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A Multi-agent Deep Reinforcement Learning-
Based Approach for the Optimization of
Transformer Life Using Coordinated Electric
Vehicles

Sichen Li, Weihao Hu, Senior Member, IEEE, Di Cao, Student Member, IEEE, Zhenyuan Zhang,
Senior Member, IEEE, Qi Huang, Fellow, IEEE, Zhe Chen, Fellow, IEEE,
and Frede Blaabjerg, Fellow, IEEE

Abstract— The uncertainties of charging behavior of
EV owners have negative impact on the loss of life (LOL)
of distribution transformer. This paper proposes a
decentralized EV charging framework for optimization
of the LOL of distribution transformer considering the
dissatisfactions of EV owners. Specifically, long-short-
term memory (LSTM) neural network is first utilized to
capture the uncertainties caused by the load demand and
electricity price. After that, each EV is modeled as an
intelligent agent and a multi-agent deep reinforcement
learning (MADRL) approach is applied to solve the
coordinated charging problem based on the forecasting
information by the LSTM network. All the agents are
trained in a centralized manner to develop coordinated
control strategies while inform decisions based on local
information when finish the training process. The
proposed approach can achieve coordinated scheduling
of EVs based on local information, which helps preserve
the privacy of EV owners, reduce the cost induced by the
deployment of communication devices and avoid single-
point failure. In addition, the parameter space noise and
deep dense architecture in reinforcement learning are
introduced to overcome premature convergence,
training instability and inefficiency due to the large
action space of multi-agent scenario. Comparative tests
are carried out among several benchmark approaches
utilizing real-world data to illustrate the effectiveness of
the proposed approach.

Index  Terms—Multi-agent deep reinforcement
learning; transformer life; EV charging scheduling

1. INTRODUCTION

Owing to the gradual progress of related research, people
realized that electric vehicle (EV) provided a feasible way
to reduce problems related to air pollution and the depletion
of conventional carbon energy sources. However, increasing
penetration of EVs brings numerous technical challenges to
the power grids, where the distribution network is the most
vulnerable part to the adverse impact of unregulated EV
charging [1]. In general, there are two main categories of
negative impacts on distribution network caused by
unregulated EVs charging: 1) system-level impacts and 2)
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equipment-level impacts [2]. The system-level impacts
mean that the impacts of unregulated EVs charging on the
power quality and power losses of distribution network
system [3]. The equipment-level impacts represent the
impacts of unregulated EVs charging on the asset of
distribution network system (e.g., distribution line [4] and
transformer [5]). This study mainly focuses on equipment-
level, whose research necessary has been evaluated in
studies [6], [7].

From the equipment-level perspective, ref. [8] points out
that transformers are the distribution network assets most
affected by the unregulated charging of EVs, as EV owners
prefer to charge at home. Such negative impacts from
unregulated charging EVs will lead to accelerated ageing of
transformer and will have to replace it in advance to
accommodate the additional power peaks required for EV
loads. Aging is a serious problem faced by transformers and
the main cause of the vast majority of transformer failures
[9]. The aging of transformers is related to the aging of
windings, bushings or on-load tap-changers, tanks, where
the aging of windings means the influence of insulation
material aging caused by winding hottest-spot temperature
on insulation life of transformer, is the most concerned
research direction [10]. The reduction of transformer
insulation life usually refers to the “loss-of-life” (LOL),
whose model is related to the aging acceleration factor and
the normal insulation life [11]. Ref. [12] indicates that
unregulated EVs charging, i.e., the lack of management of
EVs charging, will cause the increase of transformer LOL.
The reason is that unregulated EVs charging will cause
transformers to bear excessive loads during peak charging
periods, which will dramatically increase the winding
hottest-spot temperature of transformers. Transformer
insulation life is sensitive to the winding hottest-spot
temperature and excessive temperature will cause
accelerated insulation material aging which in turn reduces
the insulating life of transformer. In contrast, transformer
LOL will be dramatically reduced if the EVs charging are
managed in coordination. In this context, the EVs
coordinated charging management considering the effects of
EVs on transformer LOL is a meaningful research topic.
Generally, most of existing studies discusses two control
architectures: centralized; and distributed or decentralized
management approach [13].

Fully centralized approaches usually rely on a dedicated
central controller which responses to collect the global data,
perform calculation and optimization and determinate all
control units’ decision. For example, the work in [14] first
collects the information of the whole EVs and then presented
a fuzzy logic approach to schedule the EV charging to
optimize the transformer LOL. The study in [8] investigates
a centralized approach to manage the EVs charging,
considering both EV owners’ profits and the cost due to the
transformer LOL. In [2], [15], the centralized-based control
approach is proposed to maintain transformer LOL and
service quality for EV owners. Several centralized charging



schemes for EV in the workplace parking lot are
implemented in [16] to optimize both economic benefits of
parking lot operators and the life of transformers. Most
recently, ref. [2] considers a co-optimization approach for
both EV owners and transformer in distribution network,
where the EV coordinated charging management formulated
as optimization problem with the aim of minimizing energy
losses and transformer’s operation cost. From the above
existing studies, we can conclude that the EV charging
management system still has some deficiencies. Firstly, the
works in [8] and [14] utilizes single EV charging
management pattern to satisfy the whole EVs’ requirements,
where the requirements of different kinds of EV's are ignored.
As the charging requirements for EVs vary depending on the
demands of EV owners, applying the single charging
management pattern for various EV owners may omit the
difference between their demands. Given this, the EVs
owners’ optimization model should consider the variety of
EV owners. Secondly, the real-time central controller
mentioned in [2], [15], [16] need to update the information
from EVs to manage their charging at each time step. Such
a mechanism may result in the high bandwidth required for
information exchange between central center and EVs, and
even cause communication pressure if information is
exchanged too frequently. Thirdly, if the problem to be
solved has large-scale solution space, ref. [2] may be
difficult to deploy online. More specifically, once the
optimization is required, the approach presented in [2] must
calculate the whole or part of the possible solutions and
select the best one. This is a time-consuming process if the
solution space is very large. Finally, the above-mentioned
centralized-based approach rely on a powerful centralized
controller, which needs to process a large amount of
information at a single point simultancously. In terms of EV
coordinated charging management, this mechanism can
easily lead to EV owners’ privacy disclosure, the increased
cost due to the deployment of communication devices and
single-point failures. In order to mitigate the negative impact
of traditional centralized approach on EV coordinated
charging management to a certain extent, distributed and
decentralized approach are effective alternatives.

One of the biggest differences between distributed and
centralized approach is that the former no longer relies on
central controller to optimize the objective function and thus
avoids the single-point failures to a certain extent [17].
Recently, ref. [18] proposes a distributed-based multi-agent
reinforcement learning to coordinate charging of EVs to
ensure that the loads on transformers are below the limit
values. To enhance the coordination and the performance of
the approach, information are shared among multiple EVs.
In addition to include the advantages of distributed approach,
ref. [18] also easy to deploy online. However, demand
differentiations among different EV owners are not taken
into account, and there are still communication costs and
risks of privacy disclosure.

