. Environment sets for the four cases. (a) Wind power. (b)

Photovoltaic power. (c) Residential demand. (d) Electricity price
and EV charging demand.

The basic charging demand of the EVs is forecasted
by GA-TCN-LSTM with features selected by
DQN-mRMR. The other environments employed in the
four cases are generated by an uncertainty analysis. In
addition, three algorithms are utilized for Case 1 to
examine the dominance of the TD3 deployment model
with EVs. The three algorithms are designed in terms of
energy optimization performance and EV changes.
Among them, Gurobi is a solver for MILP and quadratic
problems. In this paper, it is used for the model pre-
sented in Section II and implemented via the gurobipy
package in Python. Moreover, after the SOC variation
results are obtained, the EV health and cost changes are
manually incorporated.

For the MPC scene, a battery capacity reduction
mechanism is added. This mechanism causes the
available battery capacity to decrease as the health of
the battery decreases. The details of the above mecha-
nism are as follows:

Egpivin = Egpy x (1= H™) (63)
where EEY® and EEYS., denote the maximum EV

cap,t cap,t+1
volumes at times ¢ and #+1, respectively.

In addition, the prediction horizon of MPC is set to 5.
To simulate a more refined model, a prediction error
parameter based on the scene data is incorporated, and
another mechanism in which the prediction error in-
creases over time is established.

An extra VPP-BESS framework is constructed to
compare the total costs of the VPPs in the four cases.
The algorithms for testing and configuring the two VPP
frameworks are shown in Table II. The simulation re-
sults obtained for the above scenes are analyzed from
the aspects of economics, EV health and carbon mini-
mization.

TABLEII
ALGORITHMS TESTED UNDER TWO VPPS CONFIGURATIONS
Algorithm EVs BESS
TD3 TD3-EVs TD3-BESS
DDPG DDPG-EVs
Gurobi Gurobi-EVs
MPC MPC-EVs

C. Prediction Framework Verification

Figure 6 shows the training processes of diverse DQN
hyperparameter sets. The first set exhibits stable con-
vergence within 100 episodes. To avoid the problem of
falling into a local optimal solution, the episode of the
first curve is prolonged. This set eventually converges
to an average reward of approximately —4.33 for the last
25 episodes. The reward provided by group 1 in the first
100 episodes (—3.73) is 58.2% higher than that of the
second group (—8.92), and group 1 is close to converg-
ing to a positive reward (—0.12) in the later periods
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(100-200), indicating that its stability and convergence
speed are better. The standard deviation of the rewards
in the first group for periods 50-100 is 7.2, which is
much lower than the 12.5 and 14.8 values of the second
and fourth groups, respectively, and the volatility is
reduced by 42.4% and 51.4%. Thus, the first hyperpa-
rameter set is chosen to train the DQN and extract the
optimal features for EV demand forecasting.

20
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Episode

Fig. 6. Rewards curves produced with four hyperparameter sets
in the training stage of the DQN.

After training, the features are selected by the mRMR
calculation and DQN exploration processes. The
mRMR and recursive feature elimination (RFE) ap-
proaches are then employed to test the superiority of the
proposed DQN-mRMR model. On the basis of the same
datasets and test size, a random forest classifier is uti-
lized to present the performance of the three algorithms.
The results are shown in Table IIIl. DQN-mRMR has
better selection accuracy (0.982) than those of mRMR
and RFE, but it is slower than the other algorithms be-
cause of its computational complexity.

TABLE III
PERFORMANCE COMPARISON AMONG THREE ALGORITHMS
Algorithm Accuracy Time (s) Features
DQN-mRMR 0.982 8.053 7
mRMR 0.873 0.063 6
RFE 0.673 0.022 6

Figure 7 illustrates the comparison between the
forecasting conditions (time, demand, longitude, and
latitude) based on the DQN-mRMR and manual feature
selection methods. According to the GA evaluation of
the optimal hyperparameters yielded by the TCN and
LSTM, the window size is set to 5. Hence, the predicted
load has a delay of 5 hours with respect to the actual
load. As shown in Fig. 7, the RMSE, mean absolute
error (MAE) and R? in Fig. 7(a) are all greater than
those in Fig. 7(b), which means that the forecasting
performance of the features derived from DQN-mRMR
is better than that of manual selection. Consequently,
the demand curve forecasted by the features extracted
from DQN-mRMR are used as the EV demand scene for
the four cases.
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Fig. 7. Comparison between the actual and prediction demands
based on the DQN-mRMR and manual methods. (a)
DQN-mRMR. (b) Manual method.

