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Abstract: Combined cooling, heating and power (CCHP) micro-grids have the advantage of high
energy efficiency, and can be integrated with renewable energies and demand response programs
(DRPs). With the deepening of electricity market (EM) reforms, how to carry out operation optimization
under EM circumstances will become a key problem for CCHP micro-grid development. This paper
proposed a stochastic-CVaR (conditional value at risk) optimization model for CCHP micro-grid
operation with consideration of EM participation, wind power accommodation and multiple DRPs.
Specifically, based on the stochastic scenarios for EM clearing prices and wind power outputs
uncertainties, the stochastic optimization method was applied to ensure the realization of operational
cost minimization and wind power accommodation; the CVaR method was implemented to control
the potential risk of operational cost increase. Moreover, by introducing multiple DRPs, the electrical,
thermal and cooling loads can be transformed as flexible sources for CCHP micro-grid operation.
Simulations were performed to show the following outcomes: (1) by applying the proposed
stochastic-CVaR approach and considering multiple DRPs, CCHP micro-grid operation can reach
better performance in terms of cost minimization, risk control and wind power accommodation
etc.; (2) higher energy utilization efficiency can be achieved by coordinately optimizing EM power
biddings; etc.

Keywords: combined cooling, heating and power (CCHP) micro-grid; electricity market; Stochastic
optimization; conditional value-at-risk (CVaR); demand response program

1. Introduction

With the continuous development of the society and economy, energy and environmental issues
have become increasingly prominent. Under the premise of satisfying people’s demand for multiple
energy carriers, how to improve energy efficiency and achieve clean production have become a hot
issue of current concern [1,2]. Due to the integration of distributed renewable generations, energy
convertors, energy storages and multiple energy demands etc., the combined cooling, heating and
power (CCHP) micro-grid provides an effective solution for this issue from a regional perspective [3-5].

The main question in the optimization of CCHP micro-grid operation is that what is optimum
arrangement of energy components in each time period for providing multiple energy demands
with minimum cost [6]. For CCHP micro-grid, the uncertainties such as distributed wind and/or
photovoltaic (PV) power outputs etc., as well as the coupling of multi-energy flows are extremely
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challenging for its operation optimization [7]. Moreover, with the deepening of electricity market (EM)
reforms in various countries around the world, the EMs have increasingly become the main platform
for electrical energy trading [8]. Considering EM circumstances, the optimization of CCHP micro-grid
operation needs to be further expanded, which brings extra difficulties. Specifically, (1) in addition to
energy dispatch, offering/purchased power biddings in EM should also be coordinately optimized;
(2) in addition to uncertainties such as renewable power outputs etc., it is also needed to take into
account the stochastic interference brought by EM clearing prices. Hence, the optimization strategy for
CCHP micro-grid operation under EM circumstances is studied in this paper.

At present, a number of researches have focused on the operation optimization problem for
CCHP micro-grid/system. In [9,10], the performance of CCHP system operation following a hybrid
electric-thermal load (FHL) was compared with the performance of CCHP system operation following
the electric load (FEL) and the thermal load (FTL). It can be concluded in both [9] and [10] that the
FHL strategy can make a better trade-off between cost and emission minimization compared with
FEL and FTL strategies. References [11-13] and others have studied the optimal operation strategy of
CCHP micro-grids based on deterministic programming methods such as linear programming [11],
quadratic programming [12] and second-order cone programming [13], respectively. In these kinds of
researches, uncertainties such as renewable power outputs etc. are ignored, and the scheduling results
are difficult to ensure renewable energy accommodation. Soheyli et al. [14] introduced a multi-stage
optimization method with consideration of the uncertainty of wind power output to economically
dispatch a residential CCHP micro-grid. The simulation results show that the multi-stage optimization
method is more conducive to wind power accommodation. Zhang et al. [15] proposed an online
optimal operation model system for CCHP micro-grid based on model predictive control (MPC)
method. In this model system, the uncertainties of both the renewable energy and loads were taken into
account, and the reliable operation of CCHP micro-grid has been guaranteed through progressively
solving this model system. Taking the advantage of the rapid regulation characteristics of gas turbines,
Wang et al. [16] studied the wind power accommodation problem, and proposed a joint-dispatch
scheme of energy and reserve for CCHP micro-grid. Case studies in [16] have validated that wind
power accommodation can be significantly improved due to more reserve capabilities provided by
implementing this scheme. In References [17-22], stochastic optimization (SO) frameworks were
presented for the energy dispatches of various micro-grids. Shams et al. [17] proposed a two-stage SO
model for the operation planning of micro-grids with multiple energy carriers, where uncertainties
of renewable generations including the wind and PV are depicted by scenarios with respective
probabilities. Simulations in [17] proved that the proposed two-stage SO model ensures the reliability
and security of energy supply in multiple scenarios. Grover-Silva et al. [18] proposed a SO model for
economic dispatch of flexible resources within a micro-grid environment, considering uncertainties of
PV power outputs and electrical load. Additionally, the SO based dispatch models proposed in [19-22]
have also been verified to provide optimal dispatch strategies and effectively reduce operational
costs for CCHP micro-grids. In these SO models [17-22], uncertainties are described by stochastic
scenarios. The dispatching principle is that when any scenario actually occurs, the operation can
realize uncertainties accommodation through reasonable utilizations of controllable devices within
various micro-grids. In [23-26], the optimization models for various micro-grids operations were
constructed based on robust optimization (RO) method. Wang et al. [23] proposed a scheduling
approach for micro-grid based on RO method. The simulation results of [23] verified the validity and
effectiveness of the RO based approach for the micro-grid scheduling problem under uncertainties.
Ji et al. [24] formulated the uncertainties of wind power and electrical load forecasting errors with
the uncertainty set, and established a RO model for the optimal dispatch of micro-grid. Besides,
the RO method was also applied in [25,26] for micro-grid operation to hedge against uncertainties
from random renewable energy sources etc. In these RO models [23-26], uncertainties are estimated by
uncertainty set. The dispatching principle is that when the worst scenario actually occurs, the dispatch
of micro-grid can still maintain acceptable operational cost while accommodating uncertainties.
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Moreover, demand response programs (DRPs), as new sources of system flexibility, have also
been applied in the area of CCHP micro-grid operation. Saberi et al. [27] introduced the price-based
DRP (electrical load shifting) concept into the multi-objective model for CCHP micro-grid operation.
Simulated comparison revealed that the economic and environmental benefits of CCHP micro-grid
can be further improved through the consideration of electrical load shifting. Varasteh et al. [28]
introduced the incentive-based DRP (interruptible electrical load) into the bi-level optimization model
for CCHP active micro-grid expansion and operation planning. A simulation testin [28] verified that the
aggregated investment and operational costs can be significantly reduced by integrating interruptible
electrical load. In the multi-objective operation optimization model proposed by Mohammadkhani
et al. [29], the emission management of CCHP system was achieved via employing Time of Use
(TOU) electricity tariff, reducible electrical load and Plug-in Hybrid Electric Vehicles. In addition to
electrical load shifting, Vahid-Pakdel et al. [30] also implemented the thermal load shifting as thermal
demand response program (TDRP) while constructing the SO model for energy hub (EH) operation. By
introducing DRPs for multiple energy carriers, both the electrical and thermal loads can be transformed
as flexible sources for reducing the operational cost of EH.