Each controller in the decentralized approach does not
need to construct communication channel with other
controllers, which make decentralized approach not only
keep the feature of the distributed approach, but also use
only the local available information to execute the control.
In total, the decentralized approach can bring three main
advantages for the EVs charging management: 1) the
privacy of each EV owner can be well protected; 2) the
communication cost between each EV owners can be
ignored; 3) compared with centralized approach, the
stability is improved due to the single-point failures can be
avoided. The coordinated charging relationship between
multiple EVs leads to the coupling of charging decisions
between them. In this case, any change in charging decisions
of one EV will potentially influence the charging decisions
of others, especially the influence will become more
complex when the number of EVs increases. Although

decentralized approaches for managing EV charging have
many benefits mentioned above, the impact of charging
decision coupling presents challenges to decentralized
approach due to the coordination relationship is hard to
construct through using only local information for decision
making.

To overcome the challenge, this paper proposes a novel
data-driven EV coordinated charging approach for the co-
optimization of the transformer LOL and the different EV
owners’ demands based on multi-agent deep reinforcement
learning (MADRL) approach with actor-critic framework.
The proposed approach features the centralized training and
decentralized execution to coordinate the EVs charging
during the off-line training in centralized manner and deploy
the charging management for each EV in on-line
decentralized manner.

The main differences between the most of recently
existing studies related to actor-critic MADRL algorithms
and our proposed approach are as follows: the most of
recently existing studies mainly focus on the alterations to
the architecture of critic network to enhance the
coordination among the whole agents, while ignoring the
potential of actor network [19]-[23]. Unlike single-agent
environments, the action space of multi-agent environments
increases exponentially with the number of agents
increasing, which easily causes premature convergence to
local optimal solution. In order to avoid this problem, the
parameter space noise (PSN) [24] is considered in the actor
network to enhance the exploratory ability. Despite of the
negative impacts associate with prematurely convergence
can be solved by PSN, the steady performance and
convergence speed of reward curves during training process
may be influenced due to the introduction of noise. One
possible solution is to introduce a technology that not only
fits the PSN (without affecting the exploration of parametric
noise), but also has strong non-linear representational power
to accelerate the establishment of mapping relationship from
input state to ideal output decision making. To ensure the
training stability and efficiency, the actor network employs
the deep dense architecture in reinforcement learning
(D2RL) [25].

In this paper, each EV is modeled as an intelligent agent
to coordinate with other EVs and make their own
charging/discharging decisions during the charging period.
To sum up, compared with the existing decision-making
solutions, the main advantages of this paper are as follows:

(1) The coordinated charging of multiple EVs is
formulated as a Markov game that is solved by the
actor-critic MADRL approach features centralized
training and decentralized execution. During the
centralized training process, the critic network
augmented with extra information help each agent
explicitly model the decision process of other agents.
This allows the actor network of each agent to
achieve coordinated control even based on only local
information at execution phase. In this way, the EVs
coordinated charging management can be obtained in
a completely decentralized manner.

(2) The critic network of the proposed approach utilizes
the attention mechanism to process the whole EVs
information and effectively guide the generation of
coordinated strategies among actor network. In order
to avoid converge prematurely to a local optimum
due to the huge action space in multi-agent scenarios,
each actor network utilizes PSN to construct effective
exploration mechanism. Unlike traditional action
space noise (ASN) added to action directly, the PSN
can induce a consistent, complex, and state-
dependent change in policy network over multiple
time steps [24], [26]. In addition, the D2RL is
deployed in actor network to improve the training
instability and inefficiency caused by the



introduction of noise. PSN and D2RL are good
combinations because PSN operates at the parameter
level and D2RL builds a more complex and effective
parametric connection relationship, which introduces
greater potential for exploratory action than shallow
dense architecture combined with PSN while
eliminates the instability and inefficiency caused by
noise during PSN exploration, resulting in achieving
the better control performance.

(3) The proposed approach does not need to solve the
complex EVs coordinated charging optimization
problem in real-time. The decision-making functions
of each agents can be constructed through offline
training and be deployed online to select the control
actions based on latest system state data.

The rest of this paper is organized as follows. Section II
introduces the mathematical formulations of transformer
LOL and EV owner’s dissatisfaction model, and the
optimization problem is reformulated as Markov games. In
Section III the detailed descriptions of proposed approach
are introduced. Section IV analyses the numerical
simulation results. Finally, conclusions are discussed in
Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System description

Suppose there exists a community with a M kVA rated
power distribution transformer and G EVs of different
models. The distribution transformer is responsible for 1) the
basic load (except EV load) of community residents and 2)
the load of G EVs. In this paper, we assume the EV battery
storage system allows transfer energy from or to the grid
when the EVs are parked and plugged into the grid. In
addition, it is assumed that the community is associated with
only one utility company and as such the charging price of
G EVs is the same at the same time. In this paper, each EV
is considered as an agent, the goal of the G agents is to
coordinate the charging of G EVs to reduce the transformer
LOL and satisfy the EV owners’ individual requirements
under unknown load and electricity price of current moment.
Normally, different EV owners have different commuting
behaviors due to the different of individual habits, traffic
[27], [28], etc. Thus, each episode starts at first EV arrival

time and ends at last EV departure time, the length of an
episode is max{r{ |ge[l,G]}—min{sf |ge[l,G]}, wherer!,

dep arr

g
and 5,

th EV, respectively. Specially, the time interval At between
two adjacent steps is assumed as one hour in this paper.
B. Transformer Loss of Life Model

The transformer lifetimes are related to winding hottest-
spot temperature 8, according to insulation degradation

model [29]. Before introducing the transformer LOL, the 6,

represents the arrival time and departure time of g-

should be known before. According to [29], 8, can be
defined as:

0, =0

amb

+A0,+A0, (D)
where the 6, , is the average ambient temperature during
the load cycle, A8, represents top-oil rise over ambient
temperature and A6, indicates the winding hottest-spot
rise over top-oil temperature.
The AB, and A, can be calculated as [29]:
A6, =(A6,,-A0,,)x (1 — el )+ A9, Q)

AG, =(A0,,-A0,, )x(1-e " )+A0,,  (3)

hs,u

where du is the duration of load L. A@,_ denotes the

to,u
ultimate top-oil rise over ambient temperature for load L,
A@, .is the initial top-oil rise over ambient temperature,

to,i

A6,

hs,u

over top-oil temperature for load L, A@, ; is the initial

is the ultimate winding hottest-spot conductor rise

winding hottest-spot rise over top-oil temperature, 7, and 7,

> “to
represent the oil time constant and winding time constant,
respectively. The detailed explanations of the two constants
can be found in [29].Therein, the AE,  ,A0 ., A6, and

tou ° to,i ° hs,u

A0, are given by the following equations [29]:

2 " 2 "
Aatou:Aemrx K”R+1 7A6t0i:A€mrx KIR+1 (4)
' ' R+1 ' ’ R+1
Ae/ﬂ,u = Aehs,r X Kuzm (Sa)
Aghs,i = Aghs,r x Kizm (Sb)
where Ag, , is the top-oil rise over ambient temperature at

rated load, A9,

s, r

denotes the winding hottest spot conductor
rise over top-oil temperature at rated load, R is the ratio of
rated load loss to no-load loss, K|, is the ratio of ultimate
load L to rated load, K, is the ratio of initial load L to rated
load, » is an empirically derived exponent used to calculate
the variation of A@, with changes in load, and m is an
empirically derived exponent used to calculate the variation
of A@,, with changes in load.