D. Comparison Among the Dispatch Performances of
the Four Algorithms with EVs

For Case 1, the TD3 training reward conditions ob-
tained with different hyperparameters are shown in Fig.
8. The optimization results produced by the four algo-
rithms are shown in Fig. 9, where the portion below 0
indicates the power sale behavior with respect to the
grid. In contrast, the part above 0 includes the MT
output and the energy change exhibited by the EVs, as
well as the power purchased from the grid for P2G or
other processes.
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Fig. 8. Rewards yielded by the TD3 and DDPG algorithms under
different hyperparameters within 100 episodes.
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Fig. 9. Energy optimization results obtained with the proposed
TD3 algorithm and the other three algorithms. (a) TD3. (b)
DDPG. (c) Gurobi. (d) MPC.
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P2G refers to the electricity purchased from the VPP
for achieving a CO, reduction. The EV charging de-

mand refers to the charging power needed to meet the
imposed demand. The extra EV charge is the additional
power charge derived from the VPP after the demand is
satisfied. As shown in Fig. 8, five hyperparameter
combinations are used by TD3 for parameter training.
The hyperparameter set of the DDPG approach is the
same as the fifth combination of TD3, which is the set
chosen in this paper. The reward demonstrates the im-
pacts of diverse hyperparameters.

Initially, various learning rates are tested. When o'>
and B™ are 0.01, which is higher than the values in the

chosen set, the reward converges within two episodes to
79 880.968. The reward process of combination 1 is
similar to that of the chosen set (0.001). However, in the
whole training stage, the reward remains stable after
two episodes, and a risk of overfitting is present.
Therefore, we examine other combinations. When the
learning rate is 0.0001, which is lower than the chosen
rate, the reward exceeds both 0.01 and 0.001 in the four
episodes and then converges to —307 655.053.

Furthermore, a larger £ is observed, but the corre-
sponding reward converges rapidly to —498 450.605,
which is clearly below all other results.

Compared with that of the chosen set, the reward

obtained with "™ = 0.999 is higher in three episodes;

then, it decreases to a lower reward, —366 441.162,
which is less than that of combination 2. Finally, the
reward obtained with the DDPG algorithm under the
same chosen hyperparameters is presented, but it does
not converge.

Above all, ¢ affects the training performance, y™

has a smaller effect, whereas o™ and ™ have the

smallest impacts. In view of the above perspectives, the
fifth hyperparameter combination is chosen as the
training set for TD3 in this paper.

The energy deployment schemes produced based on
the four algorithms are shown in Fig. 9.

In contrast with the other three algorithms, TD3 sig-
nificantly reduces the power output by the MTs to only
1.163 MWh, which is 0.31% of that of the DDPG al-
gorithm and lower than those of Gurobi and MPC
(99.44% and 99.45%, respectively).

Moreover, TD3 has a better performance than other
methods in terms of EV energy interactions (except the
power charged to satisfy the basic demand). TD3 results
in an EV energy change volume of 70.771 MWh, while
DDPG algorithm has the smallest volume (12.57 MWh),
MPC is similar to TD3 (70.14 MWh), whereas Gurobi
has the greatest volume (127.314 MWh).

Notably, for TD3 and MPC, the extra charging pow-
ers are 64.025 MWh and 1.02 MWh, respectively. This
situation explains the EV energy schedule capacity of
the proposed TD3 model.

TD3 demonstrates a strong grid exchange ability
(310.719 MWh in total), whereas MPC (221.102 MWh)
is inferior. Although the results of the DDPG algorithm
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(356.778 MWh) and Gurobi (325.941 MWh) are higher
than those of both TD3 and MPC, the entire interaction
involves electricity sales, and no obvious dispatch pat-
tern is observed according to the electricity prices. In
the peak pricing period, TD3 and MPC present the
power sale action, and they choose to buy during the
valley period. With respect to P2G power in the pur-
chasing part, TD3 provides a result of 0, while the
DDPG algorithm, Gurobi, and MPC yield 1.542 MWh,
80 MWh, and 144.974 MWh, respectively. These re-
sults indicate the carbon emission control capabilities of
the four algorithms. TD3 does not require additional
expenses to avoid the carbon emission penalty, and thus,
the total cost of the VPP decreases.