Recently, some studies also referred to the participations of distributed multi-energy systems
(DMES) in EMs. Najafi et al. [31] considered both the energy dispatch and EM participation problems
for an EH, and proposed an operation optimization model based on the conditional value at risk (CVaR)
and SO methods, in which the uncertainties of day-ahead clearing prices and wind power outputs are
formulated with multiple stochastic scenarios. Davatgaran et al. [32] introduced an electricity storage
device into the structure of EH, and established an optimization model for multi-energy operation and
power bidding in day-ahead EM based on SO method. In the study of Zhou et al. [33], a RO model was
proposed for a multi-regional integrated energy system (MRIES) to coordinately optimize multi-energy
operation and multi-stage power bidding. Hu (2017) et al. [34] established a CVaR based dispatch
model for MRIES, in which the uncertainties of renewable power output were taken into account. Liu
et al. [35] proposed an optimal bidding strategy in the day-ahead market of a micro-grid, where the
uncertain renewable power output and day-ahead market price are modeled via scenarios based on
forecast results. In the research of Najafi-Ghalelou et al. [36], RO method is provided for the scheduling
of multi-energy hub system considering economic and environmental constraints in the presence of
EM price uncertainty and electrical demand response programs (EDRP).

For the purpose of succinct demonstration, the above literature review is summarized in Table 1,
in which some current research gaps are also presented.

Table 1. Summarization of literature review.

. EM Considered Optimization Risk
Ref. Research Object Participation Uncertainties Model Management DRP
) . . renewable power multi-stage

[14] CCHP micro-grid No output optimization method No No

[15]  CCHP micro-grid No re“e“(’)flb;fufower MPC method No EDRP

[16] CCHP micro-grid No renewable power joint-dispatch No No
output scheme

171 micro-grid No renewable power SO method No EDRP, TDRP
output

renewable power
[18] micro-grid No output; electrical SO method No EDRP
load
[19-22]  CCHP micro-grid No renewable power SO method No No

output
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Table 1. Cont.

EM Considered Optimization Risk

Ref. Research Object Participation Uncertainties Model Management DRP
renewable power
[23] micro-grid No output; electrical RO method No No
load
renewable power
[24,25] micro-grid No output; electrical RO method No No
load
renewable power
[26] micro-grid No output; electrical RO method Yes No
& P
load
[27]  CCHP micro-grid No renevgilt’;fower RO method No EDRP
[28]  CCHP micro-grid No rene“gi':;euﬁower SO method No EDRP
[29] CCHP system No renewable power Mult.l-({b]e§t1ve No EDRP
output; optimization
[30] EH Yes renewable power SO method No EDRP, TDRP
output; EM prices
[31] EH Yes renewable power SO method Yes No
output; EM prices
132] EH Yes renewable power SO method No No
output; EM prices
[33] MRIES Yes renewable power RO method No No
output; EM prices
renewable power . o
[34] MRIES Yes output; EM prices bi-level optimization Yes No
. . renewable power
[35] micro-grid Yes output; EM prices SO method No No
[36] multi-energy hub Yes renewable power RO method No EDRP
systems output; EM prices

1. At present, researches on the optimal operation of CCHP micro-grid (such as [14-16,19-22], etc.) mostly
ignore EM participation. Actually, with the deepening of EM reforms, the power trading between CCHP
micro-grid and upstream power grid can be achieved through EM participation. Similar to renewable power
output, stochastic fluctuations of EM clearing prices can also bring potential risk to CCHP micro-grid such as
operational cost increase.

2. Regarding to the demand response of CCHP micro-grid, most researches only consider EDRP (such as
[15,18,27-29]). However, almost no research jointly considers EDRP, TDRP and CDRP (cooling demand
response program).

3. The risk control against uncertainties has been neglected in most previous studies for CCHP

Gaps micro-grid operation.

4. Actually, the discussions of EM participation in [30-36] provide a good reference for the research perspective
of our study. However, the energy systems involved in [30-36] are different from CCHP micro-grid. For
example, the energy systems in [30-32] are single energy hubs which give no considerations of electrical and
thermal energy storages, electric-cooling conversion device, thermal-cooling conversion device etc.

The energy systems in [33-36] are multi-regional integrated energy systems (e.g. [33,34]), micro-grid without
thermal, cooling provisions (e.g. [35]) and multi-energy hub systems (e.g. [36]). Due to the distinctive system
structures, the optimization models in [33-36] can hardly be directly extended and applied to CCHP
micro-grid scenario. Therefore, the development of a reasonable optimization model for CCHP micro-grid
operation under EM circumstances is necessary.

According to the research gaps mentioned in Table 1, under the EM circumstances and integrated
with multiple DRPs, the development of a reasonable optimization model for CCHP micro-grid
operation is necessary and should at least achieve operational cost minimization, risk control against
uncertainties and renewable power accommodation etc. Therefore, taking the day-ahead stage as
illustration, this paper proposes a stochastic-CVaR optimization model for CCHP micro-grid operation
with consideration of EM participation, wind power accommodation and multiple DRPs etc. The main
contributions and novelties are as follows:

(1) Through considering EM participation, it is further expanded in this paper the theory of CCHP
operation optimization.

(2) By introducing multiple DRPs (EDRP, TDRP and CDRP), the electrical, thermal and cooling loads
can be transformed as flexible sources for better performance of CCHP micro-grid operation.
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(3) The CVaR theory for risk control is involved, which makes CCHP micro-grid reduce the potential
risk of operational cost increase under the conditions of stochastic fluctuations of EM clearing
prices etc.

(4) By applying the SO method, uncertainties such as EM clearing prices and wind power outputs
are depicted using stochastic scenarios. On the one hand, it is feasible to make the operation of
CCHP micro-grid achieve operational cost minimization and wind power accommodation etc.;
on the other hand, it is feasible to linearize the CVaR formulation, through which our proposed
model is converted into a mixed integer linear programming (MILP), thus guaranteeing relatively
low computational complexity and the existence of global optimum operation point.

The rest of this paper is organized as follows: Section 2 describes the structure and components
modeling of CCHP micro-grid in detail. Section 3 is dedicated to formulate the optimization model for
CCHP micro-grid operation. In Section 4 the simulation conditions and results have been explored.
Finally, the conclusions are given in Section 5.

