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Abstract—With the new feature of multi-energy coupling and
the advancement of the energy market, Energy Internet (EI) has
higher requirements for the efficiency and applicability of inte-
grated energy response. This paper proposes an indirect multi-
energy transaction (IMET) to promote multi-energy collaborative
optimization in local energy market (LEM) and improve energy uti-
lization through personalized responses from We-Energies (WEs).
Firstly, an indirect customer-to-customer multi-energy transaction
is modeled for local multi-energy coupling market which can satisfy
privacy, preference and autonomy of users. The efficiency of energy
matching can be promoted through the participation of conversion
devices. In addition, multi-time scale hybrid trading mechanism
is constructed with the consideration of the transmission speed of
different energy sources. Meanwhile, energy transaction process is
built as a Markov decision process (MDP) with deep reinforcement
learning algorithm so that the system modeling error can be suc-
cessfully avoided. Furthermore, a distributed training structure is
utilized to obtain more experience for a wider range of scenarios.
The results of numerical simulations demonstrate the performance
of the proposed method.

Index Terms—Indirect multi-energy transactions, market
mechanism, deep reinforcement learning, energy internet.

NOMENCLATURE
Bidding information with energy price
Bidding information with energy quantity
Seller in the market
Buyer in the market
Type of energy: electricity
Type of energy: natural gas
Index for electricity seller
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j Index for electricity buyer
k Index for gas seller
l Index for gas buyer
t Index for time during operation

[ Price of energy purchased by utility company
D+ Energy service price of utility company

At Time interval of transaction

n Number of transactions

W Time interval of participator to stay in market
w Record of staying status in market

E Type of energy includes electricity and gas

L Energy outputs of conversion devices

P Energy inputs of conversion devices

C Conversion matrix of corresponding devices
D Bidding energy price with conversion

€ Amount of trade available for WE

T Total trading volume received by buyer

Y Total trading volume sent by seller

dir Energy that are traded directly

con Energy converted by the conversion device

c Conversion cost of corresponding device

N Set of participator in market

P Penalty coefficient for no transaction condition
z Energy amount which is not transacted

T Energy that seller actually provides to buyer
¢ Device conversion rate

C Capacity of conversion device

[ Distance of transmission channel between two places
cd Conversion device

v Transmission speed of corresponding energy
Lr Linepack in the pipe

Z Compressibility factor of pipe

D Value of pressure

NTP  Normal temperature pressure

f Value of gas flow

wl, 72 Start and end of pipe

1. INTRODUCTION

RIVEN by the contradiction between energy utilization
D and environmental pollution, the researches on high pro-
portion of renewable energy accommodation have been de-
veloped [1]-[4]. Meanwhile, the high quality development of
economy promotes the research of Energy Internet (EI) to be-
come a focus, which is coupled with smart distribution network,
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natural gas, heating and cooling systems [5]-[7]. Unlike the
conventional user in the energy system for pure energy load,
energy producers and consumers have diverse functions in EI
which derives distributed energy trading with user as the cen-
ter [8]-[10]. The characteristics of multi-energy integration and
the further development of the energy market make the EI put
forward higher requirements for the efficiency and applicability
of user response. Therefore, the study of energy transactions of
EI becomes more significant to promote the coordinated and
optimized utilization of multi-energy and the efficient accom-
modation of distributed energy resources.

It is notable that the energy transactions are a market-based
distributed mechanism that coordinates multi agents based on
bidirectional communication [11]. It aims to improve energy
efficiency and economy by optimizing response through per-
sonalized responses from various types of users. Up to now,
a lot of energy transaction strategies have been presented in
electricity market, which put forward many explorations on
the participants, system architecture and trading model of the
transaction-driven energy system [12]-[15]. An energy sharing
model among peer-to-peer photovoltaics prosumers was pro-
posed in [8] so that greater economics are achieved than the
independent operation of prosumers in the microgrid. The work
in [14] focused on a localized event-driven market to facilitate
indirect customer-to-customer energy trading, in which cus-
tomers and prosumers have the willingness to directly participate
in the retail electricity market. [15] investigated a parent-child
matching energy transaction model to manage the peak load
demand among multiple homes, which considers photovoltaics,
battery storage and electric vehicles.

With the rapidly evolving of EI, on the one hand, the expan-
sion of prosumers improves the ability of users to participate
in energy transactions. On the other hand, users have various
energy forms such as gas, cold and heat besides electricity [16]-
[17]. Tt is a critical issue in investigating the energy transaction
mechanism between energy hub and multi-energy system. For
instance, reference [ 18] described a commercial building system
with heating, ventilation and air-conditioning base on thermal
and power model. An energy transaction market approach was
proposed for peak shaving, load shifting, while having little
impact on the building indoor temperature. Reference [19] fo-
cused on the complementarity of multiple energy resources in
energy hubs to solve possible distribution network congestion.
In [20], a transactive energy market was used as a platform to
realize end-to-end bilateral transactions between local energy
producers and consumers, so as to maximize the interests of all
parties. The noncooperative game framework was investigated
in [21]-[22] and the energy demands of each We-Energy (WE)
were allocated to balance the profits of each WE. However,
the existing researches on the retail side energy market of EI
are still in the preliminary stage, and several critical problems
need to explore: 1) With the development of local energy market
(LEM) in EI and intelligent users, the user participation mode
is more flexible, and the traditional transaction mode cannot
fully satisfy the privacy, preference and autonomy of users.
2) Considering that natural gas and other energy sources have
greatinertia, and there are significant differences in transmission
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speed and storage capacity, LEM of EI has different clearance
cycles for different types of energy. Once there is coupling
between energies, the trading mechanism is more complex. 3)
Considering the complexity of the system model, deep rein-
forcement learning with model-free feature is an effective way to
solve the sequential decision problem [23]-[26]. However, some
reinforcement learning approaches have limits on continuous
action set in EI and so on.

Therefore, to address these challenges, this paper focuses on
building an indirect multi-energy transaction (IMET) scheme for
LEM to achieve the economic and energy efficiency of EI and
ensure the supply and demand balance at the local level. Table I
shows the difference between relevant works in the references
and the method proposed in the paper. The major contribution
of this paper can be expressed as follows:

1) An indirect multi-energy transaction model of LEM is
established. With this effort, the privacy, preference and
autonomy of users can be satisfied. The market efficiency
and local-level energy balance are improved for the EI.