In order to obtain the transformer LOL, the aging
acceleration factor F,, and equivalent aging factor Fj,,

are necessary. The F, and F,,, can be expressed as [11]:
N
15000 15000 D Fuaiht
F, =exp - s L'gos = N
383 6,+273 .Y

where N is the total number of time intervals, & denotes
index, F,, , is aging acceleration factor for the k-th time

(6)

interval.
Finally, the transformer LOL is defined as:
F., xdu
LOL =24~ " (7)
NLL

where NLL means normal insulation life of transformer.

C. The Dissatisfactions of EV Owners Model

EV owners are selfish and usually charge EVs in the way
of maximizing their own interests and as such it is
impractical to ignore the dissatisfactions of EV owners in
the coordinated charging problems [30]. From EV owner’s
perspectives, the dissatisfaction model is constructed by
three objectives, including one objective with unity and two
objectives with variety:

1) The cost of EV charging: Among EV owners, the cost
due to EV charging is the objective with unity. The charging
cost of g-th EV at time ¢ can be defined as:

C# =P - power? - At (8a)

—max(power?) < power? < max(power®)  (8b)

where P is the average electricity price during time ¢,
Power? is the charging/discharging power of g-th EV at

time ¢, and —max(power®) and max(power®) are the
allowed maximum discharging and charging power of g-th
EV, respectively. power?® is positive for EV charging and
negative for EV discharging. Utilizing the fluctuation of



electricity price, charging at high electricity price and
discharging at low electricity price can make EV owners get
economic benefit.

2) Range anxiety: Range anxiety is a measure of EV
owner’s concern that the EV does not have enough energy
to reach its destination [28], [31]. One important point is that
EV charging management should incorporate the variety of
human mentalities. These individuals tend to have different
range anxieties due to the various individual demands. In
order to include richer and more complete scenarios, it is of
important to differentiate between EV owners’ range
anxieties by different unique mathematical descriptions. In
view of this, three mathematical descriptions of range
anxieties RA4,_, , ; are considered in this paper, and the range

anxiety of g-th EV owner is defined as follows,
E%, i —EL ) o UED)+|UE,
A o] e o LB

E¢ 00)+|((EE,)

g _ g
RA? = , R4,

(€))

E?
max max max

where E?

max

denotes the max capacity of g-th EV, Ef
denotes the energy of g-th EV at 2

dep

represents the part of uncharged battery energy, and

K(E;ip):ln[l/ (1.01—( JES, )2 D . To

visualize their differences, the R4,_, , varies with state-of-
charge (SOC) as shown in Fig. 1 where SOC, =E, / E_.. -

In the Fig. 1, we can give a physical meaning to the absolute
value of curve slope, that is, the range anxiety relief rate
(RARR). With the same small SOC, increment added, the

larger the RARR means the greater the reduction in range
anxiety. RARR is the indication of the variety of range
anxiety among EV owners. In Fig. 1, there is a linear

correlation between R4, and SOC, . Here, the constant slope

ES —FEf

Laep

g _ g
E Etd('p

max

indicates that the R4, maintain a constant RARR with the
increase of SOC, . The constant RARR means that the EV

owners with type R4, range anxiety maintains the uniform
decrease relationships with the increase of SOC, . Where
RA, differs R4, is that the former has the dynamic RARR.
R4, has the biggest RARR at SOC, =0 and RARR
generally decreases as SOC, increases and ultimately
obtains the minimum value at SOC, =1. The decrease of
RARR with the increase of SOC, indicates that when the
same increment of SOC, acts on the range of small
SOC, , it can more significantly reduce range anxiety than
when it acts on the range of large SOC, . Be similar to R4, ,
R4, also has the dynamic RARR but the EV owners with R4,
more easily satisfy the adequacy of battery energy than those
with R4, due to R4, curve has the larger RARR within the
range of small SOC, . This difference indicates that EV
owners with R4, have shorter daily driving distances than

EV owners with R4, and therefore require less energy, so
the same soc,, increment can have a greater effect on

reducing range anxiety at the range of small SOC, ~for the

EV owners with R4, than for EV owners with R4, . In
addition, due to the smaller energy required, a large SOC,

is of less significance to EV owners with R4, , and thus
RARR of EV owners with R4, is smaller than EV owners
with R4, in the case of large SOC, .

1
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Fig. 1. The dynamic change of the R4, , , with SOC;, .
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3) The cost of battery degradation: The chemical cell
degradation depends on the construction (e.g. battery and
fuel cell) and the chemistry (e.g. lithium-ion battery, nickel-
metal hydride battery, lithium iron phosphate battery and so
on). This paper focus on the degradation of lithium-ion
battery because the high density and high efficiency which
the lithium-ion batteries have and as such widely used in
EVs. Assuming the lithium-ion batteries are only sensitive
to the total number of cycles as recommended in ref [32]. At
time ¢, the cost of battery degradation of g-th EV is estimated
as:

Y | power*
100| EZ2
where C* is the total battery cost and it is different among EV

owners, I denotes the slope of the linear approximation of
the battery life as a function of the cycles.

BD#=C* At (10)

D. Problem Reformulation

Among the total G EVs, the objective function of the g-th
EV at time ¢ can be defined as:

WLOL ) (LOLr/n/al _ LOL:mm)
S =1,
G
WLOL '(LOLI/OMI *LOL:M“) ., (11)
G
s.t. —max(power®) < power* < max(power®)
where W, is weighting factor measured in $ to map the RA*
into money [31]. LOL" represents the LOL under the
basic load load™* during time ¢, LOL” denotes the LOL

under the total load load!” in the same time period and W,

W, - RA® +C? + BDS + -1

grg =
C# + BDf+

SE# Ly,

is the economic value of transformer, which is used to map
the LOL into the economic benefit decrease of EV owners

due to the LOL. Therein, the total load load!" is defined as:
load”" = load"" + 2,0:1 power, At (12)
where the Zil power; At denotes the load of all G EVs

load”" . Therefore, LOL’" —LOL*" indicates the LOL
under the load of all G EVs.

Then, the charging of the total G EVs in an episode can
be optimized by:

J=min3 S (13)

g=l ¢
In order to solve J , the EV coordinated charging
problem can be considered as a multi-agent setting, in which
each EV is considered as an agent. Then, the multi-agent
setting of coordinated charging problem are reformulated as
a Markov games [33]. Finally, a MADRL-based charging
management is designed in this work to solve it.