2. CCHP Micro-Gird Description and Modeling

Similar to [7], the typical structure of a CCHP micro-grid is as shown in Figure 1, which includes
a micro turbine (MT), a wind turbine (WT), a gas boiler (GB), a heat recovery (HR) unit, a battery
(BT), a thermal tank (TT), a heat exchanger (HE), an electrical chiller (EC) and an absorption chiller
(AC), along with electrical, thermal and cooling loads. CCHP micro-gird’s electricity exchange with
upstream power grid is achieved by participating in EMs. Besides, this work also takes multiple DRPs
(e.g., EDRP, TDRP and CDRP) into consideration.

CCHP micro-grid

P R

Upstream powergrid, L e, o ———

(Electricity market) : EDRP :
[ Sl

H

n Sur > m Puir ND \ 4
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Figure 1. Schematic of a combined cooling, heating and power (CCHP) micro-grid.

Asmentioned in Section 1, considering the EM participation, CCHP micro-grid should coordinately
optimize the multi-energy operation of its own components and power biddings with EMs. Obviously,
due to the micro-grid characteristics, CCHP micro-grid can also meet its cooling, thermal and electrical
loads by only dispatching its own components, which refers to as operating in islanded mode. In order
to examine the effect of EM participation on CCHP micro-grid operation, comparative simulation
studies between coordinately optimizing EM power biddings and islanded mode will be implemented
in Section 4.3.
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2.1. Micro Turbine

The amount of natural gas consumed by MT during time period t can be expressed as [34]:

Pyt

= MU yp—q,.. T 1
e LHV gt (1)

where, fyr ;s indicates the amount of natural gas consumed by MT during time period f; Py ¢ represents
the power output of MT during time period ¢; coefficients LHV g and nyt are the heat value of natural
gas and the power efficiency of MT, respectively; T stands for the number of time periods for a
delivery day.

Hence, the fuel cost of MT during time period ¢ (Cyt,+) can be calculated as follows:

Cmrt = CnngT,t Vt=1,---,T 2)

where, Cpg is the price of natural gas.
Correspondingly, the thermal power generated by MT during time period t (Hyr;) can be
formulated as follows [33]:

1- _
Hwmry = MCOPhPMT,t Vt=1,---,T 3)
IMT

where, 171 means heat loss rate; COP}, is the coefficient of performance for MT.

2.2. Wind turbine

The relationship between WT’s (available) power output and wind speed can be approximated
by [32,37,38]:

0 Ut < Uci, Ot > Uco
PWT,t: klvt+k2 Vel <0t <0r Vt:l//T (4)
Py Ur LUt < Ugo

where, Py represents WT’s power output during time period t; v; represents the wind speed during
time period t; P; means the rated power of WT; ky and k; are fitting parameters of the wind power-wind
speed conversion curve; v, is the cut-in wind speed; v, is the rated wind speed and v, is the cut-out
wind speed.

2.3. Gas Boiler

The amount of natural gas consumed by GB during time period ¢ can be expressed as:

fGBt:ﬂCOPGB Vt=1,---,T 5)
T LHVng

where, fgp; indicates the amount of natural gas consumed by GB during time period ¢; Hgp ; represents
the thermal power output of GB during time period t; COPgp is the coefficient of performance for GB.
Hence, the fuel cost of GB during time period f (Cgp ) can be calculated as follows:

CGB,t = CnngB,t Vt=1,---,T (6)

2.4. Heat Recovery Unit

The relationship between the thermal power generated by MT and recovered by HR during time
period t (Hyg ) can be formulated as follows [7]:

Huyrt = nurHAmT YE=1,---,T )



Energies 2019, 12, 3983 7 of 33

where, npr is the recovery efficiency of HR.

2.5. Battery and Thermal Tank

For BT, the relationship between the residual energy and charging/discharging power during time
period t can be formulated as follows [36]:

t

t
Er=Eo+ ) PSnecAt-) (PP/nep)At Vt=1,---,T ®)
i=1 i=1

Er =Ep )

where, Eq stands for the initial residual energy of BT; E; indicates the residual energy of BT at the end
of time period t; At is the duration of one time period; PtC and PP represent charging and discharging
powers of BT during time period f; ngc and ngp are charging and discharging efficiencies of BT.

Similarly, the relationship between the residual energy and thermal power stored/released by TT
during time period t can be formulated as follows:

¥i=¥o+ Y HSnucAt- Y (HP/nmp)At V=1, ,T (10)

t t
i=1 i=1
Y = Yo (11)

where, ¥y stands for the initial residual energy of TT; ¥; indicates the residual energy of TT at the end
of time period t; HE and HP represent thermal powers stored and released by TT during time period ¢;
ntac and ntap are stored and released efficiencies of TT.

2.6. Electrical and Absorption Chillers

The EC device consumes electrical energy to generate cooling energy. The relationship between
electrical power input and cooling power output of EC can be formulated as follows [27]:

Qrct = PectCOPgc Vt=1,---,T (12)

where, Qgc s and Pgc,; stand for cooling power output and electrical power input of EC during time
period t, respectively; COPgc is the coefficient of performance for EC.

The AC device consumes thermal energy to generate cooling energy. The relationship between
thermal power input and cooling power output of AC can be formulated as follows:

Qact = Hac/COPpc Vt=1,---,T (13)

where, Qac and Hac s stand for cooling power output and thermal power input of AC during time
period t, respectively; COPac is the coefficient of performance for AC.

2.7. Electricity exchange with EMs

In the day-ahead stage, CCHP micro-grid should consider its participation (power bidding) in
the day-ahead and real-time EMs (the intra-day EM is neglected due to its relatively small trading
amount [32,35]). For time period t, the estimated cash flow EEM,t of the CCHP micro-grid caused by
exchanging electrical energy with day-ahead and real-time EMs can be formulated as:

Cemyt = ApatPpas + ARg PRy VE=1,---, T (14)

where, XDAJ and XRE,t are day-ahead and real-time clearing prices for time period ¢, respectively.
Due to the characteristics of clearing after bidding mechanism, both Apa; and Arg are stochastic
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variables with significant uncertainty in the day-ahead stage. Ppa ; and Pgrg; indicate the day-ahead
and real-time power bids for time period ¢, respectively. Ppa; > 0 and Prg > 0 mean the CCHP
micro-grid purchases electrical energy in day-ahead and real-time EMs for time period ; Ppa ¢ < 0 and
Prg; < 0 mean the CCHP micro-grid sells electrical energy in day-ahead and real-time EM for time
period t.

It should be noted that in the day-ahead stage, only Ppya ; should be offered to the independent
system operator (ISO). Although PR ; can be obtained along with the determination of Ppa 4, the value
of the former one can be further adjusted in the following real-time stages. Moreover, this paper
considers the CCHP micro-grid as a “price-taker” in EM like the EH studied in [27].