2) Based on the physical model of market, the paper proposes
a multi-energy multi-time scale hybrid trading mech-
anism, and constructs an electricity-gas joint bilateral
bidding energy market model. The inertia difference of
different energy sources is fully taken into account.

3) Combined with the deep reinforcement learning algo-
rithm, the Markov multi-energy interaction model is es-
tablished with distributed structure, and the problem of
continuous action in the model is solved, and finally the
energy profit of the LEM in EI is maximized.

The rest of this paper is organized as follows. Section II
describes the IMET framework of the EI. Section III presents
transaction mechanism. The MDP and modified distributed
proximal policy optimization (PPO) algorithm is presented in
Section IV. In Section V, simulation results are presented to
show the performance of the proposed algorithm whilst the
conclusion is drawn in Section VI.

II. INDIRECT MULTI-ENERGY TRANSACTION STRUCTURE

A. Market Participant Model

With the development of information and communication
technology, energy market is further opened in the EI, and
intelligence user equipment are further improved. Through the
energy transaction strategy, the optimal response of users can
be better achieved. The EI consists of a number of We-Energies
(WESs) that an interconnection network connecting them. WE,
as a smart energy unit coupled by multiple energy sources,
can operate independently or in connection with utility grid.
The main body of WE will be the individual or company with
distributed generation equipment [27]. To be specific, WE can
be a buyer or a seller. Here, all the WEs can participate in the
energy market as sellers or buyers based on the forecasting of
energy deficit or surplus for each WE. The IMET will realize
multi-energy matching between WEs through market operator
to improve the overall energy efficiency of the EIL
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TABLE I
THE COMPARISON OF RELEVANT WORKS PROPOSED IN THE REFERENCES AND THE METHOD PROPOSED IN THIS PAPER

Reference Mechanism Energy type

Features of paper

[15]
[20]
[22]
[23]
Proposed

Market matching
System optimization
Noncooperative game
Noncooperative game

Market matching

Electricity
Multi-Energy
Multi-Energy
Multi-Energy
Multi-Energy

Exploring the emerging energy brokers in an event-driven market
Solving distribution network congestions for energy hubs

Modeling a game between hubs and utility companies
Modeling a game between WEs in the market
Considering the impact of multi-time scale on trading

—_——_— -

/ Market Operator

Market Operator

Reward |

DRL Framework |

e [
X Py II

Local Energy Market
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Fig. 1.  Electricity-gas coupled transaction structure.

TABLE II
ALGORITHM FLOW

Algorithm 1 Modified distributed PPO Algorithm (chief)
Input number of workers W, number of workers needed to update
global network parameters D

Step-1: for iteration € {1,..., N} do

Step-2: for actor € {1,..., M} do

Step-3:  Wait until at least W — D gradients wrt. 6 are available

Step-4:  Average gradients and update global € and critic network
parameters

Step-5: end for

B. Indirect Electricity-Gas Transaction Structure

The energy transactive framework of this paper is designed
for a LEM which contains electricity-gas coupled transactions.
The IMET structure is presented by Fig. 1.

The LEM has predefined boundaries and market operator with
communal conversion devices is added to participate in opera-
tion of the local energy trading platform. The energy conversion
devices include power to gas (P2G) device and gas generator set
(GGS). Thus, electricity and gas can be converted to each other
to participate in natural gas and electricity market transactions.
The LEM is designed following a day-trading process. The
indirect customer-to-customer multi-energy transaction means
that trade involves not only WEs as buyers and sellers, but also
market operator as intermediaries in such a LEM. WE formulates
market bidding strategies based on equipment operating status.
The market operator will only receive the price, amount of

Actor-new Actor-old Critic

i

Action State

Loads Information
Resources States

Trading Volume
Energy Price

energy and the demand of time for each WE. The load and the
equipment information are not needed. Then, market operator
will summarize user bidding information and choose different
actions according to the supply and demand situation at each
time interval. Eventually, energy shortage or energy surplus will
be traded with utility company to realize power balance. From
this, the additional options for WEs who have the willingness to
directly participate in the LEM occasionally are added. In ad-
dition, the market efficiency and local-level energy balance can
be improved, while taking into account the privacy, preference
and autonomy of WEs.

In the whole transaction process, the amount of energy that
users participate in the market, the time of demand, and the bid
for energy prices are knowable only to market operator. The
user can only get information about whether the match is finally
completed, the information of the rest of the market participants
is not needed and completely unknowable. Meanwhile, because
the energy supplied or demanded by different users does not
have particularity in the energy market, part of the matching is
realized by market operator through energy conversion device.
Therefore, even after completing a market transaction, users who
complete the transaction do not need to know the information
of both parties, which ensures the privacy of users. In addition,
users can choose and decide the bid for the energy prices, the
amount of energy and the demand of time for participating
in the market according to their own preferences. In order to
ensure the autonomy of users, market operator can only match
the information provided by users, and market operator has no
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right to change the decisions made by users based on their
own preferences. Therefore, the proposed energy transaction
can operate optimally with privacy, preference and autonomy
of users.

III. ELECTRICITY-GAS BILATERAL ENERGY TRANSACTION
MECHANISM

A. Bidding Strategy of WE

WE can be sellers or buyers in the LEM. The highest and
lowest market bidding prices of sellers can be set as:

E
p? <p* <pf—£F, ¢))

where the bidding prices of sellers are higher than the direct
trading with utility company so that sellers will be more inclined
to participate in market transactions. Meanwhile, the highest
bidding prices of sellers should be lower than the energy service
price of utility company to attract buyers to enter the market and
trade with sellers. ¥ is set to avoid the bidding prices of sellers
being equal to the service price and enhance pairing chance of
sellers and buyers.
The bidding price of buyers should also be guaranteed that

E
pE el <pb <pk, 2)

where pr is designed to be lower than the energy sevice price of
unility company to encourage buyers to enter the energy market.
And it also need to leave enough price margin ¥ to attract
sellers.

We set the time interval of transaction is equal to 24/nh. Sellers
and buyers will participate in market transaction according to
their own situations.

