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Trading Model Combining Electricity, Heating,
and Cooling Under Multi-energy Demand
Response

Fangdi Zeng, Zhaohong Bie, Shiyu Liu, Chao Yan, and Gengfeng Li

Abstract—The emerging multi-energy system has brought
new challenges and opportunities to energy business worldwide.
To address the issues in multi-energy trading, this paper propos-
es an electricity, heating, and cooling trading model for the in-
teraction between the multi-energy service provider (MESP)
and multi-energy consumer (MEC) by using bi-level program-
ming. In the upper level, the model instructs the MESP to
make decisions on the optimal energy purchasing scheme and
energy economic dispatch. In the lower level, optimal consum-
ing patterns of different energies with the given retail prices are
modeled for the MEC. Specifically, a novel multi-energy de-
mand response (DR) program that employs energy conversion
devices is proposed. Numerical results show that MEC can re-
duce its consumption cost via the multi-energy DR. Meanwhile,
MESP benefits greatly from the flexibilities of energy conver-
sion. This research can provide theoretical support for the fu-
ture development of multi-energy trading.

Index Terms—Demand response (DR), multi-energy consumer
(MEC), multi-energy service provider (MESP), trading model.

1. INTRODUCTION

HE concept of the multi-energy system (MES)[1] has

emerged in recent years, addressing multiple energy sec-
tors including electricity, heating, and cooling. Its high flexi-
bility [2], low carbon emission [3],[4],and high reliability
[5] are gaining attention in society.

In an MES, the multi-energy service provider (MESP) pur-
chases energy (e.g., natural gas (NG) and electricity) from
wholesale markets and sells various energies (e.g., electrici-
ty, heating, and cooling) to multi-energy consumers (MECs),
who are the energy end-users (e.g., hotels, hospitals, super-
markets) with electricity, heating, and cooling demands.
MESP also dispatches various energies by operating a com-
bined cooling, heating, and power (CCHP) system [6]. As
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the seller, MESP is willing to offer a good price to earn
more, while MEC prefers bidding at a lower price to save
expenses. As main parties in MES, MESP and MEC have to
deal with a conflict of economic interests between them. To
cope with the aforementioned issue, a trading model that cre-
ates a tradeoff between the two entities is introduced. The
trading model guarantees profits for MESPs, who will invest
in MES and participate in the trading, while MECs also ben-
efit from the multi-energy trading.

The state-of-the-art research on trading models of the sin-
gle-energy (e.g., electricity, heat, etc.) type has been conduct-
ed in the last decade. The electricity trading models in the
retail market have been investigated and summarized in [7].
By now, retail pricing schemes in electricity power trading
can be divided into two categories: dynamic (time-varying)
and static (pre-determined). In particular, the static pricing
scheme consists of stepwise pricing [8], critical peak pricing
[9],and time-of-use [10],[11]. Among the dynamic pricing
schemes, real-time pricing (RTP) is typically effective in en-
couraging consumers to participate in demand response (DR)
[12], and has become a feasible scheme in practice with
smart grid technologies. In [13], a project for future smart
grids, in which end consumers can actively participate in a
new real-time electricity market by responding to 5-minute
real-time electricity prices, is introduced. Reference [14]
presents an energy trading model based on dynamic retail
price between plug-in electric vehicle (PEV) aggregators and
PEV drivers, using mathematical programming with comple-
mentarity constraints (MPCC). On the other hand, [15] re-
views the pricing schemes for district heating (DH) systems.
In general, there are two representative DH pricing methods:
the cost-plus pricing method [16], which is commonly ap-
plied in the regulated market, and the marginal-cost pricing
method [17], which is applied in the deregulated market.
However, those researchers discuss the trading model only
in terms of the single-energy system. The conversion of dif-
ferent energies, which plays a crucial part in MES, has rare-
ly been studied. Furthermore, DR regarding energy conver-
sion at the end-user side has not been considered enough in
existing research, which can be expanded to mutual alterna-
tives and conversion of different energies.