In this paper, the electricity price P and basic load (except
EV load) load’™" are assumed as the unknown value due

to the randomness of the electricity market. Thus, the P

basic

forecast value P, and the load™" forecast value load,

are introduced in this model. Under this assumption, the
forecast value of Eq. (5a) should be defined as:

Aéhs,u = AH X [?thm (14)

hs,r

where K" is influenced by load™™ [11]. The ABs.
indicates the forecast of Ag, , due to the K."is influenced

by load fm . Basically on this assumption, the detail
designing of this Markov games with G EVs are as follows:
1) State: At time ¢, the state of g-th EV is defined as:

sf=(c*, 0,,,, load”}, P,, t, SOCZ, * , SOCE ) (15)
where 7 denotes the EV type and 7% is the g-th EV type,
0, is the winding hottest-spot temperature at time 7 and it

is influenced by the forecast of basic load load " due to
the Eq. (14), P; indicates the forecast of P, SOC? is the
state-of-charge (SOC) of g-th EV at time ¢, and SOC*

denotes the SOC at departure time.
2) Action: Given the state s* , the action denotes the
charging/discharging power of g-th EV, i.e., a® = power? .
3) Reward Function: We called the ¢/, ie[1,G] as

individual reward of each agent, and Zf':l ¢! is the reward

of sum of each agent’s individual reward. For an EV g, the
reward of g-th EV is defined as: r ¢ = —Z il ¢! . It means that
during the training process of g-th EV, the g-th EV should
not only consider its own reward, but also consider the

overall benefits.
4) Transition Function: For g-th EV, the state transition

can be defined as: s —T(sg at,9 ) . As shown by the

t+1 t 2% oY
transition function 7 , there are two factors action a® and

randomness &, determine the state s to next state s?, in this
model. It means that the state transition is not only controlled
by the af but also influenced by the & . In order to describe
the state transition clearly, three parts can be divided: (@)
Only controlled by a® : the deterministic part is only

controlled by af , ie., model:

b battery
SOCE, = SOC? +afAt/ES _and sum of the G EVs loads up
to time 1 : £, =£,+ > a/Ar. (b) Only influenced by
& : 8 is used to represent the stochastic factor in the
system. In this work, & are the forecasted error of
electricity price and load, and EV owner’s commuting
behavior. (¢) Determining jointly by a® and , : according to
ref [11], the hottest-spot temperature 6, at time ¢ can be
calculated by:

0,,=F (load;ﬁ';’ s onload™ load,"" ) (16a)
and its value at time #+/ can be calculated by:
0,0 =F (load,’f’f srload™™ Joad; " ) (16b)

where F denotes the calculating process from Eq. (1) to Eq.
(4) and Eq. (14).

III. PROPOSED APPROACH

As shown in Fig. 2, the proposed approach is comprised
of two parts, 1) LSTM-based NN is trained for forecasting
the future electricity price and EV owners’ basic load, 2) a
MADRL-based approach is developed for making real-time
coordinated charging/discharging decisions after receiving
the information from LSTM-based NN.

|

Decision-making | |
model

MADRL-based | !

|

|

Fig. 2. The architecture of the proposed approach.

A. LSTM-based NN for Price and Load Forecasting

Algorithm 1: Training process of LSTM-based approach
Inputs: The past 24-hour electricity price P_,,, ..., P_, and basic

basic basic
load load,”;, ..., load" .

Outputs: The forecasted electricity price P, and basic load
———— basic

load,  of current time.
1:  for episode =1:N do
z > P =LSTM, (P s> - B

24>

basic basic

- Nbaxl’(.‘ _
load;  =LSTM,(load 2, ..., load, -1 )
3: [>Z'f>, :(7'5'_7)’)2
—— basic . ——— basic 2
ZP = (load,”‘”'“ — load, )

4: > Updating the parameters of LSTM; and LSTM: to

~ ~—— hasic
L load .
minimize the Z” and Z**" , respectively
5: _end for

Recently, due to LSTM-based NN is comparatively easy
to implement and shows good performance, the LSTM-
based NN has been attracted a lot of attention in forecasting
electricity price and load [34], [35]. The LSTM-based NN
has two features on time sequential forecasting, one is cell
state, which has a recurrent self-connected edge with a
constant weight of 1 to overcome gradient disappearance
and gradient explosion [36]; the other is gating mechanism
that can selectively control the data flow through the gate,
which can save the important and forget the useless feature
of the sequential information [37]. In order to deal with the
uncertainties of the unknown price and load, the LSTM-
based NN is used to dynamically forecast the electricity
price and basic load. Specifically, at each time step ¢, the
inputs of the LSTM-based NN are past 24-hour (¢-24, ..., t-
1) electricity price and EV owners’ basic load, and its output
are the forecasted current one hour (#) electricity price and
EV owners’ basic load, respectively. After that, the
forecasted information will be fed into MADRL-based
proposed approach to coordinate different EVs
charging/discharging.

The training process of LSTM-based is summarized in
Algorithm 1. In Algorithm1, the LSTM trains in traditional
supervised manner. Obtain the predicted price and load at
step 2, calculate the loss with the label data at step 3, and
update the parameters of the two LSTM neural networks at
step 4.

B. MADRL-based Approach for Decision-Making

Inspired by [38], the critic is utilized the attention module
to enhance the coordination of multiple EVs, and applied
PSN [24] and D2RL [25] in actor to establish an effective
exploration mechanism.

The proposed approach is consisted by two neural



network based parts, one is actor part which responses to
make decision; the other is critic part which responses to
guide the actor part to approximate the optimal policy. The

critic neural network consists of Q network Q' and Q target

network O . .i €[1,G] . In the similar way, the actor neural

network can be divided into policy network ' and policy
target network 7, . ,i €[LG].

target ?
Critic network: the critic network utilized the attention
mechanism to manage the whole EVs information,
effectively guiding the generation of coordinated strategies

among actor network.
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Fig. 3. Data flow of critic part.
The data flow of critic part is shown in Fig. 3, which is
divided into two parts: Q network and Q target network. As

shown in Q network part of Fig. 3, for each agent g, the
concatenation of Stg and d,g input to MLP/ and outpute, .
When the calculations of e,,i e[l,G] are finished, the

concatenation [e], vy eG] are input to the attention layer.

The idea behind the attention layer is to enable the agent to
focus on important information and suppress the impact of
irrelevant details on the decision. Details of the attention
layer are as follows: the mechanism of multiple attention
heads [39], specifically, attention layer with S heads are used
in the proposed approach. In each head, there are six
optimizable parameters w,,by, Wi, b, W), b} ,i€[1,5]
and as such the total parameters of attention layer of
1 1 1 N N N
proposed approach are {WQ,bQ,WK,...,bK,WV,bV} . In the

6xS
process of calculating the action-value Q’ of a specific agent

J» each head 7 has the same input|[e,, ..., e, | to calculate with
itsown w,,by, . Wi, b, W, ,bj to get the final output O, .
After the calculation of S heads are completed, the
calculation results are concatenated as the attention feature
of an agent [O1, O», ..., Os]. Note that, although the six
optimizable parameters between each head are independent
of each other, all different heads have the same input. This
mechanism makes the head similar to the concept of
convolution kernel in convolution neural network [40].
Another point that should also be noted is that the six
optimizable parameters in each head i are shared across all
G agents, which encourages a common embedding space
[38]. Take the g-th agent as an example, the output of the

specific head O, with parameters wy,,bj,,wi b}, w),bj
can be calculated by:

(a) Scaled Calculation: For the g-th agent, €, is

calculated with wj, and b, , [el,..., €, 1€ s eG] is

calculated with W', and bl in this part:
fle,wp +b.[ewi +bl, ..e,wi +bi )
N (17)

=[011 20,y 120,110 B
where f(a,[b, ...,z]):[a-b, ... a-z], the d, denotes the

dimensions of wy, and W' , and \[d, is used to scaled

calculation [39].