Meanwhile we use wi, = W¢, wh, = We, wy’, = W9,
wl . = W9 to record the staying status in energy market. As
the time evolves: ¢ — ¢ + 1, the remaining time record will
descrease after each time: wfpt — wft -1, w?ft — wl;t -1,
wpy = wi'y — 1, w}y — w}, — 1 until buyers and sellers with-
draw from LEM.

The market operator, which has the communal energy con-
version devices, can achieve energy conversion with a certain
conversion efficiency which can be expressed as:

L=CP. 3)

The marginal cost of devices that provides energy conversion
is designed based on different device operating costs. The market
operator will perform appropriate conversion and configuration
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based on the energy information provided by WE to achieve the
optimal match of LEM.

B. Market Model With Electricity-Gas Bilateral Bidding

Local electricity-gas bilateral bidding market is an important
trading platform for local sellers and buyers to participate.
Market operator is responsible for facilitating local energy trans-
actions between sellers and buyers in an indirect way. Sellers
and buyers provide bidding information to market operator
and market operator will choose different actions based on the
current market conditions to achieve the optimal configuration of
energy production and consumption. Due to the greater inertia of
natural gas, the daily market of El has different transmission time
for different types of energy, which may lead to a transmission
time delay between participants in the transaction. Therefore,
the effect of transmission time on transactions is explored in the
local clearing model (4) shown at the bottom of this page.

The objective function of LEM is designed as eq. (4) and
it aims to maximize the profit of LEM. In (4), the first term
of first line p%" (¢)x}"(t) means the total income of market
operator given by electricity buyers The sum of other two
terms pg* (t)yS " (¢) and p5° (£)yS " (t) means the income
for electricity sellers given by market operator. The purpose of
splitting the income of electricity sellers into two parts is to show
that the energy sold by electricity sellers can be converted in the
market. Similarly, the first term of second line p’ (t)2?’ means
the total income of market operator given by gas buyers The sum
of other two terms p§’ (£)y; ™" () and 55’ (t)y; ™ (t) means
the income for gas sellers given by market operator. The third
line of the equation represents the cost of energy conversion
through conversion device. 1z is a penalty term for failure to
match energy sources and z can be expressed as:

2= 2 @®-w®)+ X (61— @)

iENS JENY® (5)
+ X (@& O-u®)+ X (@) -2 (1).
keNg? leNp?
In the equation, & (¢) —yi"(t), &5 (t) — b (b),

&l (t) — vy’ (t) and (&Y (t) — xb’(t) denote the mismatch
of electricity sellers, electricity buyers, gas sellers and gas
buyers, respectively. Equality constraints and inequality
constraints are shown in (6)-(21).

S.t.
- > =0, 6)

iENG®

T b e T
> pj (B)x (1) = >
t=1jeN}* t=1ieNg®
T T
e +3 X M) - X o
= t=11eNp? t=1keNp?
I G s€,con I
=3 X eyl (t) —
t=14eNs*®
—z

T
s€ s€.,dir
p; (t)y; ) — >

pIEDY Brc Sy (b)

=1keny?

B3 (E)y; " (¢)

t=1ieNg®

t=1 peNs? . @)
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yit(8) = i () + (), (7)
doa' - > wt) =0, ®)
leNp? keNg?
v (6) =y () +yp (0, ©)
y () = @), (10)
@“m@émszﬁ%ma+AmL (11)
Zi?e,dir(t)_F Z . b® ,con bee 7 (12)
i k
yp = a0 (t+ Ary), (13)
;%wgﬂcszw"u+Amy (14)
Soal i+ o al e ="y (1), (15
k i l
0 <y (t) <& (1),Vie N, (16)
0<al(t) <el(t),Vje N, (17)
0 <y (t) <& (1), Yk € Ny", (18)
0<al(t)<ed(t),vie N, (19)
0< ys» con (4)¢GGS < 0GGS vy ¢ Nfg, (20)
s con( )§PQG < CPQG7VI€ c Nts{ Q1)

In the equations, $°° and p*’ also need to satisfy constraints
pP <p*” <p¥ — &P &P is intended to facilitate the trans-
action considering the energy conversion. «;, [ are binary
variables, the value 1 indicates that the device is selected for
energy conversion, and the value O indicates that the device does
not participate in the conversion.

It should be remarked that the model designed in this paper is
local-level. The realization of energy transaction between users
in the region can effectively reduce the loss of long-distance
energy transmission and ensure social welfare. Furthermore,
since users can choose to trade with utility company or enter
the market according to their own preferences. Although the
objective function of the market operator is its profit, due to the
autonomy of the participating market users, the market operator
has no right to make any changes to the demand of users. So as
long as the matching is achieved, the user’s requirements will
be satisfied, and there is no possibility for the market operator to
reduce the user welfare for its own profit. Meanwhile, due to the
penalty term z, the market operator will not deliberately refuse
to match suitable users because of its own profit. Therefore, the
above mechanism guarantees the interests and social welfare
of users in the market first. On this basis, market operator can
maximize its own profit through more reasonable matching
strategies to maintain its own operation as well as equipment
maintenance and other needs.

To be specific, in the current day-trading optimization, the
transaction time ¢ of electricity and natural gas buyers is the
time they receive the energy. Transaction time ¢ of electricity and
natural gas sellers is the time they send the energy. Therefore,
the delays caused by gas transmission need to be taken into
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account as A7y, A7, A1z in (11), (13)-(14). Electricity sellers
can directly trade with electricity buyers during the transaction
period t due to the faster transmission speed of electricity
ie. t5° — ", wy; — wY,. Because the transmission speed of
natural gas is slower than that of electricity, its clearing cycle is
also longer than that of electricity. Therefore, natural gas sellers
will directly trade with natural gas buyers during the transaction
period and the transmission time between the buyers and sellers
of natural gas A7y should be considered as:

5 >t AT, Wy = wy e, (22)

ng b9
A7 = _—
1 ’I”O’LLTLd(l/g:t> )

where the transmission speed of natural gas can be calculated
based on [28]. It should be noticed that different energy systems
have different inertia differences since the natural gas system
has the linepack, which impacts the energy transmission of
natural gas network. The linepack in natural gas network can

be expressed as [29]:
ﬁwl?ﬂ)
Pr1 + ﬁTFZ '

