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Abstract—Multi-energy virtual power plant (MEVPP) can aggregate flexible resources such as energy
storage and flexible loads that decentralized in the region to meet the access conditions in the peak-regulation
ancillary service market. However, the uncertainties in energy sources and loads bring adverse impact on the
operation of MEVPP. Therefore, this paper proposes a day-ahead robust bidding strategy for MEVPP to
participate in the peak-regulation market. Firstly, this paper analyzes the impact of uncertainties for MEVPP
on the peak-regulation market. On this basis, the operation mechanism for MEVPP in the peak-regulation
market is proposed by considering the integrated demand response (IDR). Additionally, the day-ahead two-
stage robust bidding model is established to minimize the operation cost of MEVPP. Finally, the case studies
show that the day-ahead robust bidding strategy can effectively reduce the peak-regulation deviation penalty
compared with traditional deterministic optimization. Specifically, with the proposed robust bidding strategy,
the total revenue in the actual operation stage is increased by 5.16% and 8.45% on sunny day and raised by
8.28% and 15.35% on cloudy day when the predicted deviations are respectively 20% and 30%, comparing
with traditional deterministic optimization.

Index Terms-- Uncertainty, multi-energy virtual power plant, robust bidding strategy, peak-regulation

market

NOMENCLATURE

Abbreviations DERs Distributed energy resources
VPP Virtual power plant ESSs Energy storage systems
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1. Introduction

Generally, the capacity of decentralized distributed energy resources (DERs) is too small to meet the access
conditions of energy market. Virtual power plant (VPP) is an effective way to integrate flexible resources such as
various DERs, energy storage systems (ESSs), and flexible loads together by using information and communication
technology to participate in the energy market [1][2][3]. With the development of integrated energy system (IES),
multi-energy virtual power plant (MEVPP) is emerged as a new concept [4][5][6]. Compared with traditional VPP,
MEVPP integrates multiple types of energy, such as electricity, thermal energy, cooling energy, natural gas, etc.,
which makes it suitable to participate in the energy market [S]. Moreover, to coordinate multiple energy sources and
improve energy efficiency, it is an irresistible trend that traditional demand response transforms to integrated demand
response (IDR).

In recent years, there are some documents dedicated to optimal dispatching of VPP. Reference [7] classifies different
users and formulates different incentive prices by data mining, aiming to maximize the interests of users and minimize
the operation cost of VPP. A multi-objective optimization model of power-to-gas based VPP is proposed in [8],
maximizing profit and minimizing risk. However, the study considers the interaction between electrical energy and
gas but does not consider cooling energy and thermal energy. In order to aggregate massive decentralized DERs and
protect the privacy of the asset owners, literature [9] proposes a decentralized economic dispatch method and a
decentralized VPP architecture, but the architecture only investigates pure electrical VPP. Some scholars turn their
attention to MEVPP with multiple types of energies. Considering day-ahead profit maximization and emissions
minimization, a multi-objective scheduling method of DERs in the MEVPP is proposed in literature [10]. Study [11]
proposes a day-ahead optimal scheduling method for MEVPP, considering the multi-flexible performance of electric
vehicle and the uncertainties of renewable energy resources at the generation side. However, works [10]-[11] only
focus on optimal operations of MEVPP under the energy market, but do not take into account the bidding strategies

of MEVPP in the peak-regulation ancillary service market. Thus, to further improve the economy of MEVPP, this



paper establishes a day-ahead bidding strategy for MEVPP to participate in peak-regulation market.

In China, with the increasing power demand of users, the power system peak load appears in winter and summer,
and the peak-valley difference is constantly expanding. Thus, the pressure of peak-regulation of the grid increases
continuously. MEVPP is a novel and flexible mode of peak-regulation, which can aggregate massive decentralized
flexible resources. At present, the Chinese government has release relevant policies to encourage third party with
energy storage devices and demand-side resources to participate in the provision of auxiliary power services [12]. In
the future, the Chinese government will carry out demonstration projects on VPP, including industrial adjustable load,
building air conditioning load, big data center load, energy storage, vehicle-to-grid (V2G) and other resources [13].
China aims to achieve a demand-side response capacity of 3%-5% of maximum load by 2025. Therefore, it is
significant to design the bidding strategy for MEVPP in the peak-regulation market.