2.8. Multiple DRPs

This paper considers multiple DRPs including EDRP, TDRP and CDRP. DRPs can be implemented
by various mechanisms, among which the load shifting model has been chosen in this paper.
Accordingly, the execution cost formulations of EDRP, TDRP and CDRP are constructed as follows [30]:

Ceprpt = TR (Phown.s T PEPJ) Vi=1,---,T (15)
Crore = hr (Hiown + Haps) YE=1,--,T (16)
Ceoret = Top (Qgowns + Qupr) YE=1,--,T (17)

where, Ceprp +, Ctprp,+ and Ccprp are the execution cost of EDRP, TDRP and CDRP during period
t, respectively. nEDR, 7TTDR and ﬂgR are the unit compensation expenses to achieve electrical, thermal,

cooling loads shifting under specific contracts. Pgown’t and PEp,t are shifted down and shifted up

electrical power by EDRP during period ¢; Hg and H! ., are shifted down and shifted up electrical
own,t up,t

power by TDRP during period ¢; ngwn , and QSP ; are shifted down and shifted up cooling power by

CDRP during period ¢.

3. Methodology

3.1. Uncertainties

As mentioned above, day-ahead and real-time clearing prices, as well as wind power outputs
are main uncertain factors considered by us, which can be elaborately depicted by using stochastic
scenarios. Because the scenario generating method adopted in [33] can effectively utilize the historical
data, we intend to apply this method here. For the details of this method, please refer to [39].

3.2. Stochastic-CVaR Optimization Model for CCHP Micro-Grid Operation

The aim of this paper is to pursue the optimization of CCHP micro-grid operation under EM
circumstances, which contains operational cost minimization, potential risk reduction, wind power
accommodation, as well as secure and stable operation etc. By applying SO, CVaR methods and
considering multiple DRPs, our proposed model can be formulated as follows:

3.2.1. Objective Function

CCHP micro-grid’s potential risk of operational cost increase may occur due to uncertainties,
especially day-ahead and real-time clearing prices, not being fully considered in the day-ahead stage.
Hence, in addition to operational cost minimization, this paper also takes potential risk control item
into consideration by using SO and CVaR methods. The corresponding objective function can be
formulated as:

min cuE(COpE) + (1 - cu)CVaRﬁ(CopE) (18)
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where, (0 < w < 1) is CCHP micro-grid’s subjective preference which can be considered as a
exogenous coefficient here; E(Copg) and CVaRg(Copg) represent the expectation and CVaR value of the
operational cost Copg. It should be noted that the background of CVaR method are further explained in
Appendix A. Based on (Equations (1), (2), (5), (6), (14)~(17) and (A1)) and stochastic scenarios, E(Copg)
and CVaRg(Copg) can be formulated as:

E(Copg) = Leeo P(5¢) L1y (Cures + Ceme s + Caper + Ceprey + Crorey + Ceprey) VE € ©,

Vt=1,---,T (19)
CVaRg(Copg) = VaRg + ﬁ f max{Copg — VaRg, 0}p(&)ds; VE€® (20)
—B Js,

where, sz = (Ap A,é,t/XRE,E,t/ FWngzf)tzl,Z,...,T stands for the &th stochastic scenario of day-ahead,
real-time clearing prices and wind power outputs; p(s¢) is the probability of the occurrence of sg; VaRg
indicates the value at risk (VaR) under the given confidence level f. The economic implication of
CVaRg(Copg) here is the conditional expectation of all the operational costs higher than VaRg. Hence,
to minimize CVaRg(Copg) is equivalent to minimize the risk of obtaining excessive operational cost
(operational cost increase).

Because the scenario set s¢ is a discrete set, Equation (20) cannot be calculated and optimized
directly. Method of CVaR linearization reformulation in [26,38,40,41] is applied here, which is also
presented in detail in Appendix A. Therefore, the CCHP micro-grid’s objective function can be
rewritten as:

min a)E(CopE) —l—(l - w)CVaRﬁ(COPE)
T _
=w 52@ p(sg) X (Cmret + Cemer + Copet + CeDRP, + CTDRP,: 1)
S

=1
+Ccprpt + (1 - w)[7 + ﬁ Z@P(Sé)zé] veeo, ¥t=1,---,T
e

Subject to: B N B
CeM,ct = ADA,ctPDA ¢ + ARE ¢t PRE ¢ ¢ (22)
T P
zg 2 Z(CMT,g,t + Cem,et + Ccet + Cepre + Croret + Coprpy) =7 VE €O (23)
=1
z: 20 YEe€® (24)

where, 7 and z; are intermediate variables introduced in the linearization process of CVaR, which have
no physical and economic implications [31,40,41].

3.2.2. Operational Constraints

Significant wind power curtailments may occur due to the uncertainties, especially wind power
outputs, not being fully considered in the day-ahead stage. Hence, the secure and stable operation of
CCHP micro-grid (reflected as operational constraints for devices and multiple power balances) must
be realized under any stochastic scenario s, for the purpose of wind power accommodation.

(a) Operational constraints for micro turbine

Under any stochastic scenario s, the operation of MT must satisfy the following constraints [7,37]:

ul?/[T,tPMTrmin < Pumret < PMT,maXuI?/[T,t VéeO, Vt=1,--- ,Tzs 20 VE€O (25)
=M1 £ Pyrer =Pyt <tmr VEE€O, Vt=2,---,T (26)

sd o o su _ 5.
—Unr S Ure ~ Ut S Uy VE=2000 T (27)
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d _
O<uf, +usd <1 Ve=1,,T (28)
T N-1
u,MIN u,MIN
TN < Yy, VE<T-Ti™ 41 (29)
h=t
T N-1
TaNud < Y (-ugy,) VEST-TEN 41 (30)
h=t

where Equation (24) describes the relationship between electrical and thermal power production of
MT. Equation (25) shows the lower and upper generation constraints of MT. Equation (26) shows the
ramp-up and ramp-down limitations of MT. Equations (27) and (28) are logical expressions to ensure
the relationships of binary variables. The minimum uptime and downtime constraints are presented in
Equations (29) and (30).