. zZV 2
Ly=— (pTrl + pﬂ'2
pnrp 3
The market is settled in different periods of time to complete
the matching as shown above. So the energy transmission model
of the market is essentially a steady state model of end-to-end
energy transmission, and the purpose of the market is to ensure
the accuracy of end-to-end energy transmission. The relationship
among linepack, inflow gas and outflow gas can be expressed
as [30]:

(23)

(24)

(fﬂ'l - f7r2) At + [A/mtfl = IA/ﬂyt-

According to the above equation, the amount of energy trans-
ferred in the process of energy transaction in the market should
be ensured i.e. fr1 = fr2. Therefore, linepack in the pipeline
should remain constant before and after transaction, and the
constraint should be met during operation:

(25)

Prl,t—1+Dr2,t-1
Pr1,tPr2,t
Dr1,t+Dr2,t

“ o Pri1t-1Pr2,t-1
Zr Vi (Pﬂ,tq + Pr2i—1 — 7)

A A (26)
= Zt‘/t (pﬂ'l,t +p7r2,t -

Due to the conversion devices existence in LEM, it is pos-
sible to convert between electricity and gas since the energy
conversion devices are controlled by the market operator in
LEM. However, due to the multi-time scale characteristics of
electricity and natural gas, when the electricity and gas are
traded, the limitation of natural gas transmission speed needs
to be considered. If electricity sellers can enter the gas market
for transactions through P2G, it should consider the transmission
time of natural gas from the conversion device to the buyer of
natural gas. The transmission time from the seller of electricity to
the conversion device can be ignored due to the fast transmission
and conversion speed of electricity.

e g
t5° =t + A, Wy gae —> Wy 49

leapo
ATy = round (1/5215) ,

27)

(28)
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Multi-time scale transaction process of electricity-gas market.

Fig. 2.

where lAcd,bg is the distance of transmission channel between
conversion devices and buyers of natural gas.

However, when gas sellers enter the electricity market for
transactions through conversion, the transmission time of natural
gas from the seller of natural gas to the conversion devices need
to consider and the transmission of electricity is ignored. The
corresponding clearing cycle is set to:

57— ¢ + A3, Wy, g9 —> Wj gbe, 29)
AT3 = round isg’Cd , (30)
vy At

where fsg,cd is the distance of transmission channel between
conversion devices and sellers of natural gas.

The multi-time scale transaction process of electricity-gas
market is depicted by Fig. 2. As shown in the figure, due to
the rapid transmission of electricity, the trading between the
electricity buyers and electricity sellers can ignore the time delay
of energy transaction. In addition, transactions involving natural
gas have time delays due to its slow transmission speed.

Remark 1: Compared with the traditional market transaction
model, multi-time scale mechanism is designed into the trans-
action model which can be embodied in (10)-(15). Due to the
transmission inertia of different energy sources, their trading
cycles are biased. With the conversion devices in the LEM
model, there is a coupling conversion between multi-energy,
which will lead to the delay of the transaction mode. Under the
design of this trading mechanism, energy interaction is more
complex but more practical.

The actions of market operator can be designed to accept
all the bids and offers and realize optimal price-quantity pairs
matching through conversion, and the time record of chosen
sellers/buyers is set to 0 to quit LEM. The rest of the customers
that fail to be selected continue to stay in the market for future
chances with their remaining time counters updated by w —
w — 1. The market operator will make further conversions and
adjustments based on the information provided by buyers and
sellers, and the market clearance of electricity is shown in Fig. 3.
The market clearance of natural gas is similar to electricity.

Above all, the IMET in EI can be divided into two parts:

IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 37, NO. 5, SEPTEMBER 2022
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Fig. 3. The market clearance of electricity in LEM.

1) In the day trading, WE sends the transaction information
to the market operator through the intelligent control sys-
tem. Market operator makes the optimal matching scheme
according to the energy supply and demand relationship
and publishes it to the control system. The control system
realizes local WE interaction according to the matching
relation.

2) When WE does not complete the energy transaction within
the time limit, it will trade with the utility company to fill
the demand-generation gap so that a local trade balance
can be achieved.

Remark 2: In this paper, the proposed LEM is suitable for
some local energy scenarios. The utility company generally is the
managers of large energy networks. For the utility company, the
LEM is similar to a major customer. The utility company would
trade energy with the LEM but would not normally be directly
involved in the management of a LEM. Therefore, the market
operator and utility company are usually not interchangeable.

Remark 3: There are several mechanisms in the market to
ensure the equilibrium: Firstly, the penalty term in objective
function can ensure that the market operator will not deliberately
refuse to match the appropriate users. Secondly, the market
allows users to enter and participate in matching repeatedly to in-
crease the success rate of matching. Thirdly, the user can finally
trade with the utility company to avoid the user’s requirements
can not be met. However, compared with matching in the market,
trading with the utility company will lose part of the economic
benefits. Under the mechanisms, different matching situations
will only affect the profit of market operator, but not affect the
normal operation of the market.

IV. MARKOV DECISION PROCESS AND MODIFIED
DISTRIBUTED PROXIMAL POLICY OPTIMIZATION ALGORITHM

The energy market proposed above aims to achieve the day-
trading optimal energy transaction based on objective function.
Considering the uncertainty of the market, it is hard to obtain
the accurate environment model for forecasting the user be-
haviors. Since the DRL is based on model-free environment
and the updating rule of DRL adopts long-term accumulation
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reward [31]-[32], the problem described above is transformed
to MDP and PPO algorithm is improved to solve the problem
through learning and selection with the dynamic environment.
To the specific, the improved PPO can better handle the model
with continuous action space.

A. Formulation of Markov Decision Process

In the proposed multi-energy interaction model, the trading
information is entered into the market before, and the state at
each time slot will be adjusted to be judged as the new state at the
next time slot. Therefore, the previous state information is not
needed, and the current time slot contains all the information
needed for decision-making, having nothing to do with the
previous period. Hence, the multi-energy interaction model can
be formulated as a MDP problem.

The MDP modeling has four fundamental elements
(8,a,p,r), where § stands for an array of limited environment
states, a expresses an array of limited actions, p: § X a X §' —
R is the state transition probability from state § to state &', r is
the immediate reward function obtained from environment.