There are some researches about MEVPP participating in the peak-regulation market. For instance, based on
reinforcement learning algorithm, a scheduling method for MEVPP participating in the peak-regulation market is
proposed, and the response characteristics of DERs are analyzed [14]. Reference [15] combines traditional thermal
power units with new VPPs and proposes a distributed double-layer clearing model under the peak-regulation market
to improve the robustness against cyber-attacks. At the same time, the upper-level clearing model is proposed to ensure
the fairness of power distribution among DER. Literature [16] designs the market mechanism for VPPs to participate
in the deep peak regulation and establishes the day-ahead clearing model and the real-time clearing model for the
thermal power units and VPPs. Finally, the case study is conducted to verify the effectiveness of the proposed
mechanism. It also can effectively cope with the changes of real-time deep peak regulation demands. The above
literatures discuss the market clearing model of MEVPP and the response characteristics of various equipment.
However, they still have some limitations. Firstly, they do not consider the impact of the uncertainties within MEVPP
on its participation in the peak-regulation market. In addition, the operation mechanism for a single MEVPP to
participating in the peak-regulation market is not established.

To combat climate change, the Chinese government aims to peak carbon dioxide emissions by 2030 and become
carbon neutral by 2060. To achieve this goal, the installed capacity of renewable energy resources in China is
increasing. But renewable energy is volatile. It is a critical task for MEVPP to handle the uncertainties of renewable
energy when participating in peak-regulation market. In addition, compared with pure electrical VPPs, MEVPP

consists of different types of energy. Thus, MEVPP must deal with multiple uncertainties from sources such as PV,
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electrical load, the volume of cold water, and the outdoor temperature. To solve this problem, stochastic optimization
methods are widely used. To describe the uncertainty of VPP, literature [17] introduces the conditional value at risk
(CVaR) and confidence method. For the joint market of energy and spinning reserve service, a two-stage stochastic
programming method is used to establish a risk aversion model of VPP in [18]. The research in [19] establishes a
double-layer scenario-based stochastic optimization model by using CVaR. Based on scenarios, the uncertainty of
output of wind turbines and photovoltaic (PV) units is described, and a risk-constrained stochastic model of VPP is
presented in [20]. The stochastic optimization method is relatively simple in calculation, which describes the
uncertainty by scenario-based approaches. But it requires a lot of historical data to construct typical scenarios.
Moreover, the computational burden will grow greatly with the increase of the number of scenarios, which makes it
difficult to apply in practical engineering [21][22].

Compared with stochastic optimization, robust optimization does not require the specific probability distribution of
uncertainty parameters, but only need obtain their bounded range, which is more suitable for MEVPP to formulate
day-ahead bidding strategy in the peak-regulation market [23]. To solve the problem of uncertainties in renewable
resource and imbalance penalty prices, a VPP robust bidding approach is proposed to maximize its profits in [22]. The
research in [24] establishes a VPP robust optimization model to maximize benefits, in which the uncertainties of
renewable energy sources and the demand response are incorporated. Authors of [25] use confidence bounds to present
uncertainties in wind power and market prices and then put forward a two-stage optimization method based on robust
optimization.

A day-ahead robust bidding strategy for MEVPP in the peak-regulation market is proposed in this paper, considering
IDR and the uncertainties in source and load. The main highlights of this paper are as follows:

(1) The operation mechanism for MEVPP participating in the peak regulating market is established, which integrates
various decentralized flexible resources in the region. (2) In view of the challenges brought by multiple uncertainties
of renewable energy and various loads within MEVPP, a day-ahead robust bidding model is established to minimize
the cost of MEVPP and improve the robustness of the system. (3) Apart from electricity, multiple forms of energy
such as cooling energy, thermal energy, and natural gas are also involved in the peak-regulation market.

The rest of this article is organized as follows. Section 2 describes the operation mechanism for MEVPP. In Section
3, the mathematical model of MEVPP is presented. Section 4 gives the day-ahead robust bidding model. Validation

and analysis are provided in Section 5. Finally, Section 6 concludes the article.



2. Operation mechanism for MEVPP

In the peak-regulation market, MEVPP coordinates IDR and ESSs to reduce electricity purchased from grid during
peak periods and increase electricity input during valley periods. Thus, MEVPP obtains peak-regulation compensation
through peak shaving and valley filling. Note that electricity is not considered to be sold to the grid in this paper.