Up to now, a variety of approaches have been proposed to
model the decision-making in energy markets. Among them,
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complementary models are quite appropriate for describing
the interactions among market players [18]. The problem of
setting day-ahead hourly price (DAHP) for the smart grid re-
tailer is studied in [19] by using a bi-level model. In the
upper level, the retailer determines DAHP, the operation de-
tails of storage unit, and energy contracts in the energy mar-
ket. Whereas in the lower level, the customer decides its DR
program, i.e., consuming pattern. In [20], a decision-making
model for an energy hub by using bi-level stochastic pro-
gramming is presented to seek to maximize its profits by
selling electricity and heat. In [21], a distributed mechanism
for energy trading among microgrids in a competitive mar-
ket is proposed and studied via its hierarchical decision-mak-
ing scheme as a multi-leader, multi-follower Stackelberg
game. In addition, [22] discusses decision-making strategies
for a residential CCHP system, including operation mode, en-
ergy pricing, and optimal dispatch. A cost-plus pricing meth-
od based on the characteristic of variable cost and cooling/
heating/electricity demands is then used to calculate the ener-
gy price. As a result, the electricity price is constant, while
the heating/cooling price is in multiple steps.

In this paper, an electricity, heating, and cooling trading
model is proposed for the trading between MESP and MEC.
The trading model in MES is quite different from that in the
single-energy system, e.g., the electricity market in [19].
Firstly, MECs can convert energy by using conversion devic-
es, e.g., air conditioners. Therefore, a multi-energy DR is
made feasible by employing the mutual conversion of differ-
ent energies. Secondly, MESP has greater flexibilities with
energy purchasing and dispatch by employing energy conver-
sion units. MESP will then obtain further benefits by exploit-
ing these flexibilities. Thirdly, the supply and demand of
electricity, heating, and cooling should be balanced simulta-
neously. Considering these differences, we believe the pro-
posed trading model makes practical sense in MES. The con-
tribution of this paper is summarized as follows:

1) We introduce a novel multi-energy DR program for the
energy end-user, i.e., the MEC, which can employ conver-
sion devices to adjust its consuming patterns in response to
the prices of different energies.

2) A multi-energy trading model is introduced for the elec-
tricity, heating, and cooling trading between MESP and
MEC. A bi-level model is proposed to consider the MESP’s
decisions in the upper level and the MEC’s decisions in the
lower level. The model is then reformulated into a single lev-
el.

3) The performance of the DR program is evaluated. Fur-
thermore, risks arising from electricity price volatility in the
wholesale market are analyzed for both MESP and MEC in
the trading model.

The rest of the paper is organized as follows. The trading
model is formulated in Section II. The solution procedure to
transform the bi-level model into an equivalent single-level
mixed integer linear programming (MILP) is then described
in Section III. Section IV presents case studies and simula-
tion results. Finally, conclusions are drawn in Section V.
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II. TRADING MODEL FORMULATION

A. System Structure and Market Rules

The structure of an MES is shown in Fig. 1. The upper
part shows the energy transmission from the physical layer,
while the lower part shows the information exchange in
MES. MESP operates the CCHP system and acts as an inter-
mediary agent between the natural gas and electricity whole-
sale markets and MECs. Moreover, in this paper, the geo-
graphical scope of the trading model is restricted within a
district. The decision of MESP inside the market environ-
ment contains three parts, i.e., energy purchasing scheme
from wholesale markets, retail price setting, and energy dis-
patch of the CCHP system. Meanwhile, the decision of MEC
is to determine its consuming pattern, i.e., the DR program,
with respect to a given retail price.

NG
; network
P?aysg:al CCHP Customers
4 Power grid
" Market — Retail
price price
Information | Wholesale J > MESP 7 Customers
layer market [ [
Purchase Demand
scheme profiles

—— NG; —— Electricity; —— Heat; —— Cool; - Information

Fig. 1. Structure of an MES.

The optimal decisions made by MESP and MEC are
based on the market environment such as market rules, price
scheme, and scale of costumers, which is worthy of atten-
tion. In the current market environment, MESP owns a few
market shares to influence the price in the wholesale market
when it is within a district. Therefore, it purchases energy as
a price-taker. Meanwhile, an MEC with a small capacity can-
not purchase energy directly from the wholesale market. Fur-
thermore, in the DH and cooling market, retail prices have
been pre-determined in long-term contracts. Considering the
benefit of DAHP for electricity in the current retail market
[19],[23], the following market rules are proposed as the ba-
sis of the trading model in the current market environment:

1) In the wholesale market, MESP determines the purchas-
ing scheme as a price-taker for the day ahead.