In LEM, the actions are set for the decision variables which
denote the transaction price and volume of LEM participants, as
well as the cost of energy conversion through conversion devices.

s¢,dir

arLEM = {pj ) J apz ,yz

€,con b9 b9

7ﬁ1 ayz 7pl 717[ 7pk7

s9.dir ~g9 s9,con

Y & 5Pk Yy

0[2,1'5 con’Bk, s9,con
(3D

The LEM states contains four parameter vector, including
power mismatch, customers’ bidding parameters, the timestamp
and the states of the remaining time counters associated with
current customers.

The reward r is designed to express the reward gets from
system. The more reward will feedback under the condition of
satisfying the constraints.

0, if constraints are violated
TLEM =

F, otherwise (32)

where r1, g stands for the profit obtained in LEM.

B. Modified Distributed Proximal Policy Optimazation
Algorithm

As stated in Section IV A, considering that the states and
actions of the system contain a large number of continuous
variables, the PPO algorithm with actor-critic architecture is put
into use and further extended. The PPO directly samples states,
actions, and rewards [33]. The rule of iteration is to maximize
the expectation of rewards Rg.

Rg = Z—,—:R (T)ﬁe (7’) (33)
=K R(r)]

T~pe (T) [

where 7 is policy trajectory, 0 is a parameter for policy update,
po(T) is probability of trajectory occurrence. Then, calculate the
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gradient for the reward:
VR = 3 R(7)ps () Vog pp (T)
= B, () [R(7) Viogpy (1))

When sampled sufficiently, the expectation of the reward can
be approximated to the average value of the reward for /V rounds:

(34)

o N
VRe~ + > R(7")Vlogps (")
(35)

") Vlogpy (a 57')
The advantage function A%(3;, a;) is set as follow to evaluate
performance with action a in state S.

A% (34, a0) = R? (8¢, a) — V (30) - (36)
In order to improve the speed and efficiency of training, off-
policy has been adopted in place of on-policy. Therefore, the
sample is used from 7y to train 6.

’ ~ Do (ar18e) o
J‘)e:EgaNﬁ,{AA $,a (37)

©) Sea~To | Dy (ar 30) (80,00)
Because ' is fixed, the sample data from ¢’ can be reused. So
we can sample the data from 6" and use the data to train # many

times.

’U)

A° A7 (a¢|8:) Viogp (at|54,0) .

1 N T,
R INN oy
(38)

If 6 and 0’ differ greatly and not enough samples are taken,
their variances will differ greatly and its training effect will
be affected. So a objective with clipped probability ratios is
established, which forms a lower bound of the performance of

clip (Po (ar|3¢)

the policy:
= —,1—-&,1+ é) ,
po (at|3¢)

where € is a hyperparameter that is less than 1. In this way, the
algorithm can be improved as:

JO(0) ~

> min

(8¢,a¢)

(39)

Po(at|d:) AOK 3
_—— St,
PgK(at\St) ( b t)7

clip (%, 1—-6,1+ é) AP (34, a4)
(40)
The PPO will dynamically select tasks which further affects
the overall system performance optimization. However, Note
that the transactions in LEM are complex and random. In order
to guarantee the better performance in various random scenes,
the distributed PPO is adopted in the paper with distributed
feature which places actor-critic network in multiple workers
for synchronous training. From this, the experience of multiple
workers will be synchronously uploaded to the chief learner, and
then each worker will get the latest running policy from the chief
learner. In this way, each worker can receive feedback from the
chief learning to apply better experience to its own scenario. The
chief learning can also aggregate the training experience of all
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The operation states with IMTC over 92 intervals
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Fig. 4.

Operating status of GGS and P2G over 92 time intervals. (a), (d) are the input power of GGS and P2G over 92 time intervals respectively. (b), (e) are the

3D map of operating status of GGS and P2G with paces over 92 time intervals respectively. (c), (f) are the operating status of GGS and P2G with paces at the 48th

interval respectively.

workers, thus avoiding the continuity of single-threaded updates
and making it possible to obtain good updates without the
need for a memory bank like Deep Q-learning (DQN), or Deep
Deterministic Policy Gradient (DDPG). The algorithm flow of
the distributed PPO is shown in Algorithm 1 and Algorithm 2.

Remark 4: The distributed PPO algorithm contains two parts.
Algorithm 1 corresponds to the chief and Algorithm 2 is for
workers. Workers collect data in parallel in different environ-
ments and share a global PPO. Workers send the collected data
to global PPO i.e. chief and then the chief updates the parameters
based on the batch of datum collected from workers. With this
effort, the efficiency of data collection is improved and the
distributed PPO algorithm can gain wider and better experience
for the better performance.

V. CASE STUDIES

In this section, we focus on evaluating the performance re-
garding the proposed IMET model and verifying the effective-
ness of our market learning algorithm. The timeline, one day,
consists of 96 time intervals, each of which lasts for 15 min. We
set 23th to 24th hour to stop trading, so the time intervals are
92. The number of customers is 384 which includes sellers and
buyers. The conversion efficiency of GGS and P2G is 0.5 and
0.4 respectively.

Four cases are represented to show the effectiveness of the
proposed IMET with the distributed PPO. Case 1 studies the
performance of the IMET under normal circumstances. Case
2 investigates on the performance of the IMET without the
consideration of multi-time scale. And case 3 focuses on the
efficiency of the IMET without conversion devices. Case 4 shows
the comparison of different methods for IMET to show the
performance of the proposed method.

A. Performance Test Under Normal Circumstances

In the first case study, we run the IMET with the distributed
PPO approach to complete the multi-energy transaction of WEs

x104

2.5

|
|
|

Profit[¥]
[9)]

5
0"’0 500 1000 1500 2000 2500 3000
Episodes
Fig. 5. The profit for each episode with the distributed PPO.

under normal circumstances. For the proposed distributed PPO
above, the discount is 0.9, the adam update rate for actor and
critic is 0.0001 and 0.0005 respectively. The minibatch size is
24 and the clipping parameters is 0.2.