The operation mechanism for MEVPP to participate in the peak-regulation market is shown in Fig. 1. To meet the
access conditions of peak-regulation market, MEVPP integrates decentralized flexible resources in different energy
forms, such as various DERs, ESSs, energy supply equipment, flexible electrical loads, flexible thermal loads, flexible
cooling loads. In MEVPP, multi-energy virtual power plant operator (MEVPPO), as a manager, not only trades and
bids with the external market, but also coordinates various internal resources to maintain the stability of the system.

The process for MEVPP to participate in the peak-regulation market is as follows:

Dispatch
Center

Step 1 Step 2 Step 3 Step 4
Peak-regulation Report Day-ahead Peak-regulation
information baseline power bidding settlement
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Fig. 1. Operation mechanism for MEVPP.
Step 1: Announce peak-regulation information. Before the operation day, the dispatch center announces peak-
regulation information, such as prices, periods and access conditions.
Step 2: Report baseline power. Each aggregation unit in MEVPP reports information to MEVPPO according to day-
ahead prediction results, including equipment capacity, load demands, periods, etc. Then, MEVPPO reports the

baseline power of electricity purchased from the grid to the dispatch center. The baseline power is the net load of the
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system based on the day-ahead prediction results. Notably, the uncertainties in source and load, and the effect of IDR
and ESSs are not considered in this step.

Step 3: Day-ahead bidding. MEVPPO formulates a day-ahead bidding strategy based on the information sent by the
internal participants and announced by the external peak-regulation market. Then, MEVPPO reports the peak-
regulation bidding capacity and periods to the dispatch center.

Step 4: Peak-regulation settlement. After the operation day, the peak-regulation fee and penalty are settled. When
the actual peak-regulation capacity is greater than the bidding capacity, the settlement is according to the bidding
capacity. However, when it is less than 80% of the bidding capacity, MEVPP will be penalized. The penalty is
calculated based on the unfinished part. In other cases, settlements are based on the actual peak-regulation capacity.

According to Fig. 1, the settlement is calculated based on the actual operation results. However, the actual power of
renewable source and load is stochastic, which may cause the actual peak-regulation capacity to be lower than the day-
ahead bidding capacity, i.e., MEVPP may be penalized. Hence, when MEVPP formulates the day-ahead bidding

strategy to participate in the peak-regulation market, it is significant to consider the uncertainties in source and load.

3. Mathematical model of MEVPP

The system structure of MEVPP is shown in Fig.2, which is based on a multi-energy station in China. The system

includes ESSs, flexible loads, combined cooling, heat and power cogeneration unit (CCHP), etc., which can be

integrated as a MEVPP.
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Fig. 2. System structure of MEVPP.



3.1 Demand side
IDR includes the demand response of electricity, cooling and thermal energy. The flexible electrical load is mainly

transferable load.

Fgload = Petdu - ti (l)
Nt
Y P=0 )
t=1
—R™ < Bt <B™ 3)

where Ploaa is the electrical load after optimization; P, is the initial electrical load; Py is the transferred electrical
load.

The flexible thermal load is mainly hot water load. Users have a desired range for the water temperature [26].
Vo (T = Tow) < Hitoaa / (€wpu) < Vewa (™ —Tiw) @)
where ¢, and p,, are the specific heat capacity and density of water, respectively; Vi, is the volume of cold water;
T, is the initial water temperature; Timin and 7™ are the minimum and maximum water temperature expected by

users, respectively; Hioa is the thermal load, which is the required thermal energy to set the water temperature.

The flexible cooling load is similar to thermal load. Users have an acceptable range for the indoor temperature [26].
(Touta = T™) / R < Cltont < (T =Ta") / R )
where 77 and 7,7 are the minimum and maximum indoor temperature expected by users, respectively; T is

the outdoor temperature; R is the thermal resistance of the house; Claq is the cooling load, which is the required

cooling energy to set the indoor temperature.
3.2 Supply side

CCHP consists of a gas turbine and a lithium bromide unit. The electrical energy generated by the gas turbine is:
Pt = nGr - Qor (6)
0<Fsr <Ry ™)
where R}t and #Gr are the rated capacity and the conversion efficiency of natural gas to electricity by the gas turbine;

QGr is the natural gas consumed by the gas turbine.



The lithium bromide unit model is obtained by (8)-(11).

Hig < 771133 ‘7718;T Ot (®)
Cis <7iB 'ﬂgT Ot )
0<Hip <xis-His (10)
0< Cly <(1-xis)-Clh (1)

where Hip and Cip are the thermal and cooling energy generated by the lithium bromide unit, respectively; nfg and
nip are the conversion efficiency of the waste heat of flue gas to thermal and cooling energy; ngT is the conversion

efficiency of natural gas to the waste heat of flue gas; Hi} and Ci}; are the rated thermal and cooling output; x{g is

the binary variable.