2) It is assumed that the NG price in the wholesale mar-
ket varies per day and that the electricity price varies per
hour [24].

3) Because the cooling and heating prices have been deter-
mined in the long-term contracts, they are supposed to be
constant in the day-ahead decision-making process.

4) DAHP scheme for electricity retail is adopted. In
DAHP, MESP decides the hourly electricity retail price for
the next day and releases it to MEC in advance.

5) DAHP is restricted within a certain range to counteract
strong market power of MESP.

In addition, it is assumed that MESP has enough knowl-
edge of the customers’ behaviors so that MESP can antici-
pate the reactions of the customers to its decisions on energy
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price setting. Therefore, the interactions between MESP and
MEC can be modeled as a one-leader, N-follower Stackel-
berg game. Specifically, MESP is the leader who sets DAHP,
and MECs are the followers who adjust their consumption
patterns in response to DAHP.

B. Decision Model of MEC: Optimal DR Program

As shown in Fig. 2, three types of energy demand are con-
sidered: heating demand associated with water heating, cool-
ing demand in terms of air cooling, and electrical demand re-
lated to other electric appliances such as lights. For water
heating, MEC could decide to purchase heating energy di-
rectly. Alternatively, MEC could use the electricity to gener-
ate heating energy indirectly with an electric water heater
(EWH). In a similar way, MEC with an air cooling demand
can purchase cooling energy directly, and alternatively, the
cooling energy can be produced by an electric air condition-
er (EAC). MEC is supposed to be a rational consumer who
seeks to obtain high-comfort, low-cost energy consumption.
Under the given heating, cooling, and electricity DAHPs,
MEC will determine an optimal consumption pattern to meet
their heating, cooling, and electricity demands. More precise-
ly, MEC participates in the multi-energy DR by employing
electricity to fulfil some of the heating and cooling demand
using energy conversion devices.

MEC
hl w
H; H; Water
ow heatin
et ‘
o LEwe
el a
H, H, Air
MESP ; cooling
EAC
el 3 eac fix
Pyt Py Py Electric
: demand

—— Cool; — Electricity; —— Heat

Fig. 2. The proposed MEC model.

In general, the control of water heating (or air cooling)
aims to keep the water (or indoor) temperature at a desired
level. According to the thermodynamic model in [22], the
aim of the control is also to maintain the consumption of
heating (or cooling) energy at a corresponding desired level
(or reference level). In addition, a deviation from the refer-
ence level within a certain range is acceptable because hu-
mans are not sensitive enough to the water (or indoor) tem-
perature. The unfitness functions are used to describe the ef-
fect of deviations and are formulated via piece-wise linear
functions [25].

The MEC’s decision could be modeled as:

T
min CO,(X/")= Y (u} +uj+2"H}' + 1 H{' + )¢ Py
=1

st. XPeF) (1)
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where i is the index of MEC; ¢ is the index of time periods;
T is the number of time periods; CO,(*) is the objective
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function of MEC’s decision model; X/” is the set of decision
variables associated with the decisions made by the i MEC;
FP is the corresponding feasible region; P¢, H,', and H{ are
the electricity, heating, and cooling powers purchased by
MEC, respectively; P2 and P2 are the electricity powers
of EWH and EAC, respectively; d; and d; are the devia-
tions from the reference levels of water heating and air cool-
ing demand, respectively; u}, and u are the unfitness func-
tions related to deviations from water heating and air cool-
ing demand, respectively; A" and A° are the retail prices for
water heating and air cooling, respectively; and A{ is the elec-
tricity retail price, i.e., DAHP.

In (1), the objective of MEC consists of two terms: the en-
ergy consumption unfitness and the energy purchasing cost.
The feasible region F” is then formulated within the follow-
ing constraints. For (2) to (11), the corresponding dual vari-
ables of the constraints are on the right side, following a co-
lon.

1) Energy purchasing constraints

{H.’” >0: "

H'>0: @

Equation (2) imposes nonnegative constraints on the pur-
chased heating and cooling energy. Note that the purchased
electricity is guaranteed to be nonnegative in the following.