From Fig. 4, it can be clearly seen the operating status of
conversion devices with IMET over 92 time intervals. Fig. 4(a),
(d) describe the input power of GGS and P2G over 92 time
intervals. Fig. 4(b), (e) depict the 3D map of operating status of
conversion devices with paces over 92 time intervals. The depth
of the color reflects the input power. The convergence of 92 time
intervals operation results of devices are reached after around
1700 steps. Fig. 4(c), (f) are the operating status of GGS and P2G
with paces at the 48th interval. The operating results in Fig. 4(a),
(d) are depicted from the y0z-axis of Fig. 4(b), (e). Fig. 4(c),
(f) demonstrate the convergence results through running more
episodes that correspond to the x0z section of Fig. 4(b), (e) at the
48th interval. The profit for each episode is shown in Fig. 5. It
can be seen that there is no obvious improvement for the episode
around 1700 steps which means the improved PPO tends to be
stable. And the optimal transaction strategy is obtained. Fig. 6
shows the performance of the conventional PPO algorithm in the
proposed model. It is clear that both methods converge to similar
profit value. However, the convergence speed of the proposed
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Fig. 7. The total volume of energy transactions and transmissions in the EI

based on the proposed model.

method is significantly faster than that of the conventional PPO
algorithm. The results show that the multiple workers for syn-
chronous training structure which is introduced in the proposed
method can improve the efficiency of the algorithm.

The total volume of energy transactions and transmissions
in the EI is shown in Fig. 7. Noted that the input power of
P2G and GGS increase from the 50th to the 70th interval in
Fig. 4(a), (d). Correspondingly, the trading volume in Fig. 7 is
high between the 50th to the 70th interval. Conversion devices
may have contributed to the increase in energy trading volume.
Meanwhile, from Fig. 7, it can be seen that there is a deviation
between the volume of energy trading and the volume of energy
transmission, which is caused by the delay in the transmission
speed of gas. The energy accumulation caused by the delay of
energy transmission makes the volume of energy transmission
greater than the volume of energy trading at some moments like
the 52th and 53th interval.

B. Performance Test Without Considering Multi-Time Scale

In case 2, we aim at verifying the effectiveness of IMET
with or without considering multi-time scale. The energy trading
volume and losses are shown in Fig. 8 without considering multi-
time scale. The loss means that the participants have entered into
a transaction in the energy market, but due to the transmission
delay of gas, the energy loss is caused by the inability to transmit
in time within the trading time. It can be observed from Fig. 8 that
the most of the time the energy loss is exist. However, compared
with Fig. 7, it is interesting to find that the energy trading volume
of IMET without considering multi-time scale is larger than the
volume of IMET with considering multi-time scale sometimes
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multi-time scale.
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Fig. 9. The total volume of energy transactions and transmissions in the EI
without conversion devices.

like the 60th, 63th and 83th interval. Meanwhile, the total volume
of transaction in case 2 is 74728 kW and the total volume
of transaction in case 1 is 72658 kW. It is because energy is
traded in case 2 regardless of multi-time scale. Some transactions
with considering the multi-time scale could not match were
also matched in case 2 without considering the multi-time scale
which reduce some constraints in IMET, so the overall volume
increases slightly. Therefore, the multi-time scale characteristic
has a great impact on multi-energy trading and the consideration
of the characteristic is necessary.

C. Performance Test Without Conversion Devices

In this case, the focus is on testing the performance of IMET
without conversion devices. Fig. 9 demonstrates the total volume
of energy transactions and transmissions in the EI without con-
version devices. From Fig. 9, its maximum energy transmission
volume is about 1500 kW at 52th time interval and its maximum
energy trading volume is about 1600 at 53th time interval, while
the maximum energy transmission and trading volumes are
about 1700 kW and 1700 kW respectively in Fig. 7 which are
higher than the IMET without conversion devices. Meanwhile,
it can be clearly seen that compared with Case 1, the energy
transaction and transmission volumes are generally lower. It
implies that energy conversion devices plays a great role in
promoting energy transaction in IMET.

In addition, we further compare the reward of the proposed
IMET with conversion and without conversion for energy trans-
action. Fig. 10 represents the comparison results of the reward for
the two methods. Compared with the IMET without conversion,
the reward of the proposed IMET with conversion is larger than
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Fig. 11.  Comparison results of the reward for different methods.

it most of the time. Meanwhile, there are more negative values
like the 28th, 35th and 70th interval. So the transaction volume is
lower when there is no conversion device. In addition, the profits
of the proposed IMET with conversion and the IMET without
conversion are RMB 21107, RMB 12301, respectively. Those
results show that the proposed IMET with conversion works well
and has the better performance.

D. Comparison of the Methods

In case 4, a comparison simulation of the conventional linear
programming method and the DRL approach is provided to com-
pare the difference between the two methods more clearly. The
reward of the conventional linear programming method (NM)
and the improved PPO approach (PM) for energy transaction
are shown in Fig. 11. Because the conventional method can only
solve the optimal strategy according to the given information,
using conventional method means the timely matching transac-
tion mechanism that trading cannot wait and buying or selling
is done immediately. Table IV shows the comparison results
of the two methods. Compared with NM, the reward of PM
is larger than the conventional method most of the time. It is
because the PM in this paper can make better use of waiting
mechanism. Although there are times when the reward of NM
is higher than PM like the 66th, 80th interval, there are a lot
of negative situations of NM like the 24th, 48th interval which
mean many WEs cannot match in the LEM and have to trade
with utility company. In addition, as shown in the table, the PM
obtains better profit than NM. Those results show that compared
with conventional optimization method, the DRL approach has
better performance for the proposed market model.
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TABLE III
ALGORITHM FLOW

Algorithm 2 Modified distributed PPO Algorithm (worker)
Step-1: for iteration € {1,..., N} do

Step-2:  for actor € {1,...,M} do

Step-3:  Run policy 7y in environment for 7 timesteps, collecting
{8e,ar, 1}

Step-4:  Compute advantage estimates Aj, ..., A7

Step-5:  Store partial trajectory information

Step-6: end for

Step-7:  Optimize surrogate L wrt. 6, with K epochs

Step-8: 6" «— 0

Step-9: form € {l,..., M} do

Step-10:  Compute VgJeyip by (35)