(b) Operational constraints for battery and thermal tank

Under any stochastic scenarios s, the operation of BT and TT must satisfy the following constraints:

t t
Eer = Eo + PginECAt - Z (Pgi/nED)At Vée®, Vt=1,---,T (31)
i=1 i=1
Est=FEy Vie® (32)
0<Pf, SupciPhax VE€O, Vt=1,--,T (33)
0<P?, <uppiPrax YE€O, Vt=1,---,T (34)
0<upc;+ugpy<1 Vt=1,---,T (35)
Emin <Eet <Emax Y¥E€O,Vt=1,---,T (36)
t t
Yo, =Y+ Z HE ntrcAt - Z (HP /nmmp)At VE€®, Vt=1,-,T (37)
i=1 i=1
Yer=% Vie® (38)
0<Hf, SuthcHygax YE€O, VE=1,---,T (39)
0<HP, <utpptHpay VYE€O, VE=1,---,T (40)
0<urgcs +umnps <1 Vt=1,---,T (41)
Yonin < Ve < ¥max VEEO, VEi=1,---,T (42)

where the dynamic recursive relationship between residual electrical energy and charging/discharging
power is formulated in Equation (31). Equation (32) stands for the final energy stored in BT should
equal to the initial one. Equations (33) and (34) denote the maximum charge and discharge limitations
for BT. Equations (35) ensures that charging and discharging cannot be performed simultaneously
by BT. Equation (36) enforces boundaries for energy storage level in BT. Moreover, TT has similar
constraints which are formulated as Equations (37)—-(42).
(c) Operational constraints for gas boiler, heat recovery unit, electrical chiller and absorption chiller
Under any stochastic scenario s¢, the operation of GB, HR, EC and AC must satisfy the following
constraints [29]:
HGBmin < Hg¢t < HGBmax YE€O, VE=1,---, T (43)
(1= nvr —m)

Hur et = narRAMT t = UHRTCOPhPMT,g,t Vée®, Vt=1,---,T (44)
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Qecet = PpceiCOPgc ¥E€®, VE=1,---,T (45)
Qacet = HacetCOPpc VEEO, VE=1,---,T (46)
0<Ppces < Prcmax VEE€E®, VE=1,--,T 47)
0<Hacer < Hacmax VEE€O, V=1, ,T (48)

where Equation (43) shows the lower and upper generation constraints of GB. Equation (44) represents
the relationships between thermal power generated by MT and recovered by HR. Equations (45)/(46)
shows the linear relationship between power input and power output of EC/AC. The upper power
limitations of EC and AC are addressed in Equations (47) and (48), respectively.

(d) Operational constraints for demand respond programs

For implementing multiple DRPs, the following constraints should be added [30]:

T T
E _ E _
Z Pdown,t - Z Pup,t Vi=1,---,T (49)
t=1 t=1
E E E —
0< PRy SLPFE  PLdh o V=1, T (50)
0<PyL,, SLPFg,PLly,, Vt=1,--,T (51)
E E —
0< Iy + 0o <1 VE=1,--, T (52)
T T
T T
Z Hdown,t = Z Hup,t Vi=1,---,T (53)
t=1 =1
T T T —
0 < Hiownt < LPFaunHL  gun; YE=1--,T (54)
0<Hy,, SLPF Hy AL, Vi=1,--,T (55)
T T —
0< Il s F g <1 VE=1,---,T (56)
T T
Z Qgown,t = Z Qgp,t Vi=1,---,T (57)
=1 t=1
C C C —
0< Qdown,t < LPFdoanLrtIdown,t vt=1,---,T (58)
0<Q5,, <LPFGQuIS, Yt=1,--,T (59)
C C —
0 < uny +1Gpe <1 VE=1,--,T (60)

where Equations (49) models the balance between shifted up and down electrical loads. Equations
(50) and (51) present upper limitations of shifted down and shifted up electrical loads, respectively.
Equation (52) ensures that electrical load shifting down and up cannot be performed simultaneously.
Similar to EDRP, TDRP and CDRP have constraints which are formulated as Equations (53)-(56) and
Equations (57)—(60).

(e) Operational constraints for multiple power balances

Under any stochastic scenarios s¢, constraints for electrical, thermal and cooling power balances
must be satisfied [27,37]:

Pures + Pwres + PgD,t + Ppas + Pre g+ Ph =P+ Pgt + PE 4+ Ppcg; VEEO,

down,t up,t

61
Vt=1,---,T (61)
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T HT
downt _ Hi, 4
Hug,e + Hopes + Hey + ownt _ Lt +HS, + —22 { Hacey VE€O,Vi=1,---,T (62)
’ HE "HE © THE
Qecer +Qacet + Qioyny = Qui+ Qo YE€O VE=1,---,T (63)

where, nyg is the thermal power efficiency of heat exchanger (HE). Equation (61) enforces the electrical
power provided by MT and WT generations, BT discharging, day-ahead and real-time EM transactions,
electrical load shifted down should equal to electrical power needed by electrical load, BT charging,
electrical load shifted up and input of EC. Equation (62) enforces the thermal power provided by
HR recovery and GB generation, TT discharging, thermal load shifted down should equal to thermal
power needed by thermal load, TT charging, thermal load shifted up and input of AC. Equation(63)
enforces the cooling power provided by EC and AC outputs, cooling load shifted down should equal
to the cooling power needed by cooling load and cooling load shifted up.

In summary, Equations (21)-(63) together constitute our proposed stochastic-CVaR optimization
model for CCHP micro-grid operation with consideration of EM participation, wind power
accommodation and multiple DRPs. It is obvious that:

(1)  Our proposed model is actually a MILP problem which can guarantee relatively low computational
complexity and the existence of global optimum operation point.
(2) Power bidding decisions PBDs = (Ppat, Prect)y cc@, v; are obtained along with operational

i _ C pD C pD
decisions OPD¢ = (Pwmret Pg, Pe o Pecet, Huret Haper Hey He o Hacerr Qecetr Qacet

E E T T C C o sd su E E T
P“P,t’ down,t’ ~up,t/ Hdown,t’ Qup,f’ Qdown,t’ uMT,t’ uMT,t’ uMT,t’ UEC,t, UED,t, UTHC 1/ IdOWH,f’ IuP/t’ IdOWH,f’
T C C ; ;
Iup,t, down,t lup,t ) veeo, vt by solving our proposed model, which actually presents a

coordinated optimization framework of operation and power bidding for CCHP micro-grid under
EM circumstances.

4. Simulation and Discussions

4.1. Data Description

In this Section, simulations of our proposed model will be carried out on a CCHP micro-grid as
shown in Figure 1. The studied CCHP micro-grid is responsible for providing electrical, thermal and
cooling energies to a residential area. Relevant parameters are listed in Table 2 [7,42].

Similar to [33], the proposed model is simulated on two delivery days, which are a winter day
and a summer day. In the winter day, the electrical and thermal loads are needed by the residential
users. In the summer day, the electrical and cooling loads are needed by the residential users. A typical
winter day, January 21, 2016, and a typical summer day, July 21, 2016, are chosen as the delivery days
(with scheduling time horizon which is 24 h).

Table 2. Relevant parameters for components in CCHP micro-grid.