The thermal energy generated by heat pump is expressed as:
Hiwp = CORyp - Ofp (12)
0< Hip < Hbp (13)
where CORyp and HJ)p are the coefficient of performance and the rated output of the heat pump, respectively.
The cooling energy generated by the centrifugal chiller is shown in (14).
Ceen = COPen - Ren (14)
0 < Clen < Citn (15)
where COP., and Cg, are the coefficient of performance and the rated output of the centrifugal chiller; P, is the

electricity consumed by the centrifugal chiller.

The model of the energy storage is as follows:

Si=(U-a)-S" +nf-Be—Baln (16)
SoC™™ . SN < St < SoCl™™ . SN (17)
0<H.B.<B™ (18)

where / € {e, h, ¢} is the type of energy storage devices, representing electrical, thermal, and ice storage, respectively;

S} is the energy storage level; a; is the energy loss; Bc, F'a, 7/, and 171d stand for charging and discharging power
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and efficiencies; SoC™ and SoC/™ are minimum and maximum state of charge, respectively; S/ is the rated
energy storage capacity; B™ is maximum charging and discharging power.

The demand-supply balance constraints of electricity, thermal energy and cooling energy are formulated in (19)-

@1).
Pioad + Pen + Pic = By + Pt + Paia + Poa (19)
Hhioad + Bre = His + Hip + B4 (20)
HroomCeload + Poc = Ceen +Cip + Rlg 21

where B, is the power output of PV; Pyig is the electrical power purchased from the power grid; 7,0om is the number
of rooms.

3.3 Peak-regulation constraints

t pt t t
xpf%,min < Eg < XPBJmaX ,t e ]—i)

(22)
I)p[ < (Pbtase _f)gtrid),t € 7})

Xy Pimin S P Sx\P™t e T,
(23)

Pvt S( gtrid _]%tase),t € Tv

where R is baseline power purchased from the grid; Pmin is lower bound of the bidding power; x, and x| are

binary variables; P, and P are the bidding power of peak shaving and valley filling; 7, and T, are the peak and

valley periods; B, and B™* are the upper bounds of the bidding power.

3.4 Objective function

The objective function of MEVPP is calculated by:

Nt
Cmvpp = Z(C‘tt)uy + C]tZ)R + Crtn - ;‘ell - C%) 24)
t=1
Pf’l' ;—{P
Ctt)uy = Céas (l’/% + %) / Cgas + Cftgringtrid (25)
GT
Co= Y aP.+P) (26)

le{e, h, c}
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where Céuy is the energy cost; Chr is the compensation cost for users to regulate loads; Cr, is the operation cost of
energy storage; Ce is the income from selling energy; Ci is the peak-regulation income; Ggs and Cgs are the

calorific value and price of natural gas; cgida is the price of electricity from the grid; ¢; is the operation cost coefficient

of the energy storage.
The cooling and thermal supplies can meet the needs of users for adjusting indoor temperature and hot water

temperature. Therefore, the compensation cost of cooling and thermal loads is not considered.

t

Pti zcttr trs (27)

C]SR = Cttr
—Prs < Pr < P (28)
where ¢, is the compensation price to regulate electrical loads; Prs is the auxiliary variable.

Energy income from selling energy includes three parts, as in (29). It is worth noting that the energy cost of users

should not increase.

Cs[ell = Céc Céds + céh Hlt1ds + Céefgd (29)

(30)

t t .ot t

Ccds < Ccdbase; Ccds < nroomccload

t t . t t
Hhas < Hhiavase; Hids < Hhioad

The income of participating in the peak-regulation market includes the income for peak shaving and valley filling.

Ct=Y B+ P 31

tel, tely

where ¢, and ¢! are the prices for peak shaving and valley filling in the peak-regulation market, respectively.

4. Day-ahead robust bidding model

The uncertainty set of PV generation, and the uncertainty sets of electrical, thermal, and cooling loads are given as:

t t t t
u= {ued sUcw s Uout s Upy }

U=<ul =u)" + b Au™" —b" Au™" (32)

T
b +b7 <1 Y (b 4B ST,

t=1
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where uncertainty variables uly, uly , uby and u{,v are the actual values of the initial electrical load, the volume of

t

cold water, the outdoor temperature and the power output of PV. u,o * and Au/™" are the predicted nominal value and

predicted maximum deviation, respectively. 5" and b are the binary variables. Uncertainty budget parameter T

is used to regulate the conservative degree of the robust bidding model.