2) Power constraints of energy conversion devices

—ewh

h vho . ewh
0<P" <Pl "y 3)
0 < P < peac -, o, 4
=t = i,max‘}_(” ’Xit ( )

and P/

where P& fwax are the maximum powers of EWH
and EAC, respectively. Equations (3) and (4) represent the
power ranges of EWH and EWC, respectively.

3) Energy balance constraints

HY'nl+ Py COPY* = Hy +d;a, )
Hl-f[ﬂfl+P§M' COPfaC:H;J"d:‘?::Bn (6)
Py~ Pyt Py =Pl @

where 7! and ¢ are the transmission efficiencies of heating
and cooling energy, respectively; COP?" and COP{ are the
coefficients of performance of EWH and EAC, respectively;
H) and H; are the reference values of demands for water
heating and air cooling, respectively; and P/* is the reference
value of the demand for electric appliances other than EWH
and EAC.

Equations (5)-(7) represent the energy balances of heating,
cooling, and electricity, respectively. More specifically, the
right side of (5) represents the actual demand level, i.e.,
the reference minus the deviation, for water heating. While
the left side of (5) is the sum of heating energies purchased
from MESP and that generated by an EAC. Similarly, the ac-
tual cooling demand in (6) is supplied by the cooling energy
purchased from MESP, plus that generated by an EAC. Equa-
tion (7) represents the nominated level of electricity demand,
i.e., the demand for electric appliances other than EWH and
EAC.

Although the relationship between electricity and heat-
ing/cooling of EWH and EAC in reality is not always linear,



136 JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. &, NO. 1, January 2020

i.e., EWH and EAC are variable-frequency devices [26], we
use the linear model to simplify and help solve the problem
as a bi-level problem solution, which will be introduced in
Section III. Specifically, the heating power of EWH is ex-
pressed as the product of the electricity power and a coeffi-
cient in (5). An analogous reasoning applies to (6).

4) Constraints of the deviation

_ d;m < di»[v < dit[vm: é[[’ 5 i (8)

—dr<di<dy 0,9, ©)

where d;" and d;" are the maximum deviations from the ref-
erence levels of water heating and air cooling demand, re-
spectively. The deviations from the reference levels of heat-
ing and cooling demands are bound within certain intervals
by (8) and (9).
5) Constraints for unfitness functions
wi2ay -di +bipi,

(10)
(11)

where a}, and b}, are the coefficients of piece-wise functions
for water heating uncomfortableness; and «{, and b5, are the
coefficients of piece-wise functions for air cooling uncom-
fortableness.

Equations (10) and (11) are the piece-wise linearized for-
mulations of unfitness functions corresponding to d,’ and d,
respectively.

Given the energy price parameters, optimal DR program
of MEC is the energy purchasing scheme corresponding to
the optimal solutions of problem (1), as formulated in (12).

(HJH Py = DRG0, 1) =

{Hy H;,PJIX/" = argmin CO, (X/")}
xPerl

a a a a . a
Uy > agy, - dy +bipiy

it —

(12)

C. Decision Model of MESP

As shown in Fig. 3, MESP operates a CCHP system con-
sisting of energy conversion and storage devices such as gas
turbine (GT), heat exchanger (HE), absorption chiller (AC),
electric chiller (EC), and thermal storage tank (TST). MESP
purchases NG and electricity from wholesale markets and
sells electricity, heating, and cooling to MECs. Furthermore,
MESP dispatches energy conversion and storage devices in
the CCHP system.

TST

NG market

Qm ; GT Heat
' recovery
Electricity pe
market '
P

—— NG; — Electricity; —— Heating; —— Cooling

Fig. 3. The proposed MESP model.

The MESP’s decision could be modeled as:

T NC
max PO (X")= ZZ(W’H&’HCH;’MfP;’ _
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T
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where NC is the number of MECs; PO (*) is the objective
function of MESP’s decision model; X" is the variable relat-
ed to the decisions made by MESP; {H} , H{ P are the
variables related to the decisions made by the MEC, i.e., the
optimal DR under energy price; A" and 1" are the prices of
NG and electricity in wholesale markets, respectively; O
and P;" are NG and electricity purchased from wholesale
markets, respectively; H*, H, and H/ are the heating pow-
er of GT, AC, and HE, respectively; P# and P/ are the elec-
tricity powers of GT and EC, respectively; 7 and r“ are the
charging and discharging power of TST, respectively; S” is
the state of charge (SOC) of TST; and F* is the constraint
of the MESP’s decisions.