Parameters Value Parameters Value
Cng 3.14 DKK/m? HAC max 320 kW
LHVyg 9.7 kWh/m?3 Eg 100 kWh
IMT 0.35 Emax 180 kWh
m 0.10 Emin 40 kWh
Trec 0.75 ¥ 250 kWh
NED 0.95 ¥ max 450 kWh
NEC 0.95 Yoin 100 kWh
TITHD 0.90 P, 80 kW
IITHC 0.90 Ve 3m/s

COP¢p 0.80 Ur 13.1 m/s
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Table 2. Cont.

Parameters Value Parameters Value
COPy, 1 Uco 27 m/s
COPgc 4 ky 7.92
COPac 0.70 ky —-23.76
MT 60 kW TEER 0
pMT 200 kW 7'[8R 0
pMT 30 kW TR 0
,MIN E
T T 2h LPF dgun 0.20
fhved 2h LPFg, 0.20
HGB max 500 kW LPFY 0.20
PS o 40 kW LPF, 0.20
pPD. 40 kW LPF§ 0.20
own
HD.. 100 kW Lngp 0.20
HS . 100 kW w 0.40
HHR max 240 kW B 0.90
PEC max 140 kW

In the simulation, the stochastic scenarios for day-ahead and real-time clearing prices, as well as
wind power outputs are generated based on historical data. Specifically, it is applied as the historical
day-ahead and real-time clearing prices data the ones from DK-West area in the Nord Pool market
from January 1-20, 2016 and July 1-20, 2016. The 20 generated stochastic scenarios of clearing prices
are shown in Figures A2 and A3 (in Appendix B) for the typical winter and summer days, respectively,
where the blue curve (e.g.,, LAMDAME] etc.) represents the arithmetic average scenario for all the
related stochastic scenarios in the same figure.

The historical hourly wind power data are generated by using the WT model in Sub-Section 2.2
and the hourly mean wind speed data in Zhangjiakou, a northern Chinese city, during the same date
range as clearing prices. The 20 generated stochastic scenarios of wind power outputs are shown in
Figures A4 and A5 (in Appendix B) for the typical winter and summer days, respectively, where the
blue curve (e.g., PWTMETI etc.) represents the arithmetic average scenario for all the related stochastic
scenarios in the same figure, the red curve (e.g., PWTMAX]1 etc., also termed as the extreme scenario)
indicates the hourly maximum wind power output values obtained from all the related stochastic
scenarios in the same figure.

In addition, the requested multiple loads data applied in this paper are shown in Figures A6
and A7 (in Appendix B) for the typical winter and summer days, respectively.

It should be noted that the CCHP micro-grid operation has no effect on clearing prices due to the
“price-taker” assumption mentioned in Section 2.7. Therefore, it is reasonable that we collect clearing
prices, wind speed data etc. from different data sources.

4.2. Case Design

In this Sub-Section, in order to reflect the advantages of our proposed stochastic-CVaR approach
and examine the effect of coordinately optimizing EM power biddings, 5 Cases are designed for
simulations, comparisons and discussions, which are:

Case 1 implementing a deterministic operation optimization model without DRPs on
CCHP micro-grid;

Case 2 removing CVaR and DRPs from our proposed model, and implementing the adjusted
model on CCHP micro-grid;

Case 3 removing DRPs from our proposed model, and implementing the adjusted model on
CCHP micro-grid;

Case 4 implementing our proposed model on CCHP micro-grid;

Case 5 implementing an islanded model on CCHP micro-grid.
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Accordingly, the specific formulation characteristics related to models from Cases 1-5 are listed in
Table 3.

Table 3. The specific formulation characteristics related to models from Cases 1-5.

Arithmetic

Models Average EM Stochastic CVaR and DRPs and
from Vv . 8 e e . Scenarios for Its Related Its Related Termed as
Scenario for Participation . . .
Case e . Uncertainties Constraints Constraints
Uncertainties

1 J J deterministic model
2 v v SO model
3 J V J model without DRPs
4 J J J J our proposed model
5 J J islanded model

Based on the above five cases, simulated tests will be carried out in the subsequent Sub-Sections.
In order to illustrate the purposes of comparisons among different Cases intuitively, some explanations
are presented as follows:

(1) The comparison between Case 1 and Cases 2—4 is to verify that the introduction of SO method can
help CCHP micro-grid realize operational cost reduction, wind power accommodation, as well as
secure and stable operation in the face of EM clearing prices and wind power outputs uncertainties.

(2) The comparison between Cases 1-2 and Cases 34 is to verify that the introduction of CVaR
method can help CCHP micro-grid avoid the potential risk of operational cost increase caused by
day-ahead and real-time clearing prices fluctuation.

(3) The comparison between Case 3 and Case 4 is to verify that the introduction of multiple DRPs can
achieve electrical, thermal and cooling loads adjustments for further reducing operational cost.

(4) The comparison between Case 4 and Case 5 is to verify that considering EM participation can
help CCHP micro-grid achieve relatively higher energy efficiency and lower operational cost.

Moreover, all the subsequent simulations are implemented by the MATLAB R2014a software
utilizing intlinprog function on a PC laptop with an Intel Core i7 CPU operating at 2.1 GHz and
equipped with 8 GB memory.

4.3. Simulated Test of the Proposed Stochastic-CVaR Approach and Multiple DRPs

In this subsection, in order to reflect the advantages of our proposed stochastic-CVaR approach
and multiple DRPs, the simulation results of Cases 1-4 will be shown for further comparisons and
discussions. Specifically, Figures 2-5 as well as Tables 4 and 5 together demonstrate the corresponding
optimal operation results for the typical winter day, and similarly, Figures 6-9 as well as Tables 6 and 7
together demonstrate the corresponding optimal operation results for the typical summer day. More
concretely:

(5) to prevent from presenting huge number of figures and tables to cover all of scenarios results in
Cases 2—4, in this Sub-Section only the average values of 20 scenarios results have been presented
in Figures 2b—d and 6b—d;

(6) when the simulations are completed, the AOCs (average operational cost) and COCs (CVaR value
of operational cost) in Tables 5 and 7 can be calculated based on the optimal operation results.
The specific calculation formulas for AOCs and COCs are detailed in Appendix C.

(7) regarding to the optimal operation results from Cases 14 for the typical winter/summer day,
the wind power curtailment volumes in Figure 5/Figure 9 are calculated based on the extreme
scenario PWTMAX1/PWTMAX?2 in Figure A4/Figure A5.