Step-11:  Send gradient wrt. 6 to chief

Step-12:  Wait until gradient accepted or dropped, update parameters

Step-12: end for

Step-14: end for

TABLE IV
THE COMPARISON OF TWO METHODS

Number of Number of
Method - Total reward reward under 0  better reward
PM 21107 15 72
NM 9250.1 30 20

VI. CONCLUSION

This paper investigates the adaptive and indirect energy trans-
action problem for EI. An IMET model is proposed that can
drive each WE to flexibly participate in coupled energy mar-
kets according to its own preference. To solve the impact of
different energy transmission times, the multi-time scale hybrid
trading mechanism is also formulated. In addition, the improved
PPO algorithm is employed to learn the optimal control policy
which can adapt to the model-free fashion and day-trading
optimal operation performance of EI. The proposed method is
demonstrated by four example cases. The consequences of the
cases are analyzed in view of the volume of energy transactions
and transmissions. Moreover, the comparison of the proposed
method with another conventional optimal method is also dis-
cussed in the paper. As the results shown in the cases, the
innovative IMET model based on the improved PPO can realize
the multi-energy collaborative optimization and the efficiency
of energy utilization can be improved.

REFERENCES

[1] N. Zhang, Q. Sun, J. Wang, and L. Yang, “Distributed adaptive dual
control via consensus algorithm in the energy internet,” /EEE Trans. Ind.
Informat., vol. 17, no. 7, pp. 4848-4860, Jul. 2021.

[2] B. Huang, L. Liu, H. Zhang, Y. Li, and Q. Sun, “Distributed optimal
economic dispatch for microgrids considering communication delays,”
IEEE Trans. Syst., Man, Cybern.: Syst., vol. 49, no. 8, pp. 1634-1642,
Aug. 2019.

[3] Y. Li, D. W. Gao, W. Gao, H. Zhang, and J. Zhou, “Double-mode en-
ergy management for multi-energy system via distributed dynamic event-
triggered newton-raphson algorithm,” IEEE Trans. Smart Grid, vol. 11,
no. 6, pp. 5339-5356, Nov. 2020.

[4] Y. Li, H. Zhang, X. Liang, and B. Huang, “Event-triggered based dis-
tributed cooperative energy management for multienergy systems,” Trans.
Ind. Inform., vol. 15, no. 14, pp. 2008-2022, Apr. 2019.

[S] Y. Mu et al., “A double-layer planning method for integrated commu-
nity energy systems with varying energy conversion efficiencies,” Appl.
Energy, vol. 279, 2020, Art. no. 115700.

Authorized licensed use limited to: Northeastern University. Downloaded on June 26,2025 at 23:32:05 UTC from IEEE Xplore. Restrictions apply.



YANG et al.: INDIRECT MULTI-ENERGY TRANSACTIONS OF ENERGY INTERNET WITH DEEP REINFORCEMENT LEARNING APPROACH

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

C. Chen, T. Xiao, T. Qiu, N. Lv, and Q. Pei, “Smart-contract-based
economical platooning in blockchain-enabled urban internet of vehicles,”
IEEE Trans. Ind. Inform., vol. 16, no. 6, pp. 4122-4133, Jun. 2020.

L. Xing, B. Jiao, Y. Du, X. Tan, and R. Wang, “Intelligent energy-saving
supervision system of urban buildings based on the Internet of Things: A
case study,” [EEE Syst. J., vol. 14, no. 3, pp. 4252-4261, Sep. 2020.

N. Liu, X. Yu, C. Wang, C. Li, L. Ma, and J. Lei, “Energy-sharing
model with price-based demand response for microgrids of peer-to-peer
prosumers,” IEEE Trans. Power Syst., vol. 32, no. 5, pp. 3569-3583,
Sep. 2017.

N. Liu et al, “Online energy sharing for nanogrid clusters: A Lya-
punov optimization approach,” IEEE Trans. Smart Grid, vol. 9, no. 5,
pp. 4624-4636, Sep. 2018.

Y. Li, D. W. Gao, W. Gao, H. Zhang, and J. Zhou, “A distributed double-
Newton descent algorithm for cooperative energy management of multiple
energy bodies in energy internet,” IEEE Trans. Ind. Inform., vol. 17, no. 9,
pp. 5993-6003, Sep. 2021.

“GAC. The GridWise transactive energy framework version 1.0
[EB/OL],” Jan. 2015. [Online]. Available: http://www.gridwiseac.org/
pdfs/te framework report pnnl-22946.pdf

L. Kristov, P. De Martini, and J. D. Taft, “A tale of two visions: Designing
a decentralized transactive electric system,” IEEE Power Energy Mag.,
vol. 14, no. 3, pp. 63-69, May 2016.

F. Rahimi, A. Ipakchi, and F. Fletcher, “The changing electrical land-
scape: End-to-end power system operation under the transactive energy
paradigm,” IEEE Power Energy Mag., vol. 14,no. 3, pp. 52-62, May 2016.
T. Chen and W. Su, “Indirect customer-to-customer energy trading
with reinforcement learning,” IEEE Trans. Smart Grid, vol. 10, no. 4,
pp. 4338—4348, Jul. 2019.

K. Mahmud, M. S. H. Nizami, J. Ravishankar, M. J. Hossain, and P. Siano,
“Multiple home-to-home energy transactions for peak load shaving,” IEEE
Trans. Ind. Appl., vol. 56, no. 2, pp. 1074-1085, Mar. 2020.

N. Zhang, Q. Sun, L. Yang, and Y. Li, “Event-triggered distributed hybrid
control scheme for the integrated energy system,” IEEE Trans. Ind. Inform.,
vol. 18, no. 2, pp. 835-846, Feb. 2022.

F. Rahimi and A. Ipakchi, “Using a transactive energy framework: Pro-
viding grid services from smart buildings,” IEEE Electrific. Mag., vol. 4,
no. 4, pp. 23-29, Dec. 2016.

H. Hao, C. D. Corbin, K. Kalsi, and R. G. Pratt, “Transactive control of
commercial buildings for demand response,” IEEE Trans. Power Syst.,
vol. 32, no. 1, pp. 774-783, Jan. 2017.

J. Hu, X. Liu, M. Shahidehpour, and S. Xia, “Optimal operation of energy
hubs with large-scale distributed energy resources for distribution network
congestion management,” [EEE Trans. Sustain. Energy, vol. 12, no. 3,
pp. 17551765, Jul. 2021.