1) DAHP constraints: it is assumed that the MESP and
MECs have reached certain agreements that the DAHP
should be limited to within an admissible set [19], as shown
in (14) and (15).

(13)

/1; min S;{; S;{;, max (14)
T
N AT <, (15)
=1
where A¢ A and /¢, are the minimum, maximum, and

t, min> “*¢, max» avg

average of DAHP, respectively.

Constraint (14) restricts DAHP within the interval, and
constraint (15) represents an upper bound on the average of
DAHP.

2) Energy storage devices: the thermal tanks are operated
as energy storage devices [27].

0<rf<re. (16)
0<r<y (17)
o< Q< Gk
S a3
St =(=0,)S! +nrf =i (19)
St =S
{t={1,T+1} (20)

where 7 and r“ are the maximum charging and discharg-

ing power of TST, respectively; S and S” are the mini-
mum and maximum SOCs of TST, respectively; o, is the en-
ergy loss rate of TST; #* and 5" are the charging and dis-
charging efficiencies of TST, respectively; and S;" is the ini-
tial SOC of TST.

Equations (16)-(18) define the bounds of charging rates,
discharging rates, and SOC, respectively. Equation (19) rep-
resents the SOC dynamics. Equation (20) represents the ini-
tial and final conditions of the thermal tanks.

3) Energy conversion devices: the GT, EC, and AC are op-
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erated as energy conversion devices in the CCHP sys-
tem [28].

HE =P (1=n% —nin" Iné 1)
P <P¥<PE (22)
H <HS<HE, (23)
Pg, <Pr <P, (24)

loss

where 7¢ and 5, are the electricity efficiency and heat loss
rate of GT, respectively; 7™ is the heat recovery efficiency;
Pg. and P%, are the minimum and maximum power of GT,
respectively; Hg and Hgc are the minimum and maximum

power of AC, respectively; and Py, and P  are the mini-

mum and maximum power of EC, respectively.

Equation (21) represents the output heat of the GT
through a heat recovery unit. The power outputs of the GT,
AC, and EC are limited by (22)-(24).

4) Energy balance:

NC
P!+P{~Pr= P{, (25)
i=1
NC
HE—H+rl —rf > Hn" (26)
i=1
NC
P-COP, +H“-COP, =Y H/ (27)
i=1
oy =pri'nd (28)

where 7 is the efficiency of HE; and COP,, and COP,, are
the coefficients of performance of AC and EC, respectively.

The energy balances of electricity, heating, cooling, and
gas are represented by (25)-(28). Among these four mathe-
matical expressions, the inequality in (26) indicates that ex-
cess heat can be released into the air directly.

III. SOLUTION

The Stackelberg game model is a bi-level structure which
cannot be solved directly. As a workaround to the problem,
the method in [19] is used to transform the bi-level model in-
to an equivalent single-level MILP model. To be specific,
the transformation is as follows:

1) The lower-level problem, i.e., the customer’s decision,
is replaced by its corresponding Karush-Kuhn-Tucher (KKT)
conditions. The replacement is reasonable because the lower-
level model is convex, specifically and linear [29]. The bi-
level problem is then transformed into a complementary
model.

2) The KKT conditions are further transformed into mixed
integer linear constraints by exploiting the disjunctive nature
of the complementary slackness conditions [30].

3) The bilinear terms in the objective function (13) are re-
placed using the strong duality theorem [31].

Finally, the equivalent single-level MILP is formulated as
follows:

— eac

aX” LRRRK]

ewh —ewh eac

=i x L

ait’ﬁir’ yirv_,-péin Qi,agirapifk9pitk} (29)

ewh —OWh e —cac

—{Z,t,Z,t,_” sZi 2Zy 2 Zit aeees
2 ZunZ i Z iz Zhe (30)
NC T
max 3 Y [-Hy 0, ~HiB~Piv~ 1, A
i=1t=
(8,=0)dy +(8,— 0,)dy —uy —uj]-
NC T K
IZ;(pztkbztk+p¢/k )~ Z(/lm I AP
st. X'eF"
{XPr X" X e NCC,NLCC,
(3D

where X“ is the dual variable of lower-level problems, i.e.,
the MEC’s decision models; X is the binary variable intro-
duced to linearize the complementary slackness conditions;
LCC, represents the linearization formulations of the comple-
mentary slackness conditions in 2); and NCC, represents the
remaining linear constraints of the lower level’s KKT condi-
tions in 1).