Figure 10 shows the SOC change and EV health
degradation process observed under the four algorithms.
The results indicate the keen response capabilities of
EVs based on TD3 dispatching.
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Fig. 10. SOC change and EV health degradation results obtained
based on four algorithms with electricity prices. (a) SOC. (b) EV
health.

As shown in Fig. 10(a), the SOC curve of TD3 in-
creases to 0.9 and then decreases to 0.34, whereafter it
presents increasingly small fluctuations and finally
tends to converge to approximately 0.45. The reason for
this phenomenon is the EV battery health setting. Ow-
ing to this mechanism, TD3 keeps the SOC variation
beyond the range that would cause healthy attenuation,
thereby reducing the cost of battery depletion. Finally,
TD3 explores the balance between protecting the health
of the EVs and satisfying the next demand imposed after
the EV discharging process.

Similar to TD3, the DDPG algorithm also presents
certain EV health monitoring and control capabilities.
Nevertheless, both Gurobi and MPC experience multi-
ple cases of overcharging and discharging, which lead
to rapid declines in EV health.

As shown in Fig. 10(b), TD3 has a better performance
than the other methods in terms of protecting the health
of EVs, with the EV health reduced from 1.0 to 0.994
(total attenuation: 0.641%), and the attenuation rate
being only 63.3% of that of the DDPG algorithm
(1.013%), 58.3% that of Gurobi (1.1%), and 95.9%
lower than that of MPC (30.0%). In addition, the
standard deviation of the TD3 attenuation process is
0.000 32, which is 89.0% lower than that of the DDPG
algorithm (0.003) and 99.7% lower than that of MPC
(0.098). Notably, the reason for the faster EV health
decline exhibited by MPC is the effect of the declining
health on the available EV capacity.

In summary, all the algorithms respond to the elec-
tricity price to some extent (charging during the
low-price period from 01:00-08:00 and discharging
during the high-price periods from 12:00-14:00 and
19:00-22:00). However, TD3 has better performance in
terms of maintaining the balance between EV health and
the electricity price.

E. Algorithmic Generality Verification Based on Four
Scenarios

To verify the generalization ability of the proposed
TD3 deployment model, Cases 1-4 are implemented.
The case details are provided in Fig. 5. Figure 11 shows
the energy deployment conditions of the four cases,
while Fig. 12 illustrates the diverse SOC variations
observed in the four cases.
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Fig. 11. Energy deployment details of four cases based on TD3.
(a) Case 1. (b) Case 2. (c) Case 3. (d) Case 4.
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Fig. 12. EV SOC changes observed in the four cases based on
TD3.

As shown in Fig. 11, TD3 always exhibits a certain
rule for the schedules under the four cases. And the grid
interactions always maintain the trend of purchasing
power during electricity price valleys and selling power
during electricity price peaks. Furthermore, the output
of the MTs in the four cases is 211.163 MWh, including
1.163 MWh in Case 1 and 210 MWh in Case 3, as
shown in Figs. 11(a) and (c), respectively. The MTs in
the other cases provide no outputs. In Cases 1-3, the
EVs have an extra charge of 145.988 MWh. In addition,
Case 1 and Case 4 have EV discharging during the
high-price period, and the total volume is 22.347 MWh
in Figs. 11(a) and (d). Case 3 has a consistent EV dis-
charging effect over the whole period, as shown in
Fig. 11(c). Additionally, Cases 1-4 have stable per-
formance in terms of grid interactions, with average
values of 3.898 MWh, 4.29 MWh, 3.019 MWh and
3.631 MWh, respectively. Notably, in all the cases, the
P2G electricity purchase level is 0, indicating great
economic ability.

As depicted in Fig. 12, Case 1 has a similar SOC
pattern to that of Case 3, and the similarity between the
two scenes reaches 98%. Case 2 is similar to Case 4,
their SOC trends remain highly consistent (85.4% sim-
ilarity), but the difference comes at 14:00. This is be-
cause the residential demand in Case 2 at 14:00 is higher
than that in Case 4, and the EVs need to charge at this
moment in Case 2. In the meantime, the fluctuations
exhibited by the four cases have stable changes; only in
Case 2 does the SOC reach the lower bound of 0.1 (this
case has the largest volatility of 57.75%), whereas that
in Case 1 is 56.29%, that in Case 3 is 18.11%, and that
in Case 4 is 24.84%. Moreover, the EV discharge
volume proportions observed during the high-price
period are more than 62.9% in Cases 1-4, and the EV
charging proportions observed during the valley period
are more than 68.5%. The mean standard deviation of
the SOC in the four scenarios is 0.062.