(b) Softmax: The attention of the g-th agent to other
agents is calculated in this part. The attention weights of the
g-th agent to other agents can be calculated as:

exp| 0,
® :#,j e[l, ..g-Lg+1..,G] (18)

LY (o)

(c) Contribution Calculation: For the g-th agent, the
contribution from other agents is a weight sum:

G i i
0, = Z/‘:la)j (e,.WV +bj, )
je [1, ...,g—l,g+1,...,G], ie [l,S]
After the calculation of S heads are completed, the

calculation results are concatenated as the attention feature
of an agent [Oy, O, ..., Os] and input to the MLP2.

Finally, the O® can be obtained by the output of MLP2,

(19)

which is the mapping of the concatenation of €, and [O1,

O, ..., Os]. The calculation process of Q are same for each
agent.

Due to the optimizable parameters of attention layer are
shared across all G agents, the optimizable parameters of
each Q',i e[1,G]are updated together to minimize a joint

regression loss function:
Loss= Z;E(Agﬂ, o st5)D [(Q" (S:G’ al ) B y')z} (20a)

Qi (525 a])

~10g (i (s 51.1))

where D represents all G agents’ experience replay; ;¢

y=ntyE

AG [ AG
+1 ™ Tiarget (Aku)

(20b)

and a/" denote states and actions for the all G agents at time

step k, respectively, where S:G={s,1€, vees skG} and
al’= {a}{, - af} ; 7/ is the reward for agent i at time step k;
s/ and a;' denote states and actions for the all G agents at

time step k+1, respectively; 7 is the reward discount factor

which is used to balance the immediate and future reward.
AG

. 1s the policy target network for the all G agents, where

target
ﬂ:ge[ :{ﬁfmget, .y ;zfj,get} ; —log(ﬂ{mgm(a;+l |SZ+|)) indicates
the entropy regularization, which is used to encourage
exploration [41]; « is the temperature parameters, which is
used to balance the exploration and exploitation during the
training process.

The optimizable parameters of Q target network are
updated by soft update mechanism [41].Actor network: In
the multi-agent environments, any increase in the number of
agents will expand the action space in an exponential
manner. To prevent premature convergence in the case of
large-scale action space, exploration mechanism is very
important for RL during the optimization. Generally,
traditional deep reinforcement learning (DRL) utilized ASN
to avoid the local optimum. For example, considering the
continuous action space influenced by the Gaussian noise



N case, the action can be represented asa, = 7(s,)+ N . In

contrast with ASN, the PSN deploys noise to the parameter
space of the policy network rather than the action space. If
it is influenced by the PSN, the action can be denoted as

a, =7(s,) , where the 7 is affected by the PSN to get 7 .

Comparing ASN and PSN, the former is completely
independent of the s, since even the fixed s, it is, the a; is not
the same due to the ASN. In other words, the ASN belongs
to the state-independent mechanism. In cases where ASN
has great impact on actions, even though training can
establish a mapping relationship between states and actions,
such a mechanism is likely to weaken the dependency
between states and actions, resulting in poor performance in
complex environments [42]. However, even with these
potential drawbacks, ASN is still the most widely used and
popular choice for DRL today. The primary reason for this
is the lack of easy to deploy, computational cheap
exploration approaches to avoid the above-mentioned
problems while inducing policy network to achieve good
results. The PSN aims to fill the need. The PSN acts on the
parameters of policy network at each episode and kept itself
fixed until the next episode comes. This ensures consistency
in actions, and directly introduces a dependence between the
state and the exploratory action taken [24], [26]. In order to
describe the PSN clearly, it is assumed that there is a linear
layer of a neural network with shape p inputs and shape ¢
outputs, represented by:

y=wx+b (21
where y e R? is the output, x € R” represents the input,

w € R”7” denotes the parameters, and b € R represents the
bias. The corresponding layer with PSN can be defined as:

y=(0+N°)x+(b+N") (22)

where the N denotes the Gaussian noise variables,
N?eR?” and N” eR? . To deploy PSN in policy
network, the perturbed policy network (PPN) and adaptive
policy network (APN) are introduced. Importantly, PPN and
APN have no process of updating parameters through
gradient. Their parameters are only updated once per
episode according to the parameters of policy network and
the sampled noise and kept fixed until the next episode
comes. Such mechanism can ensure the computational
cheap. The relationships among the policy network, PPN
and APN are shown in Fig. 4(a).

The PPN is used to make the decision according to the
state during the training period. The action from the PPN is
stored in experience replay and used to update the
parameters of Q network. Unlike the traditional actor-critic
DRL, the Q network is used to update the parameters of
policy network instead of those of PPN.

Sampling PSN from the fixed noise distribution is not the
desired way to deploy PSN to policy network since the
impact of PSN on the results will seriously depend on the
network structure, and the sensitivity of parameters to PSN
will vary over the progress of training [24]. In this context,
this paper uses APN to adaptively vary the noise distribution
according to a certain metric. One alternative metric is that
construct a distance measurement between the PPN and the
policy network in the action space and adaptively increase
or decrease the noise according to whether the parameter
space noise is below or above threshold value. Specifically,
it is assumed that the Gaussian noise is represented as

N (0, 0'2), such metric can be defined as [24]:

ao,, ifd(n,7)<8
O = (23a)
) e , otherwise
a

d(m.7)= \/%im [(ﬂ(s)i —ﬁ(s)l,)z} (23b)

where the « is the scaling factor, the 0 is a threshold value
and N represents the dimensions of action.
The policy network is used to map the state s€ to action

a® , which plays the key role in the performance of the

model. The deep neural network are useful extracting
features form input to map to the desired output, which may
strengthen the nonlinear mapping ability of policy network.
However, simply increasing the depth of dense neural
network may be invalid due to the original input information
gradually disappear as the deepening of the network [25]. In
order to overcome this problem, the architecture of policy
network applied in proposed approach is shown in Fig. 4(b).

As the Fig. 4(b) shows, the 5% is firstly input to /4; dense

neural network and output m;, then, in order to mitigate the
problem mentioned above, the input of 4, is the

concatenation of s and m, instead of m;. Loop back and
forth until the final a® is output. This approach solves the
problems skillfully by connecting the original input s with

each hidden layer of the network to ensure that the s¢

information can be retained to the maximum extent, thus
making better use of the non-linear mapping ability of the
deeper neural network. The more detailed information can
refer to [25]. There are two reasons to apply D2RL in actor
network: 1) PSN operates at the parameter level and D2RL
builds a more complex and effective parametric connection
relationship, which introduces greater potential for
exploratory action than shallow dense architecture
combined with PSN. 2) Compared with conditional shallow
dense neural network architecture that applied in actor
network [21]-[23], D2RL has stronger non-linear
representational power to accelerate the establishment of
mapping relationship from input state to optimal output
decision making, which overcome the instability and slow
convergence speed of training curves due to the introduction
of noise.