The equivalent single-level MILP (29) - (31) are further
coded in GAMS and solved using CPLEX 12.4.

IV. CASE STUDY

A tested energy market with an MESP and multiple MECs
is investigated in the case study. The CCHP system operated
by MESP consists of a micro-GT, an EC, an AC, an HE,
and a TST, as shown in Fig. 3. The parameters are listed in
Table I [28].

TABLE I
PARAMETERS OF MESP

Parameter Value Parameter Value
g 0.3 P& 500 kW
Mioss 0.2 = 2000 kW
n" 0.75 HE 0
e 0.9 He 1000 kW

cor,, 12 P, 0
cor,, 4 P 1000 kW
n 0.9 sn 0
" 0.9 s 2000 kW
o, 0.1 s 1000 kW
re 1000 kW r 1000 kW

The buildings such as restaurants, hospitals, and hotels, in
Ellington, Houston, USA, are considered as MECs, and the
hourly load data are obtained from [32]. The rest of the pa-
rameters of MECs are set as shown in Table II and Table III.

A daily simulation is conducted to investigate the effects
of the behaviors of MESP and MECs. The total demands of
the MECs for electricity, heating, and cooling are plotted in
Fig. 4. The electricity price in the wholesale market and the
DAHP bounds are plotted in Fig. 5. The prices of NG, heat-
ing, and cooling are set at 0.0106 $/kWh, 0.0155 $/kWh,
and 0.0076 $/kWh, respectively.

The benchmark case with the parameter settings described
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in the previous paragraphs is solved firstly. Other cases are 6. The energy dispatch of TST is plotted in Fig. 7. The elec-
then set up by changing the parameters for EWH and EAC tric and heat power balance in CCHP system is shown in

capacities. Fig. 8, indicating electric power dispatch and heat power dis-
TABLE II patch. The consumption patterns of MEC for water heating
PARAMETERS OF MECS and air cooling are shown in Fig. 9.
7000
- =aNG o
Parameter Value § 6000} = Electricity
ewh =
CoP: 0.95 < So00)
COP;* 330 :ED 4000}
! 0.85 5 3000}
n;' 0.85 2 2000t
S
o I
[=%}
TABLE III 0 3 6 9 12 15 18 21 24
CAPACITIES OF EWH AND EAC Time (hour)
Fig. 6. Energy from wholesale markets.
Consumer Pffé’dx (kW) P (kW)
1 15 6 2000, = Charging
2 45 150 1500+ = Discharging
< SOC
3 450 45 £ 1000f
4 20 150 5 500
2 I
5 3 30 e o LAL LU H T
6 15 10 =500+ H
-1000 . . . . . . .
7 10 30 0 3 6 9 12 15 18 21 24
8 20 30 Time (hour)
? 5 3 Fig. 7. Dispatch of TST.
10 45 240
5000
11 35 15 - 2000-
12 1 3 & 40007 = 2000
) L = L
13 0 55 = 3000 S i
E 2000 HIH 2 1000F o i
'E 1000 5
5000 —+ Electricity 8 3 o E e
—e— Heating m—lOOO S 1000 L o
4000 = Cooling 0 4 8 12 16 20 24 70 4 8 12 16 20 24
Time (hour) Time (hour)
I = Market; = GT = AC; = HE; = Charging

Demand (kWh)
W
S S
S S
S 3

(=3

(=

S
T

= EC; — Demand = Discharging; — GT
Fig. 8.