The uncertainty variables are introduced to the day-ahead bidding model of MEVPP.

Pau —uea =0 (33)
Vi —ttby =0 (34)
e — bt =0 (35)
B —ttpy =0 (36)

Therefore, the two-stage robust optimization model established in this paper is as follows [27]:

min max  min Cuypyp
xeN ueU ye®

s.t. (32) (37)
s.t. (1)-(23),(28),(30),(33)-(36)

¢ toty.
NZ{XLB,Xp,XV},
11 t t t t 12 15 12
q)={PGTaHLBacLB’HHP3CCC[19PCCH9 eload » £tr »
t t t 12 12 t t t
thoadaccloadyl)gridaPp 7])\/, trs 5 cds;thsa

t 12 ¢ 13 t t t
Sl 9PI,CaP1,daPeduaVcwua outua})pvu}

(39%)

To solve this problem, the inner min-problem is transformed into the dual problem by the duality theory. Then, it is

merged with the middle max-problem. However, after substituting (32), the forms (' and b;'xi ) of multiplying
a binary variable by a continuous variable appear, which are not convex. They are replaced by the new variables z;
and z;* with the following additional linear constraints [28]:

-b""M <z <bhP'M; —b"M <z <b'M
i —(1-b""YM< M <7l +(1-b"")M (39)
i —(1-b" WM<z <mi +(1-b"")M

where 7/ are the dual variables of (33)-(36), respectively; M is a given big value.
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After that, a slave problem is obtained, which is a mixed integer linear problem. Finally, the column-and-constraint

generation (C&CQG) algorithm is used to solve this robust problem [27]. The detailed solving process is given in

Appendix A.

5. Validation and analysis

5.1 Parameters and data

Table 1
Parameters of flexible loads.

Parameter Value Parameter Value Parameter Value
Tioase 70°C [Zimin pymax] [65°C,75°C] pmax 800kW
0, 15°C [T Timex ) [22°C,26°C] che 0.IRMB/kWh

R 18°C/kW e 24°C Hroom 3000

The uncertainty budget parameter and maximum deviation for PV are 6 and 15%, and that for electrical, cooling
and thermal energy data are 12 and 10%, respectively. The natural gas price is 2.92RMB/m?. The lower bound of

bidding capacity is 0.5SMW. Other parameters are given in Table 1 to Table 3. The prediction curves of PV and loads

are given in Fig. 3.

~ 70 T 50
= Temperature on sunny day o
B 60 - Temperature on cloudy day L45 &
£ 50{—— Volume on sunny day o7 ._., ?5’
=} ---e--- Volume on cloudy day R “oLkao ®
S 40 o ‘e 5
o 0. Ty o
5 301 /"' N2 \ / Tt 8
Q ., -
£ 20 :
3 :;‘." -30 B
> 101 e 8
0 T T T T 25
4000 - - - 5000
g —o— PV on sunny day —=— Electrical load on sunny day §
% 30004 """ PV on cloudy day m --e-- Electrical load on cloudy day | 450 <
= <
> &
o _ =]
o 2000 ~ '_""‘3\. 0. . 4000 —
h B '\/ \/ \ _./\ 3
£ 1000 -t F3500 £
o B . o/ \.__. 8
A~ /' et — m
0 =¥ T T BEma 3000
0 5 10 15 20 25
Time (h)
Fig. 3. Prediction curves of PV and loads.
Table 2
Prices of energy and peak-regulation.
Parameter (RMB/kWh)
Period ‘ t ' t ' t
Cerid Cp Cy Csc Csh Cse
1:00-8:00 0.3249 0 0.35
13:00-17:00;
22:00-24:00 0.6226 0 0 0.3 0.32 0.7
9:00-12:00; 09203 05 0

18:00-21:00
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Table 3
Parameters of equipment.