The parameters of policy network can be optimized by
ascent with the following gradient, i € [1,G]:

o Qi (S:G, a;(;)
VJ = EA:hD‘ uguN,,.w(ch{VIOg(” (a,‘ | s, ))[ )H (24)

i i
—alogrm (ak | s,

The policy target network can be updated by soft update
mechanism, which can referred to [41].
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Fig. 4. The detailefi )framework of PSN and D2RL efgg)pted in policy
network: (a) The relationship between policy network, APN and PPN, and
(b) The architecture of policy network.
The training process of MADRL-based approach are
summarized in Algorithm 2. In Algorithm 2, each training



episode starts with the random selection of the electricity
price of k th day, 77, and SOC? of each agent at step 2 and 3,

respectively. Then, the parameters of PPN are updated
according to the parameters of policy network and sampled
Gaussian noise to prepare for the start of the cycle at step 4.

One cycle starts at min{z;, } and ends at max {7, } . From the

arr

step 6 to 8, the action is sampled from 7¢(a | s¢ ) where the

7% belongs to the PPN instead of policy network. Then, the
information of next time step can be obtained by interacting
with the environment, and store the transition (s2,a%,7,s% )

in experience replay. From the step 10 to 11, the parameters
of critic and actor are updated based on the batch-sized
sampled data. At the end of this episode, i.e., = max {r¢ } ,

dep
the parameters of APN are updated in the similar way with
the PPN while the noise distribution is updated based on the
Eq. (23a).
Algorithm 2: Training process of MADRL-based approach

owners are modeled as random variables [45]: the arrival
time ¢, is sampled from {16, 17,18, 19,20,21} with equal
probability to each one,tﬂjﬁp is sampled from {7,8,9} and
SOC at arrival time SOC!, follows normal distribution
N(0.4,0.12)b0unded between 0.1 and 0.6. Four types of

EV is considered, each for one residence [46]. The detailed
parameters of EV owner’s satisfaction model are shown in
Table 1. The detailed parameter setting of the LSTM-based
forecasting model and MADRL-based control model are
shown in Table II.

TABLE 1
PARAMETERS OF MODELS MENTIONED IN SECTION II
Model Parameters
n=08, m=08, 7 =6.86hour, 7, =0.08 hour,
Transformer 0., =40°C, A, = 53°C, AH,W =27°C,
model R=41, W __ =25x10*$, NLL=1.8x10" hours

LOL

Inputs: The information mentioned in Eq. (15) of the G EVs.
Outputs: The charging/discharging power of the G EVs

1:  for episode =1:M do

2: >Randomly choose the electricity price of x th day
in range

3: >Randomly choose %, and SOC? in range, where

arr > [
ge [1, G]

> Update the parameters of PPN

for = min {tf”} , max {tip} do (Each agent executes in parallel)

> Sample action a;’ from 7* (af | s¢ )

> Enter sf and af to environment to get 7%
and s%,

8: > Store transition (s2,af, 7%, s ) in experience

2% 2Tt 2P+l

relay of g-th EV O*
if algorithm during update period do

A

10: >Randomly sample batch-sized tran-
sitions from O%
11: > Utilize the batch-sized sampled data to

update parameters of critic and actor
network by Eq. (20a) and (24)

12: ift=max{z } do

13: >Update the parameters of APN
and excute Eq. (23a)

14: end if

15: end if

16: end for

17: end for

IV. CASE ANALYSIS

A. Case Study Setup

The electricity price for year 2017 zoom COMED and the
basic load for the whole year 2017 of community residents
utilized in this study are available online [43], [44]. The
training set contains the first 200 days’ data and the test set
are from days 201-300 of 2017. For case studies, the
scenario is considered one M=25 kVA distribution
transformer serving G=4 residences where every residence
has one EV, and each EV owner with R4, .

The parameters of transformer LOL model are listed in
Table I [11], [29]. For the detailed calculation process of
LOL, readers can refer to [11]. The W_ is assumed to be the

same for all EV owners that are eager to have enough energy
to reach the destination. The commuting behavior of EV

W,. =258, ¢, €{16,17,18,19,20,21},
soc, :clip(N(o.4,0_12),0_1,0.6),

EV owners’ | 1,,=1{7, 8, 9}, Y'=00154436
Satisfaction

model EV type B Power, . cr
EV1: Leaf 24 kWh 6.3 kW 8008

EV2: BWM i3 18.8 kWh 5.4 kW 4008

EV3: Kia Soul 27 kWh 5.1 kW 2008

EV4: i-MIEV 16 kWh 3 kW 1008

TABLE 11
THE PARAMETERS OF THE PROPOSED APPROACH

Model Description Value
Leamning rate le-4

Batch sizes 256

LSTM-based Training episodes 5000
Optimizer Adam

Reward discount factor 0.95

Temperature parameter & 0.1

The capacity of experience relay Of le6

MADRL-based Learning rate of actor 3e4
Learning rate of critic 3e4

Soft replacement 7 le-3

Batch sizes 256

Training episodes 3e4

Attention heads 4

Threshold value & 0.1

Scaling factor & 1.01
Optimizer Adam

B. Performance of the LSTM-based Forecasting Model
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Fig. 5. Forecasted results: (a) Electricity price forecasting for days 201—
204 0f 2017, and (b) Basic load forecasting for days 201-204 of 2017.

The LSTM-based forecasting model is first trained
utilizing historical data offline and then applied to forecast
the future data. The forecasting results of electricity price
and load demand on test set are shown in Fig. 5(a) and 5(b),
respectively. It can be observed from Fig. 5(a) that the
forecasting model can accurately predict the electricity price
except for some values at the curve peak. Fig. 5(b) shows



that the load demand forecasted by the LSTM get very close
to the real value, demonstrating the effectiveness of the
forecasting model. To further evaluate the performance of
the forecasting model, two commonly used metrics, mean
absolute error (MAE) and mean absolute percentage error
(MAPE) are utilized to assess the forecasted accuracy of the
electricity price and load forecast [47]:
Vi —Vi

true Jforecast

1 N
MAE=WZ’,:1 (26a)

i i
true forecast

MAPE:% > x100 (26b)

i=1 Vt

true

where N denotes the amount of forecasted value used to
calculate the metric; V' is the i-th actual value, and V*

> 7 true Jforecast
represents the i-th forecasted value. The detailed values of
MAE and MAPE of electricity price and basic load achieved
by different approaches are summarized in Table III.
Comparison approaches included Gated Recurrent Unit
(GRU)-based model and back propagation neural network
(BPNN)-based model. Comparing with the GRU and BPNN
model, the MAEs and MAPEs in this work are lower,
indicating the LSTM-based forecasting model in this paper
can make reasonable and accurate electricity price and basic
load predictions, which can benefit from the following
decision-making process for coordinating different EVs
charging/discharging.