Energy balance in CCHP system for MESP. (a) Electric power bal-
ance. (b) Heat power balance.

leooooetr®®0eesoossoreere,
0 3 6 9 12 15 18 21 24
Time (hour)

. = =
Fig. 4. Total demand. E i
9 ]
0.05r g g
: :
0.04 ) <
= 0.03F s S
£ e 0 4 8 12 16 20 24 © 0 4 8 12 16 20 24
8 0.02 Time (hour) Time (hour)
£ ool @ (b)
' = Purchased; = EWH; — Demand
0 é é § 1‘2 1‘5 1‘8 j 1 2‘4 Fig. 9. Consumption patterns of MEC. (a) Water heating (b) Air cooling.

Time (hour)
—— Lower; —— Upper; —— Market; —— Offerin . . .
PP £ From the results plotted in the figures, some interesting

facts are observed as follows.
1) According to Fig. 6, MESP purchases more NG and
The daily results of the benchmark case are shown in less electricity during the high-electricity-price time (10:00-
Figs. 6-9. DAHP is plotted in Fig. 5. NG and electricity pur- 18:00), because MESP can use the cheaper NG to generate
chasing strategies from wholesale markets are shown in Fig. costlier electricity to supply any extral electricity demand.

Fig. 5. Electricity price.
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2) According to Fig. 8, the GT operates at a high level
during 10:00-20:00. There are two reasons to explain this in-
ference. Firstly, it is necessary to generate more heat to sup-
ply the demand of high-level cooling. Secondly, MESP can
buy less high-price electricity from the wholesale market,
while the GT generates more electricity.

3) According to Fig. 9, MECs are inclined to purchase
and use electricity to meet the demands for water heating
and air cooling using EWH and EAC during the low-electric-
ity-price period (00:00-5:00).

The effect of the DR capacity of MEC is further analyzed.
The DR program is achieved by using electricity to generate
heating and cooling energy using energy conversion devices,
i.e., EWH and EAC. This means that the capacity of the en-
ergy conversion devices can be regarded to be the DR capac-
ity. In other words, MECs with larger capacities of EWH
and EAC have a larger DR capacity. For example, an MEC
can scarcely adjust its consumption pattern if it has no such
energy conversion devices, i.e., its capacity is zero. To inves-
tigate the impact of the capacities of EWH and EAC, we
change the corresponding parameters in Table IV according
to the percentages of those in the benchmark case, while oth-
er parameters remain unchanged. For example, the case with
100% capacity would refer to the benchmark case, and the
case with 0% capacity would correspond to the case without
EWH and EAC.

TABLE IV
ANNUAL ACCOUNTS OF MESP AND MEC

Party Account Value ($)
NG cost 706346
Electricity cost 357000
MESP Total cost 1063346
Revenue 1853379
Profit 790033
Electricity cost 1143468
Heating cost 269163
MEC .
Cooling cost 440749
Total cost 1853381

Figure 10 shows the results with different EWH and EAC
capacities. In Fig. 10, the benchmark case is set as the base-
line with the value “1”, while the values for other cases are
the ratios relative to the benchmark case. From Fig. 10, it is
obvious that the EWH and EAC capacities have an influence
on both MESP and MEC.

For MEC, the increase in the EWH and EAC capacities
result in a slight increase in the electricity purchasing cost,
but with relatively large decrease in heating and cooling pur-
chasing costs, and the overall decrease in the total cost. It is
obvious that MECs are willing to purchase cheaper electrici-
ty for heating and cooling demands during the low-electrici-
ty-price period if they have larger EWHs and EACs.

As for MESP, the total cost varies slightly, because the in-
crement of NG cost offsets the decrement of the electricity
cost as the capacities of EWH and EAC increase. However,
the MESP’s revenue (i.e., the total cost for MECs) decreas-
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es by a large amount, and its profit goes down.

Electricity cost of MEC

Profit cost

Heating cost
of MESP

of MEC

Total cost Cooling cost
of MESP of MEC
NG cost Total cost
of MESP of MEC

Electricity cost of MESP
25%; —o—50%; —e— 75%; —e—100%

0%;

Fig. 10. Impact of capacities of EWH and EAC.

Based on the results, it is not difficult to draw the conclu-
sion that the proposed DR program can help reduce the ener-
gy consumption cost of MEC considerably, which means
that the proposed trading model will be attractive to MECs.