J. Lian, H. Ren, Y. Sun, and D. J. Hammerstrom, “Performance evaluation
for transactive energy systems using double-auction market,” IEEE Trans.
Power Syst., vol. 34, no. 5, pp. 4128-4137, Sep. 2019.

S. Bahrami and A. Sheikhi, “From demand response in smart grid toward
integrated demand response in smart energy hub,” IEEE Trans. Smart Grid,
vol. 7, no. 2, pp. 650-658, Mar. 2016.

L. Yang, Q. Sun, D. Ma, and Q. Wei, “Nash Q-learning based equilib-
rium transfer for integrated energy management game with We-energy,”
Neurocomputing, vol. 396, pp. 216-223, 2020.

L. Yang, Q. Sun, N. Zhang, and Z. Liu, “Optimal energy operation strategy
for we-energy of energy internet based on hybrid reinforcement learning
with human-in-the-loop,” IEEE Trans. Syst., Man, Cybern.: Syst., vol. 52,
no. 1, pp. 32-42, Jan. 2022.

T. Yu, H. Z. Wang, B. Zhou, K. W. Chan, and J. Tang, “Multi-agent
correlated equilibrium Q(A) learning for coordinated smart generation
control of interconnected power grids,” IEEE Trans. Power Syst., vol. 30,
no. 4, pp. 1669-1679, Jul. 2015.

W. Liu, P. Zhuang, H. Liang, J. Peng, and Z. Huang, “Distributed economic
dispatch in microgrids based on cooperative reinforcement learning,” [EEE
Trans. Neural Netw. Learn. Syst., vol. 29, no. 6, pp. 2192-2203, Jun. 2018.
Hua. H. et al., “Optimal energy management strategies for energy inter-
net via deep reinforcement learning approach,” Appl. Energy, vol. 239,
pp. 598-609, Apr. 2019.

Q. Sun, R. Fan, Y. Li, B. Huang, and D. Ma, “A distributed double-
consensus algorithm for residential we-energy,” IEEE Trans. Ind. Inform.,
vol. 15, no. 8, pp. 4830-4842, Aug. 2019.

D. Wolf and Y. Smeers, “The gas transmission problem solved by an
extension of the simplex algorithm,” Manage. Sci., vol. 49, pp. 1454—1465,
Nov. 2000.

[29]

[30]

[31]

[32]

[33]

4077

S. Clegg and P. Mancarella, “Integrated electrical and gas network flexibil-
ity assessment in low-carbon multi-energy systems,” /[EEE Trans. Sustain.
Energy, vol. 7, no. 2, pp. 718-731, Apr. 2016.

J. Mei, Z. Wei, and Y. Zhang, “Dynamic optimal dispatch with multiple
time scale in integrated power and gas energy systems,” Automat. Electric
Power Syst., vol. 42, no. 13, pp. 36-42. 2018.

D. Ernst, M. Glavic, and L. Wehenkel, “Power systems stability control:
Reinforcement learning framework,” IEEE Trans. Power Syst., vol. 19,
no. 1, pp. 427-435, Feb. 2004.

R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction,
vol. 1. Cambridge, MA, USA: MIT Press, 1998.

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov, ‘“Proximal
policy optimization algorithms,” 2017, arXiv: 170706347.

Lingxiao Yang (Student Member, IEEE) received the
B.S. degree in electrical engineering and automation
from Henan Normal University, Xinxiang, China, in
2015, the M.S. degree in power system and automa-
tion, and the Ph.D. degree in power electronics and
power transmission from Northeastern University,
Shenyang, China, in 2017 and 2022, respectively.
She is currently a Postdoctoral Research Scholar
with the School of Artificial Intelligence, Anhui Uni-
versity, Hefei, China. Her main research interests
include machine learning and its various applications

in energy internet, microgrids, and power distribution network.

Qiuye Sun (Senior Member, IEEE) received the
Ph.D. degree in control theory and control engineer-
ing from Northeastern University, Shenyang, China,
in 2007.

He is currently a Full Professor with Northeastern
University. He has authored or coauthored more than
200 papers and more than ten books or textbooks.
His current research interests include the stability
analysis and stabilization control of novel power sys-
tem with electric vehicles, distributed network control
and equipment manufacturing of energy internet, in-

tegrated energy systems, and microgrids.

He is a IET Fellow. He is also a Member of the Editorial Board of four
international journals and several Chinese journals, such as the IEEE TRANSAC-
TIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, IET Cyber-Physical
Systems: Theory Applications, Acta Automatica Sinica, and Proceedings of the
CSEE.

Ning Zhang (Student Member, IEEE) received the
B.S. degree in electrical engineering and automation
from Hebei University, Baoding, China, in 2015, the
M.S. degree in power system and automation, and the
Ph.D. degree in power electronics and power trans-
mission from Northeastern University, Shenyang,
China, in 2017 and 2022, respectively.

He is currently a Lecturer with the School of Elec-
trical Engineering and Automation, Anhui University,
Hefei, China. His current research interests include
scheduling strategy of energy hub, energy trading,

security operation of energy internet, integrated energy systems, and microgrids.

Yushuai Li (Member, IEEE) received the B.S. de-
gree in electrical engineering and automation and the
Ph.D. degree in control theory and control engineer-
ing from Northeastern University, Shenyang, China,
in 2014 and 2019, respectively.

From 2019 t0 2021, he was a Postdoctoral Research
Scholar with the Department of Electrical and Com-
puter Engineering, University of Denver, Denver, CO,
USA. He is currently a Lecturer with the School of
Information Science and Engineering, Northeastern
University. His main research interests include dis-

tributed modelling, control, energy management and optimization of energy
internet and multi-energy systems, and distributed machine learning algorithm
with applications in microgrids.

Authorized licensed use limited to: Northeastern University. Downloaded on June 26,2025 at 23:32:05 UTC from IEEE Xplore. Restrictions apply.


http://www.gridwiseac.org/pdfs/te ignorespaces framework ignorespaces report ignorespaces pnnl-22946.pdf
http://www.gridwiseac.org/pdfs/te ignorespaces framework ignorespaces report ignorespaces pnnl-22946.pdf


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