Parameter Value Parameter Value Parameter Value Parameter Value

e 7is 0.8;12 N 2326kW Ce 0.02RMB/kWh nes nd 0.95

ners Mot 0.35; 0.45 HY, 2164kW Ch; Ce 0.01RMB/kWh nss nd 0.98
COByp ; COP, 12;3 (o 3000kW o 2000kW n s 0.95
SoCMM ;. SoC™ 0.1;0.9 HY 2500kW SN 2000kWh SN SN 1680kWh

prax . pmax 504kW a 0.01 pax 600kW

5.2 Results and Validation

1) Day-ahead bidding

The robust bidding strategy is used by the MEVPPO to integrate various resources, and the bidding curve is shown
in Fig. 4. The valley periods are 1:00-8:00, and peak periods are 9:00-12:00 and 18:00-21:00. The bidding capacity

around 11:00 on sunny day is lower than 0.5MW, which does not meet the access condition of the market.

7000 . . . . 1.2 7000 . . . . 1.2
6000 “Price of grid —s—Baseline power -+ -+- - Bidding power 6000d -Price of grid ——Baseline power -+ -=- - Bidding power
_ 0.9 = _ 09 =
5000 ssnacce, : - - 5000 o-a-oea-a .
<4000 S = 4000 =
Q;) L0.6 E g 0.6 5
53000 - & 23000 1 &
£ 3 g
2000 Lo3 E 2000 1 0.3 &
1000 - 1000 -
0 . 0.0 0 . : : . 0.0
0 5 10 15 20 25 0 5 0_. 15 20 25
Time (h) Time (h)
(a) Sunny day (b) Cloudy day
Fig. 4. Day-ahead bidding curve.
2) Day-ahead optimization
3000 T T T T 3000 T T T T
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£ 2000 ‘ T . £ 20001 ;
ey . o & oy
2 A, - g 7,
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o o
o o
0 T T T T
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% 2400 A i % 3200 P oo T
o o ‘s oo i ot T \ X
= E 1600 \ :_'., ] = 52400 T 2y ,;' '
E # Vs E =16004 . X s 1
£ 800- ™ 1 E 8001 I 1
0 T T T T 0 T T T T
5 5000 T T T T 5 6000 T T T T
z ™ e . g ---Without IDR -= With IDR
B 24000 o e’ e & 5000 - T
5= - . . L
g 24 . « eyt R ‘\&_, . 0o g,
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Fig. 5. Load curves without and with IDR.
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The load curves without and with IDR are shown in Fig. 5. The shaded areas represent the adjustable range of
cooling and thermal loads. Obviously, there are parts of the electrical loads are transferred from peak periods to valley
periods, which can reduce electricity cost and increase peak-regulation income. In addition, the cooling demand
increases during valley period (1:00-8:00 on sunny and cloudy day) and decreases during peak periods (9:00-10:00 on
sunny and cloudy day), which indicates that the variation of cooling load is similar to that of electrical load. The reason
is that parts of the cooling energy are generated by the centrifugal chiller consuming electricity. Observe that the
thermal demand roughly increases. The thermal load is mainly supplied by the heat pump consuming natural gas, and

the price of natural gas is fixed. Thus, to get more income, MEVPP needs to sell more thermal energy.
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Fig. 6. Output of equipment in supply side.

The day-ahead operation results of equipment in energy supply side are shown in Fig. 6. During valley periods, the
electrical storage is charged, and more electricity is purchased from the grid. On the contrary, during peak periods,
electrical storage is discharged, and the gas turbine is used to generate electricity, thereby reducing power purchases
from the grid. Due to the waste heat generated by the gas turbine during peak hours (9:00-10:00 on sunny and cloudy

day; 21:00-22:00 on sunny day and 19-21h on cloudy day), the lithium bromide unit generates thermal energy to
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reduce cost. After the thermal demand is met, the remaining thermal energy is stored in the thermal storage (such as
10:00 on sunny and cloudy day) and released at the peak thermal load hours (18:00-20:00 on sunny day and around
18:00 on cloudy day). Cooling supply is similar to thermal supply. It is not discussed because of the limited space.
The optimization results of uncertainties are presented in Fig. 7. The electrical load reduces during valley periods
(1:00-3:00 and 5:00-8:00 on sunny day; around 1:00 and 5:00-7:00 on cloudy day) and increases during peak periods
(9:00 and 18:00-21:00 on sunny day; 9:00-12:00 and 18:00-21:00 on cloudy day). PV output reduce during peak
periods. The cooling load is corresponding to the outdoor temperature, which reduces during valley periods (1:00-3:00
and 6:00-8:00 on sunny day; around1:00, 3:00 and 7:00-8:00 on cloudy day) and increases during peak periods (9:00-
10:00 and around 21:00 on sunny day; 9:00-10:00 and 19:00-21:00 on cloudy day). The thermal load is corresponding
to the volume of cold water, which decreases during valley periods. In other words, load demand decreases during
valley periods and increases during peak periods, but PV output reduces during peak periods. It shows that the peak-
regulation capacity gets less. It corresponds to the basic philosophy of robust optimization, which aims to find the

worst case within the uncertainty set.
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Fig. 7. Uncertainty optimization results.