The annual operation is simulated to evaluate the perfor-
mance of the trading model in the yearly horizon. The elec-
tricity and NG prices in wholesale markets are derived from
the data of locational marginal price of the Pennsylvania-
New-Jersey-Maryland (PJM) Interconnection [33] in 2017
and Henry Hub Natural Gas Spot Prices [34] in 2017, re-
spectively, as plotted in Fig. 11. The time series of the simu-
lation results are plotted in Fig. 12. The annual accounts of
MESP and MEC are then summarized in Table IV.
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Fig. 11. Electricity and NG prices in wholesale markets. (a) Electricity

price in wholesale market. (b) NG price in wholesale market.

The risks for MESP and MEC that result from electricity
price volatility in the wholesale market are further analyzed.
In this regard, we analyze three items, including daily elec-
tricity purchase cost (DEPC) of MEC, DEPC of MESP, and
daily profit (DP) of MESP. Table V summarizes the three
items and the daily average electricity price (DAEP) in the
wholesale market. Figure 13 shows the histograms display-
ing the distributions. In addition, the scatter plots in Fig. 14
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show the relationship of DAEP in the wholesale market to
these three items. Furthermore, Fig. 15 plots the ratios of
MESP’s daily purchased electricity (DPE) to daily purchased
NG (DPNGQG) with the ratios of DAEP to NG price (NGP).
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Fig. 12. Time series of annual simulation results.

TABLE V
STATISTICS FOR DEPC OF MEC, DEPC oF MESP AND DP OF MESP

Item DEPC of MEC DEPC of MESP  DP of MESP DAEP
Min 1277.00 564.00 1067.00 0.020
Max 9678.00 5300.00 5631.00 0.095
Mean 3133.00 1935.00 2164.00 0.030
Std 1088.00 636.00 585.00 0.008
Std/mean 0.35 0.33 0.27 0.270
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Fig. 13. Histograms of MEC’s DEPC, MESP’s DEPC and MESP’s DP.

The following results can be determined from the given ta-
bles and figures.

1) In Fig. 14, there appears to be a positive correlation be-
tween DEPC and DAEP of MEC, indicating that the volatili-
ty of electricity prices in the wholesale market will influence
the MEC’s cost. In other words, MEC faces a cost volatility
risk resulting from the electricity price volatility in the
wholesale market with the dynamic pricing scheme, i.e.,
DAHP.
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Fig. 14. Scatter plots of DEPC of MEC, DEPC of MESP, and DP of
MESP relative to DAEP in wholesale market and corresponding correlation
coefficients (CC).
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Fig. 15. Scatter plots of the ratios of DPE to DPNG corresponding to the
ratios of DAEP to NGP.

2) In Table V, the coefficient of variations, i.e., the stan-
dard deviation (Std) divided by the mean value, of the three
items are approximately close to that of DAEP. This result
suggests that the volatility risks facing MESP and MECs are
roughly equal to the degree of the volatility of DAEP in the
wholesale market.

3) In Fig. 15, there appears to be a negative correlation be-
tween the ratio of DPE to DPNG and the ratio of DAEP to
NGP, indicating that MESP will purchase more NG and less
electricity from the wholesale market on days when the elec-
tricity price is more expensive but NG is relatively cheaper.
Thus, the energy conversion from NG to electricity can help
the MESP reduce its total purchase cost and further hedge
against the volatility risk of electricity price.

V. CONCLUSION

In this paper, a multi-energy trading model is presented
for the electricity, heating, and cooling trading between
MESP and MEC. In this model, a multi-energy DR program
for MEC is proposed, in which MEC can use electricity to
meet some of the heating and cooling demands using energy
conversion devices. The interaction between MESP and
MEC is then modeled using bi-level programming. The bi-
level model is further reformulated into a single level using
KKT conditions. Case studies are conducted with two simu-
lations in daily and yearly time horizons. The simulation re-
sults show that both MESP and MEC are exposed to the
risks of electricity price volatility in the wholesale market
with DAHP. However, MESP can hedge against the electrici-
ty price volatility risk by purchasing NG to generate electric-
ity. On the other hand, the DR program can reduce the total
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energy cost of MEC with DAHP.

In practice, MESP and MEC make decisions under an un-
certain environment. The uncertain factors include the prices
of NG and electricity in wholesale markets and the electrici-
ty, cooling, and heating demands of MEC. Future work
would focus on the decision-making while considering these
uncertainties.
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