TABLE III
MAE AND MAPE OF PREDICTION RESULT

Electricity price Basic load
Approach MAE / MAPE MAE / MAPE
LSTM 237/9.32 0.323/2.49
GRU 2.39/9.42 0.329/2.51
BPNN 3.54/14.7 0.784/6.20

C. Performance of the MADRL-based approach

1) Description of Benchmarks

In order to evaluate the performance of proposed
approach, five benchmarks, including uncontrolled
approach; independent-SAC (i-SAC) approach based on the
framework of ref [48]; multi-agent-SAC (MA-SAC)
approach  [49]; multi-actor-attention-critic ~ (MAAC)
approach [22]; centralized-SAC (c-SAC) approach based on
the framework of ref [31]; and model-based centralized
approach, i.e., genetic algorithm (GA) [50] are used for
comparisons on a 4-EV coordinated charging system, which
considers the transformer LOL and EV owners’ satisfaction.
The details of the whole benchmarks are as follows:
Uncontrolled: The EVs are charged immediately with the
maximum charging power when they plugged. i-SAC: i-
SAC is an extension based on independent learner
framework [48], which is independently optimized by its
own reward function. In i-SAC, there are G independent
agents to control G EVs. Each agent in i-SAC is trained
independently to maximize its own reward according to the
local observation, i.e. Eq. (15), which is different with the
MA-SAC, MAAC and the proposed approach. MA-SAC:
MA-SAC is a MADRL approach proposed in [49] which has
G critics (due to have the total G agents) where each critic
has the information of concatenation of the whole agents’
states and actions to build the coordinated relationship with
each other. MAAC: MAAC is a MADRL approach [22],
which has the attention layer to cooperative with each other.
The architecture of actor network uses the traditional
architecture mentioned in [19]-[23], which is different from
the proposed approach. c-SAC: c-SAC is an extension based
on one to many RL control frameworks [31], where all the
EVs are controlled by a central controller. The c-SAC has

the global information in both training and execution
process, which is different with i-SAC, MA-SAC, MAAC
and proposed approach. GA: GA [50] is a meta-heuristic
swarm intelligent technology, which has the advantage of
parallel search capability, wide global search, and
probabilistic transition rules to guide its search direction.

Therein, GA optimizes the model when the electricity
price and commuting behavior of EV owners are known.
The MA-SAC, i-SAC, MAAC, c¢-SAC, and proposed
approach only utilize the predicted electricity price, and
unknown EV owners’ commuting behavior before.

2) Simulation Results

The training process of different RL-based approaches
on training set is shown in Fig. 6(a), where the reward is an
average of every 1000 values. The red shaded part in Fig.
6(a) represents the unregulated exploration process of agents,
corresponding to 6-8 steps of algorithm 2. The reward curve
to the right of the red shaded part indicates that the network
parameters are beginning to be optimized, and we normalize
the reward curve in the optimization process to facilitate
comparison between different approaches. It can be
observed from the figure that at the beginning, no
approaches can make good decisions to obtain high
cumulative reward. With the ongoing of the training, these
approaches gradually learn the control strategy to achieve
high reward and ultimately converge. Fig. 6(b) shows the
cumulative costs of different approaches over the 100 test
days. The detailed comparative results achieved by various
approaches on the test set are summarized in Table IV. When
uncontrolled approach is applied, unmanaged charging
behavior results in maximum cost in all approaches.
Compared with uncontrolled approach, the i-SAC approach
can reduce the cumulative cost to some extent. However,
since each agents is trained independently in the i-SAC
approach, such a way has the potential to lead to lack of
coordination among agents, and thus its cumulative cost is
larger than MA-SAC approach that can learn a coordinated
charging strategy during the centralized training stage.
Obviously, the attention layer is utilized in the MAAC
approach further enhance the coordination between different
agents, thus it achieves better performance than the MA-
SAC approach. The proposed approach uses D2RL to
eliminate the instability and inefficiency caused by noise
during PSN exploration, while introducing richer parameter
connections to form an effective exploration mechanism in
combination with PSN. The proposed approach utilizes this
effective exploration mechanism to achieve the smaller
cumulative cost than MAAC approach. The c¢-SAC
approach for decision making based on global information
has the visible gap compared with the MAAC approach but
it only has a very small advantage over proposed approach.
The global information is difficult to obtain since the
collection of commuting behavior of other EV owners may
comprise the privacy, and thus it is particularly important for
EV charging management that the local information-based
proposed approach has similar performance to the global
information-based c-SAC approach. In the optimization of
GA, we assume that the uncertain variables are known in
advance, so that the EVs coordinated charging management
can be formulated as a deterministic optimization problem
and solved by GA. However, it cannot be deployed in the
realistic scenario due to the existence of randomness. In the
table IV, the GA has the negative LOL cost means that the
EV owners can obtain the benefit from reducing the LOL
cost. This mechanism is reasonable due to the EV charging
behavior is controlled to minimize the transformer LOL at
the expense of EV owners’ benefits [8].
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Fig. 6. The simulation results on the training and test set. (a) Average
rewards during the training process, and (b) The total four EVs’ cumulative
costs of the different approaches over the 100 test days.

TABLE IV
THE DETAILED DATA IN FIG. 6(B)

Uncon-  i- MA- MAAC  Propo- c- GA

trolled SAC  SAC sed SAC
Cumulative 927 779 666 570 538 538 478
cost ($)
LOL cost ($) 281 23.0 585 12.1 4.82 718 -74
Range anxiety 0 96.2 211 185 188 188 213
cost ($)
Charging cost 230 203 160 120 98.2 94.2 -21
)
Degradation 415 457 237 252 247 249 293
cost ($)

In this paper, the proposed approach aims to optimize
four objectives simultaneously: 1) minimizing the
transformer LOL; 2) minimizing the charging cost of EV
owners; 3) minimizing the EV owners’ range anxiety; 4)
minimizing the cost due to the battery degradation. The
detailed coordinated charging results over 3 consecutive
days are shown in Fig. 7. The blue regions in both Fig. 7(a)
and Fig. 7(b) represent the time when EVs leave home. In
Fig. 7(a), the arrows denotes the time of four EVs when
arriving home, the blue line represents 6, , which is

hs,t
mentioned in Eq. (15), the red line represents the real-time
hourly electricity price, and the bar denotes the
charging/discharging power of EV. In order to have clear
comparison among the four EVs in Fig. 7(a), the real-time
charging/discharging power of the four EVs are normalized
based on the maximum charging power.