SRR WA
EEERNNNES
B
RURARRR
B
MR
/////.////
Y
RN
EEEEENY
S
|z NS,
_ 7
[ NN,

AR

15 of 33

.
AW

RN
- SN

N
SRRRANARAN

Y

e A -
—

2 S
B

SRR

N
ANNSS

N
AT

T
W////. SN

.
[ AN
SRR K

| —— i A

[=] (=] b= (=]
o

500
400

o (o] —

(M) 1emod [euuay et

Energies 2019, 12, 3983

14 15 16 17 18 19 20 21 22 23 24

13

Times Intervals (hour)
N PP 7P N Pps B Heplll HC B HP

o
-

—
—

=

—

=]
S =} S
d

-200

MPur HPC

(@)

8 8 8 8 °

-+ A a —

QR
EEg
NN
a0
B
SAURNRNAN
B
SNNARNNA
SR
| i N 7
el
NN 7
e RN
- SN/

s

77777 S NN

I
B

A
AN

A
[ AW

RN
DUTRNRNNR

S

(M) 1emod [eunay L1eand9d

17 18 19 20 21 22 23 24

14 15 16

Times Intervals (hour)
N P° 7 Prg N Pos B Halll ¢ B H

-100

MPur HPC

-200

(b)

/.,/,..
| — i S
——
AN
R
I
S
BB NN
—
W N

22 23 24

RN
EEEEg Y

12 13 14 15 16 17 18 19 20 21

9 10 11

8

SRR
AN

=
DO

500
400

[aa} o —

(M) 1omod [euuay ] edrnds[q

e 8 8 < 8
o

Times Intervals (hour)
N PP 7P N Pps 8 Heplll H© B H®

-200

M Pur HAPC

(©)

Figure 2. Cont.



Energies 2019, 12, 3983 16 of 33

500

400
e
2
< 300
T
2
Ay 9,
= 200 m v
—~ 3 -
= ] f Re B = B e
7} m B OB e i N B N N\ N ' = K &
= 100 § o E— 2 N §\\ N N BN "R S
< ’ N Y\ N
=] N N NN
5 0 N NN —N—N—N —
2 NY YNS N § . ﬁa&\
o N N N N
™ N & =

100 b 8N

' 1 2 3 4 5 6 7 8% 9 1011 2 13 14 15 16 17 18 19 20 21 22 23 24

200 Times Intervals (hour)

s C D o ] C D E R O gT ,
2 Pyr P P Pre N Poa B Heplll B B H® B P AR, NHWA HY,

(d)

Figure 2. (a) The optimal operation results in Case 1 on the typical winter day; (b) The optimal
operation results in Case 2 on the typical winter day; (c) The optimal operation results in Case 3 on the
typical winter day; (d) The optimal operation results in Case 4 on the typical winter day. Note: P(Eiown
and Hgown stand for values of electrical and thermal loads shifted down, respectively. As the electrical

and thermal loads are positive values in Figure A6 etc. in Appendix B, values of PE_ and H!

down down are

set to be negative ones in Figure 2 for the purpose of clear expression.

110 T T

=—FElectrical Load
100 - | —Electrical Load with EDRP g

=)
<
T

80

60

Electrical Load (kW)

40

30 ! ! ! ! 1 !
0 4 8 12 16 20 24

Time Intervals (hour)

Figure 3. Electrical load with/without electrical demand response programs (EDRP) on the typical
winter day.
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Figure 4. Thermal load with/without thermal demand response program (TDRP) on the typical

winter day.
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Figure 5. The wind power curtailment in Cases 14 on the typical winter day.
As demonstrated in Figure 2, on the typical winter day, a) MT is not dispatched during the whole

delivery day; b) in addition to wind power output, the electrical load in each period is mainly met
by electricity procurement from EMs; c. the thermal load in each period is mainly satisfied by the
dispatch of GB. The main reason is that the clearing prices in EMs are relatively low, so that the savings
in operational cost brought by replacing MT with EM participations in terms of electrical power supply
are greater than the increases in operational cost brought by replacing MT with GB in terms of thermal
power supply.

In Cases 1-4, through the control of devices such as BT and TT etc., the thermal and electrical
power balance constraints are met in each period. Moreover, BT discharges during the high real-time
clearing price periods (e.g., the 11th, 12th, 18th, 19th periods in Figure 2a-d), and charges during the low
real-time clearing price periods (e.g., the 15th, 16th, 24th periods in Figure 2a—d). This arbitrage strategy
can further reduce the operational cost of CCHP micro-grid. In Case 4, in addition to scheduling
devices such as BT and TT, the EDRP and TDRP are also important resources to ensure multiple power
balances in each period (e.g., the 7-22th periods in Figure 2d).

On the typical winter day, by implementing EDRP, electrical load decreases during the periods
of high clearing prices in EMs (e.g., 9-14th and 17-20th periods in Figures 3 and A2). Conversely,
electrical load increases during the periods of low clearing prices in EMs (e.g., 1-8th, 15-16th and
21-24th periods in Figures 3 and A2). This relationship reduces the cost of purchasing electrical energy
from EMs. However, by implementing TDRP, there exists no similar relationship between thermal
load and clearing prices in EMs (as illustrated in Figures 4 and A2). The main reason is that, during
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the typical winter day, the thermal load in each period is mainly satisfied by the dispatch of GB,
and MT is not dispatched, which significantly weakens the electro-thermal coupling phenomenon.
Accordingly, the temporal differences of clearing prices in EMs are unable to guide the adjustment of
the thermal load.

As illustrated in Figure 5, wind power curtailments in Cases 2 and 3 are smaller than that in
Case 1. Additionally, the phenomenon of wind power curtailment does not appear in Case 4. For
example, the amounts of wind power curtailment in 13th period are 21.49 kW in Case 1, 11.49 kW in
Cases 2 and 3, but OkW in Case 4. This is mainly due to the fact that the deterministic model in Case 1
ignores the uncertainties of wind power outputs while the models in Cases 2 and 3 use SO method
to accommodate them, and our proposed model in Case 4 uses EDRP and TDRP to further resist the
fluctuation of wind power outputs, thus achieving the complete wind power accommodation in the
extreme scenario PWTMAX1 (in Figure A4).

As demonstrated in Figure 6, on the typical summer day, a. both of MT and GB are not dispatched
during the whole delivery day; b. in addition to wind power output, the electrical load in each period is
mainly met by electricity procurement from EMs; c. the cooling load in each period is mainly satisfied
by the dispatch of EC. The main reason is that the clearing prices in EMs are relatively low, which
makes it more profitable to take electricity as the only input energy carrier for CCHP micro-grid.