3) Demand-side resources
Day-ahead economic analysis of demand-side resource without considering uncertainties is given in Table 4. In
Case 1, without IDR and ESSs, MEVPP failed to participate in the peak-regulation market, and the total revenue is

the least. Compared with Case 2 and 3, although more load compensation and energy storage costs are spent, the



17

highest peak-regulation income is obtained in Case 4 with both IDR and ESSs. Moreover, by coordinating IDR and

ESSs, the energy cost can be reduced, and ultimately the day-ahead total revenue can be increased.

Table 4
Day-ahead economic analysis of demand-side resource (RMB/day).

Weather Case Description Natural Electricity Load Storage Energy Peak-regulation Day-ahead
IDR ESSs  Gas Cost Cost Compensation Cost Sales Income Income Total Revenue
1 X X 30567 30876 0 0 90566 0 29123
Sunny 2 4 X 30626 26873 1270 0 90302 5892 37425
3 X 4 31179 28360 0 202 90566 3208 34034
4 v v 29810 26117 1277 177 90466 7507 40592
1 X X 30560 37732 0 0 90762 0 22470
Cloud 2 v X 30895 33353 1280 0 90262 6162 30896
oudy 3 X 4 30941 35587 0 200 90762 2852 26885
4 v v 31514 30871 1280 208 90350 8568 35046
4) Trading results
Table 5
Robust optimization performance analysis.
Robust Optimization (RMB/day) Deterministic Optimization (RMB/day)
Predi Day-ahead bidding Actual operation Day-ahead bidding Actual operation
redicted
Deviation Total Peakj Other Peak'- Total Total Peak'- Other Peak'- Total
revenue re{gulatlon income regulatmn Penalty revenue  revenue rggulanon income rggulanon Penalty revenue
income income income income
0% 33288 5465 0 38753 33288 7507 0 40795
5% 33190 5465 0 38655 33190 7250 0 40440
Sunny  10% 35398 5465 32343 5465 0 37809 40592 7507 32343 5993 759 37577
20% 31030 4541 372 35199 31030 4265 1825 33471
30% 28447 4363 882 31928 28447 3881 2888 29441
0% 26684 5744 0 32428 26684 8568 0 35252
5% 26440 5744 0 32185 26440 7846 216 34070
Cloudy 10% 29567 5744 26362 5744 0 32106 35046 8568 26362 5982 1313 31031
20% 25894 5239 272 30861 25894 5123 2516 28502
30% 22230 3979 1318 24891 22230 4018 4670 21578

The actual transaction results are shown in Table 5. Assume that the goal of the actual operation stage is the same

as that of the day-ahead operation stage. However, the peak-regulation income and penalty should be calculated based

on the actual operation results. Within the predicted deviation range, a group of data is randomly selected as the actual

values of uncertainty variables. The peak-regulation penalty price is twice the peak-regulation compensation price.

Sunny day is similar to cloudy day. When the predicted deviation is very small (0% and 5%), the actual total revenue

of robust optimization is less than deterministic optimization. The reason is that robust optimization has the

conservative degree. Its day-ahead bidding capacity is smaller than deterministic optimization, and its peak-regulation

income reduces. But when deviation increases, its peak-regulation penalty is less than deterministic optimization so

that its actual total revenue is more than deterministic optimization. To conclude, because of the conservative degree

of the robust optimization, its day-ahead bidding capacity is smaller, and its day-ahead total revenue reduces. However,

in actual operation stage, there is the predicted deviation in PV and loads. Compared with deterministic optimization,

the robust optimization can get more revenue in the actual operation stage.
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The C&CG algorithm is applied to solve day-ahead robust bidding model, and the model convergence result is

shown in Fig. 8. It takes 5 iterations on sunny day and 4 iterations on cloudy day to meet the convergence requirements.

As the number of iterations increases, the lower bound rises at first and then remains unchanged, which is the

characteristics of C&CG algorithm.
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Fig. 8. Model convergence curve based on C&CG algorithm.