It can be observed from Fig. 7(a) that the proposed
approach learns to charge when the electricity price and
temperature are low and discharge when the price and
temperature are high to minimize the transformer LOL and
charging cost, see from time 1 to 14 and time 25 to 39 for
example. It can be observed that time 11 and 31 have similar
high price and temperature but the difference between them
is that the time 11 are at the end of an episode and will
consider the range anxiety more, while the latter is at the
beginning and will consider transformer LOL and charging
cost more than range anxiety. Since the discharging
operation will aggravate the degradation of the battery [32],
the revenue the owner obtains from discharging the battery
is in conflict with the cost caused by the degradation of the
battery. In this work, the discharge preferences of EV
owners are differentiated by setting the ¢* value, larger c*
will result in larger battery cost due to the battery
degradation. Owing to the coefficient ¢”of EV 1 is larger
than other EVs, the agent of EV 1 tend to discharge less
power than EV 2, 3, and 4. This phenomenon can be
observed in time 4, 25, 26, 29 and 30. However, having a
high cost of battery degradation does not mean that EV will
not benefit from large discharging actions, except that more
benefits are needed to offset the cost of battery degradation
due to discharging, time 3 is an example. At time 3, the very
high discharging of EVs not only good for transformer, but

also the EV owners (even to EV1). Therefore, if the benefits
of discharging are considerable, the EV with high battery
degradation cost will also perform large discharging actions
to obtain greater benefits. The above-mentioned
phenomenon indicate that the proposed approach can make
flexible decisions according to the actual situation, in order
to maximize the overall benefits.

In Fig. 7(b), the bar represents the SOC, the deep blue
dotted line and the blue line is the winding hottest-spot
temperature after using the proposed approach and
uncontrolled approach to manage the four EVs charging,
respectively. The temperatures represented by these two
lines are different from the 6, , mentioned in Eq. (15) in that

they are the hottest-spot temperature after being loaded by
load™ , while 6, , only considers the load, " . As shown in

Fig. 7(b), the SOC of four EVs can achieve the goal of fully
charging before leaving home. Comparing the deep blue
dotted line and blue line can be observed that the proposed
approach can well-coordinate the four EVs charging to cut
the peak of the hottest-spot temperature. This is meaningful
for reducing the transformer LOL. In order to have a clear
description between hottest-spot  temperature and
transformer LOL, the LOL% difference when the
temperature difference is fixed at 5°C are shown in Fig. 8.
As the Fig. 8 shows, the first dot denotes the value of LOL%
at 75°C hottest-spot temperature minus that of LOL% at
70°C. The meaning of the difference is the lifetime damage
to the transformer caused by the temperature rise of 5°C on
the basis of 70°C. The trend of the line in Fig. 8 shows that
for the transformer in the peak of the hottest-spot
temperature, every increase in peak temperature value will
cause huge damage to the transformer than before and as
such peak clipping is a good way to prolong transformer life.
Back to the Fig. 7(b), from the figure can be observed that
the highest temperature peak under the uncontrolled
approach is 141.38°C at time 27, while the temperature of
the proposed approach is 98.29°C at the same time. This is
because the proposed approach choose to discharge at time
period 25 to 27 to reduce the temperature, and at time period
33 to 38 to charge the battery to reduce the EV owners’ range
anxiety. This operation moves the charging area from time
25 to 27 (uncontrolled approach charging area) to time 33 to
38 (proposed approach charging area), which not only
significantly reduces the transformer LOL, but also
minimize the EV owner’s range anxiety. The above
mentioned results demonstrate that the proposed approach
can simultaneously reduce the transformer LOL and EV
owner’s dissatisfaction.

Further tests are carried out to evaluate the impact of
the range anxiety function on the performance of the
proposed control approach. Four cases with the same
commuting behaviors are considered in this test: 1) case 1,

where four EV owners are included and R4, is utilized to
capture the range anxiety effect of all EV owners; 2) case 2,
where RA, isused to represent the range anxiety effect; 3)

case 3, where RA, is used to capture the range anxiety

effect of all EV owners; 4) case 4, where R4, , RA, and R4,
are used to represent the range anxiety effect of EVI1 and
EV4, EV2, and EV3, respectively. The cumulative costs
achieved by different approaches under the four cases are
shown in Fig. 9. It can be observed from the figure that the
optimization results are sensitive to the selection of the range

anxiety function. Since the R4, penalty value is higher than

R4, and RA, , the battery energy is more abundant than
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Fig. 10. The training process of the three different numbers of agent cases. (a) The training process of 4-agents case, (b) The training process of 8-agents
case, and (c) The training process of 12-agents case.
exploration ability to avoid the prematurely converge on the

others, and thus the transformer LOL, battery degradation optimization of large-scale action space, the green reward
and charging cost may have quite different from that of other curves have the better performance than the blue reward
cases, which leads to the cumulative costs achieved by curves in these three cases. However, due to the lack of
different approaches under case 1 are normally higher than nonlinear representational power of traditional shallow
that obtained under case 2, case 3 and case 4. Case 3 dense architecture of actor network, the convergence speed
achieves the least cumulative cost, but the battery is and the stability of training are not good enough. In view of

typically not fully charged under this case due to the this, the D2RL is applied in actor network. Comparing the
characteristics of RARR of R4, . The proposed approach can red and green reward cure can be seen that the former
alwavs achieve control performance that is better than converges faster apd more stqble thap the latter, especially
MA XC approach and ge?s close to that obtained by GA this gap gradually increases with the increase of the number

. . of agents. The results prove that D2RL provides the more
approach under all cases, demonstrating the effectiveness of c om%l ex and effectiv epp arametric comnn. 5 ction relationship
the proposed approach.

To further i tieate the effecti fth d compares with shallow dense architecture of actor network
0 turther investigate the eliectiveness ot the propose for PSN operated at the parameter level to result in achieving
approach, the scalability comparisons between proposed

approach and MAAC are shown in Fig. 10, which are the the better control performance.
training processes of 4-agents, 8-agents, and 12-agents cases.

The experimental parameters of 4-agents case have been V. CONCLUSIONS

summarized in table I. The 8-agents and 12-agents cases are This paper proposes a MADRL enabled decentralized
the extensions of 4-agents case. Specifically, the 8 EVs in 8- approach for the optimization of LOL of transformer
agents case and 12EVs in 12-agents case consist of the considering the requirements of EV owners. LSTM is first
double and triple EVs in 4-agents case, respectively. utilized to capture the uncertainties of the electricity price
Similarly, the basic load, transformer capacity and WiorL and load demand. Then the coordinated scheduling of
change proportionally to denote the increase of EV owners. multiple EVs is cast to a Markov game, which is solved by
As the Fig. 10 shown, from the 4-agents case to 12-agents the proposed MADRL approach features centralized
case, the proposed approaches have the better performance training and decentralized execution. The centralized
than that of the MAAC. The reason for this phenomenon is training procedure helps the formulation of a coordinated
that unlike single-agent environments, the action space of  control strategy, which is further enhanced by the attention
multi-agent environments increases exponentially with the mechanism. In addition, the PSN and D2RL are introduced
number of agents increasing. Such a mechanism causes any to overcome premature convergence, training instability and
change in the number of agents to affect the action space in inefficiency due to the large action space of multi-agent

an exponential manner. Due to the PSN offers the strong scenario. Since only local information are utilized during



execution stage, the privacy of EV owners are preserved, the
related communication cost are reduced and the single-point
failure can be avoided. Comparative results demonstrate that
the critic network processes the entire EV information by
using the attention mechanism and effectively guides the
generation of coordinated strategies among actor networks;
the actor network utilizes the combination of PSN and D2RL
to achieve a better, faster, and smoother training effect in the
training phase, and the experimental results on the test set
similarly verify its effectiveness.
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