In summary, the TD3 model has superior adaptability
and reasonably dispatches the resources and require-
ments in different environments. It has the ability to
absorb surplus power, meet different needs and reduce
operational costs.

F. Economy Comparison

Economic viability is an essential condition for VPPs
to achieve sustainable operations. To analyze the supe-
rior economic performance of the proposed TD3 algo-
rithm, the operational costs of four cases and two VPPs
frameworks are presented.

As shown in Fig. 13, the EV scenes in Cases 1-4
present certain patterns relative to the BESS scenes.
From 01:00-08:00 and 22:00-24:00, the costs of the
EVs are higher than those of the BESS During
12:00-21:00, the EVs gain more than the BESS does
except for Case 3 in Fig. 13(c). Figures 13(a), (b), and (d)
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present more negative costs, which result in more rev-
enue. The total cost of the EV scene is ¥ 78 991, which
is less than the ¥ 125 927 cost of the BESS scene, thus
saving 37.3% in Case 1. In the other three cases, the
total costs of the EV scenes are lower than those of the
BESS scenes by 30%, 36.8%, and 52.4%, respectively.
The average cost reduction rate is 39.1% in the EV
scenarios for Cases 1-4.

In addition, the income of the EV scene is ¥ —64 835,
which is 2.67 times greater than that of the BESS scene
in Case 1, whereas in Case 4, the income of the EV
scene is 4.67 times greater than that of the BESS scene.
In addition, the cost of the EV scene is ¥ 54 930 during
the low-price period (01:00-08:00), but throughout the
high-price period (12:00-21:00), the VPP accrues ¥ 64
835, achieving net income. At the same time, the BESS
scene has a greater cost (¥ 89 091) during the low-price
period and only earns ¥ 22 343 during the high-price
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Fig. 13. Operational cost comparisons between EVs and BESS
frameworks based on TD3 in Cases 1—4. (a) Case 1. (b) Case 2. (¢)
Case 3. (d) Case 4.

As shown in Fig. 14, the costs of the four algorithms
demonstrate the advantages of the TD3 model. The total
cost of TD3 is lower than those of Gurobi, the DDPG
algorithm and MPC (41.46%, 57.42%, and 2.13%, re-
spectively). In addition, the total cost of MPC is similar
to that of TD3. However, from 06:00—10:00, MPC is
outstanding due to its negative cost, whereas TD3 still
keeps its positive cost controllable to avoid the drastic
fluctuations exhibited by MPC. At the same time,
Gurobi has a higher cost, and DDPG has a lower cost.
From 13:00-21:00, DDPG has a higher cost than does
TD3.
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Fig. 14. Operational cost comparison among the four algorithms
in Case 1.

In summary, TD3 has significant economy in dif-
ferent cases. The participation of EVs provides more
opportunities for the VPP to increase its revenue
through deployment. Compared with the other algo-
rithms, TD3 has certain advantages in terms of its total
cost and stability in the face of complex and variable EV
scheduling scenarios.

G. Carbon Minimization Degree Verification

To test the environmental benefit of the proposed
TD3-EV framework, CO, emissions, the CH, pro-

duction derived from P2G, and the CO, penalty are
described, and the results are shown in Table IV.
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TABLE IV
CARBON MINIMIZATION ABILITY VALIDATION FOR EVS AND THE
BESS BASED ON TD3
Data Scenes 1 2 3 4
o, (k EVs -55720.6 -38.01 60 834.6 -33611
2 (kg) BESS 166 314.3 1719832 171949 169 717.5
EVs 27.97 21.762 26.966 22.285
CH, (ke) BESS 21.47 11.024 17.905 12.222
Penalty EVs -5272.8 -3.598 5756.7 -3180.6
®) BESS 15738.3 162747 16271.5 16 060.3

In terms of CO, emissions, the EVs have stronger

carbon minimization capabilities in the four cases. In
Case 1, the CO, emissions of EVs are —55 720.6 kg (a

negative value indicates carbon absorption from the
environment), whereas the emissions of the BESS are
166 314.3 kg. Compared with the BESS, the EVs reduce
the emissions by 133.50%, achieving a significant de-
crease in carbon. In Case 2, the EV emissions are
—38.01 kg, the BESS emissions are 171 983.2 kg, and
the EV emission reduction rate is 100.02%. In Case 4,
the EVs further provide negative emissions of =33 611 kg,
which are 119.80% lower than those of the BESS. Even
in Case 3, which has positive EV emissions, the carbon
emissions are still 64.62% lower than those of the
BESS.