6) Conservative degree

The revenue of MEVPP with different uncertainty budget parameters I' are shown in Fig. 9. In the day-ahead

bidding stage, with the increase of I', the revenue decreases. In addition, in the actual operation stage, when the

predicted deviation is very small (0% and 5%), the revenue decreases. When the deviation increases to 10% and 20%,

the revenue increases at beginning, then decreases, and finally flattens out. When the deviation increases to 30%, the

revenue increases at first, and finally flattens out. Clearly, MEVPPO can choose benefit and risk by adjusting I.
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Fig. 9. Revenue with different uncertainty budget parameters.

6. Conclusion

This paper formulates the operation mechanism and a day-ahead robust bidding model for MEVPP in peak-
regulation market. Case studies reveal that the mechanism can integrate various resources of electricity, cooling energy,
thermal energy, and natural gas in energy demand and supply sides to participate in the peak-regulation market and
improve the economy of the system. Compared with Case 1 (without IDR and ESSs), the day-ahead total revenue
respectively increased by 39% on sunny day and 56% on cloudy day in Case 4 by utilizing IDR and ESSs at the same
time. In addition, compared with deterministic optimization method, the proposed robust optimization method
considering multiple uncertainties can resist the risk of PV output and load power fluctuations and reduce the peak-
regulation penalty in the actual operation stage.

To further improve the proposed methodology, the investigation on the refined modelling of the devices and loads

will be considered in in the future.
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Appendix A

Algorithm Al
©)

1: Set v=0 and initialize x"’.

2: Set UB, — +o0 and LB, — —0.
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3: while UB, —LB, >¢ do
4. Update v=v+1.
5: Solve the slave problem (A4) for given x®.

6: Get u"” and update UB, using (A5).
7: Solve the master problem (A6) for given u(k)(k =1,--,v).

8: Obtain x and update LB, using (A7).
9: end while

10: Output x*,y™ and u®.

The day-ahead two-stage robust bidding model is re-written in the following matrix form:

min max min c¢'y

X uelU y
st. Ey+Fx>d: A (A1)
Ky=0 Y
Iy=u m

where X 1is the binary variable in the first stage; u and y are the uncertainty variable and the continuous variable in

the second stage, respectively; ¢ is the coefficient column vector corresponding to the objective function; E, F, K,
I, and d are the coefficient matrix and constant column vector of the corresponding constraints, respectively; A, v
and 7 are the dual variables.

The uncertainty set is as following:

t 0.t t t —,t t
ui =u;" +b" Au™ — b Au™

’ A2
B +b <L Y (B +b ) <T ()

=1
The C&CG algorithm is used to solve the robust problem by transforming the initial two-stage robust problem into
a master problem and a slave problem. Firstly, the inner min-problem is transformed into the dual problem by the

duality theory. Then, it is merged with the middle max-problem.

max (d—Fx)'A+u'n

u,A, v,

st. EA+K'v+L,'m=c (A3)
A>0; v,1: free
uelU
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However, after substituting Equation (A2) to (A3), the forms of multiplying the binary variable by the continuous

variable appear, which are not convex. In this paper, they are linearized. And then the slave problem is formed.
max @-Fx"")"A+@") 7+ Au™) 2" —(Au™) 'z~
z5,27. b b AT
E'v+K'v+L'n=c¢
A>0; v, free
-b"M<z"'<b'M; -b M<z <b™M
St yr—(1-b")M<z" <a+(1-b")M
a-(1-b" )M<z <n+(1-b")M

(A4)

T
b*+b” <1; ) (b"+b")<T

t=1

where x"™" is the known value, which is optimized in the master problem; z* and z~ are the auxiliary variables; M

is a given big value.
Thus, u™ and the upper bound can be obtained:
UB, =(d-Fx"™")"A” + @) 2" + (Au™)" (") —(Au™ )" (z")"” (A5)

In addition, the master problem is obtained by decomposing (A1):

min
x,n,y(k',kzl,w,v ’/I
st. p2c'y?; Ey® +Fx>d, (A6)

Ky(k) =0; Iuy(k) _—

where u*(k =1,---,v) is the known value, which is optimized in the slave problem.
Thus, x* and the lower bound can be obtained:
LB, =" (A7)

Finally, the C&CG method is used to solve the master problem and slave problem, respectively. The process of

C&CQG algorithm is shown in Algorithm Al.
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