In terms of CH, production, the EV scene produces
slightly more than the BESS does. The mean CH,

production level of the EVs (24.75 kg) is 58.05%
greater than that of the BESS (15.66 kg). Additionally,
the EVs achieve a negative cost (i.e., earning from
selling carbon certification) in Cases 1, 2 and 4. Even in
Case 3, where the EVs have to pay a penalty cost
(¥5756.7), their cost is still lower than that of the BESS
(¥ 16 271.5). Synthesizing the data of the four cases, the
average penalty cost incurred by the EVs is ¥ —1074.82,
the average BESS penalty is ¥ 16 086.01, and the
overall cost of the EVs is reduced by 106.68%.

The above results show that the TD3-EV framework
based on the TD3 algorithm accounts for both envi-
ronmental and economic benefits.

V. CONCLUSIONS

A low-carbon collaborative scheduling model is
constructed for a VPP integrated with EVs. Through a
dynamic battery health degradation mechanism, mul-
ti-energy  flow coupling constraints and a
cross-time-scale optimization framework, a refined
DER model is produced. This model significantly en-
hances the flexibility of the system by coordinating the
fast response capabilities of EVs with long-cycle energy
storage characteristics, thereby reducing the risk of
power imbalance errors within the system.

In addition, to effectively solve the proposed complex
VPP-EV model, an optimization framework based on
TD3 is designed. The framework achieves efficient data
preprocessing through the integration of DQN-mRMR

and GA-TCN-LSTM, followed by performing dynamic
strategy optimization using the TD3 algorithm. This
framework not only handles multi-objective problems
in high-dimensional nonlinear state spaces but also
effectively mitigates overestimation issues through the
truncation of twin Q-learning and a smoothing mecha-
nism. The results show that the developed framework
provides a robust and scalable solution model for the
sophisticated deployment of VPPs. Moreover, the re-
sults of this study are as follows.

1) The participation of EVs reduces the induced op-
erational cost by an average of 39.1% compared with
that of the traditional BESS framework. Additionally,
through P2G carbon absorption and flexible EV dis-
patching, negative carbon emissions are achieved in
multiple cases, with the carbon emissions reduced by
133.5% compared with those of the BESS. Furthermore,
the EV scenario generates additional revenue through
carbon trading, with multiday carbon trade costs that are
lower than those of the BESS scenario, thus validating
the dual advantages of the model in terms of both eco-
nomic performance and environmental sustainability.

2) In addition, the proposed DQN-mRMR feature
extraction model significantly improves the accuracy of
the GA-TCN-LSTM demand forecasting method. The
RMSE decreases by 63.0%, the MAE decreases by

81.2%, and the R’ increases by 7.0%. The feature se-
lection accuracy is 98.2%. This model efficiently ana-
lyzes high-dimensional nonlinear features, providing
reliable data support for the subsequent optimization
stage.

3) The proposed TD3 algorithm effectively reduces
the dependence on fossil energy, lowering the power
output of the MT to 1.163 MWh (a 99.69% reduction
compared with that of DDPG). It also optimizes the EV
charging and discharging strategy, achieving 70.771
MWh of energy interaction, while ensuring that the
battery health degradation rate is controlled at 0.641%
(a 63.3% reduction compared with that of DDPG). The
standard deviation of the health fluctuations is only
0.000 32 (an 89% reduction relative to the results of
DDPG). Furthermore, the total cost of TD3 is lower
than those of Gurobi, DDPG, and MPC (by 41.46%,
57.42%, and 2.13%, respectively). These results
demonstrate its comprehensive ability to optimize
economic performance, environmental sustainability,
and EV lifespans in a coordinated manner.

To conclude, the proposed VPP-EV collaborative
scheduling model and TD3 optimization algorithm
demonstrate significant advantages in terms of both
economic and carbon minimization performance. This
method effectively reduces the operational cost of the
system and decreases its carbon emissions while meet-
ing the imposed demand. It also protects the health of
the EVs.
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This paper focuses on model construction and simu-
lation verification processes. Future work will explore
the VPP framework to develop a novel multi-timescale
customer load directrix-based demand response method
[31]-[36].
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