In Case 1-4, through the control of BT etc., the electrical and cooling power balance constraints are
met in each period. Moreover, BT discharges during the high real-time clearing price periods (e.g.,
the 9th, 10th, 21th, 23th periods in Figure 6a—d), and charges during the low real-time clearing price
periods (e.g., the 4th, 15th, 16th periods in Figure 6a—d). This arbitrage strategy can further reduce
the operational cost of CCHP micro-grid. In Case 4, in addition to scheduling devices such as BT etc.,
the EDRP and CDRP are also important resources to ensure multiple power balances in each period
(e.g., the 8-24th periods in Figure 6d).
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Figure 6. (a) The optimal operation results in Case 1 on the typical summer day; (b) The optimal

operation results in Case 2 on the typical summer day; (c) The optimal operation results in Case 3 on

the typical summer day; (d) The optimal operation results in Case 4 on the typical summer day. Note:

and

E
down

stand for values of electrical and cooling loads shifted down, respectively. As the

down

Pgown and Q¢
electrical and cooling loads are positive values in Figure A7 etc. in Appendix B, values of P

are set to be negative ones in Figure 6 for the purpose of clear expression.
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Qdown
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Figure 7. Electrical load with/without EDRP on the typical summer day.
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Figure 8. Cooling load with/without cooling demand response program (CDRP) on the typical
summer day.
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Figure 9. The wind power curtailment in Case 1-4 on the typical summer day.

On the typical summer day, by implementing EDRP, electrical load decreases during the periods
of high clearing prices in EMs (e.g., 8-13th and 19-23th periods in Figures 7 and A3). Conversely,
electrical load increases during the periods of low clearing prices in EMs (e.g., 1-7th and 14-18th
periods in Figures 7 and A3). By implementing CDRP, there exists similar relationship between cooling
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load and clearing prices in EMs (e.g., 9-24th periods in Figures 8 and A3). The main reason is that,
during the typical summer day, the cooling load in each period is mainly satisfied by the dispatch of
EC, which significantly enhances the electro-cooling coupling phenomenon. Accordingly, the temporal
differences of clearing prices in EMs are able to guide the adjustment of the cooling load.

As illustrated in Figure 9, wind power curtailment in Cases 2 and 3 is smaller than that in Case 1.
Additionally, the phenomenon of wind power curtailment does not appear in Case 4. For example, in
the extreme scenario PWTMAX2 (in Figure A5), the amounts of wind power curtailment in 4th period
are 18.75 kW in Case 1, 8.67 kW in Cases 2 and 3, but 0 kW in Cases 4. The reason for this phenomenon
is similar to that on the typical winter day.

Table 4. Average electrical energy selling to and purchasing from electricity markets (EMs) in Cases
1-4 for the typical winter day.

Average Electrical Energy Selling to EMs (kW) Average Electrical Energy Purchasing from EMs (kW)

Case
Day-Ahead Stage Real-Time Stage Day-Ahead Stage Real-Time Stage
1 100.0000 71.1993 66.2234 57.1591
2 91.8457 68.9668 62.4450 47.5966
3 82.4444 55.6556 38.9432 37.5924
4 83.8937 60.5208 48.2081 41.0695

Table 5. The AOCs and COCs of CCHP micro-grid for Cases 1-4 on the typical winter day.

Case AOC (DKK) COC (DKK)

1 639.5264 1297.5089
2 678.1488 1254.3559
3 690.2398 1178.6985
4 644.3196 1149.1882

Table 6. Average electrical energy selling to and purchasing from EMs in Cases 1-4 for the typical
summer day.

Average Electrical Energy Selling to EMs (kW) Average Electrical Energy Purchasing from EMs (kW)

Case
Day-Ahead Stage Real-Time Stage Day-Ahead Stage Real-Time Stage
1 82.3510 82.3510 62.4054 46.9530
2 72.3767 72.3767 59.8434 38.5721
3 61.3761 61.3761 38.8951 21.9265
4 67.4751 67.4751 43.7239 26.0192

Table 7. The AOCs and COCs of CCHP micro-grid for Cases 1-4 on the typical summer day.

Case AOC (DKK) COC (DKK)

1 358.2047 490.0226
2 386.9608 478.8715
3 397.9516 435.8498
4 364.0544 404.5357

Table 8. The computational time for Cases 14 on the typical winter and summer day.

Computational Time (s)

Case
The Typical Winter Day The Typical Summer Day
1 5.15 6.11
2 10.13 10.24
3 11.36 12.04
4 11.92 12.82
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By analyzing Tables 4-8, no matter on typical winter or summer day, interesting findings can be
summarized as follows:

(1) Compared with Cases 1 and 2, the CCHP micro-grid is inclined to exchange less electrical energy
with EMs in Cases 3 and 4 (as reflected in Tables 4 and 6, both of the average electrical energy
purchasing from and selling to EMs in Cases 3 and 4 are less than that in Cases 1 and 2). The main
reason is that the introduction of CVaR in Case 3 and 4 makes CCHP micro-grid more willing to
avoid the potential risk of operational cost increase caused by day-ahead and real-time clearing
prices fluctuation.

(2) Compared with Case 3, CCHP micro-grid is inclined to exchange more electrical energy with
EMs in Case 4 (as reflected in Tables 4 and 6, both of the average electrical energy purchasing
from and selling to EMs in Case 4 are less than that in Case 3). This increase is achieved because
of the introduction of multiple DRPs in Case 4 to further weaken the potential risk of operational
cost increase caused by day-ahead and real-time clearing prices fluctuation.

(3) The AOC in Case 1 is slightly lower than that in Cases 2—4, however, the COC in Case 1 is
significantly higher than that in Cases 2—4. The main reason is that the deterministic model in
Case 1 only pursues the cost minimization, which ignores the interferences of uncertainties such
as clearing prices and wind power outputs etc. Neglecting the interferences of uncertainties
may achieve the desired effect in cost minimization, but it often leads to higher potential risk of
operational cost increase caused by uncertainties.

(4) The COCs in Cases 3 and 4 are lower than that in Cases 1 and 2. That is to say, by implementing
CVaR method, the potential risk of operational cost increase caused by day-ahead and real-time
clearing prices fluctuation can be considerably reduced.

(5) Both of the AOCs and COCs in Case 4 are lower than that in Case 3. That is to say, besides the
cost reduction effect, the potential risk is further weakened via introducing multiple DRPs.

(6) Aslisted in Table 8, the computational times of Cases 2—4 are relatively longer than that of Case 1.
The main reason is that the introduction of multiple stochastic scenarios makes the number of
variables and operational constraints increase accordingly. In addition, the introduction of CVaR
method and multiple DRPs makes models in Case 4 consume a bit more time than Cases 2 and 3.
It is generally known that the day-ahead market starts at least 12 hours before the delivery day,
that is to say, relatively low computational times make our proposed model feasible in practice.

In summary, by applying SO and CVaR methods and considering multiple DRPs, our proposed
model ensures that the CCHP micro-grid operation reaches better performance under EM environments,
which contains operational cost reduction, potential risk weakening, wind power accommodation, as
well as secure and stable operation etc.

4.4. Simulated Test of Coordinately Optimizing EM Power Biddings

In this subsection, in order to examine the effects of coordinately optimizing EM power biddings
(considering EM participation) on CCHP micro-grid operation, the simulation results of Cases 4 and 5
will be compared for further discussions. Taking the typical winter day as illustration, the simulated
results of Case 5 are presented in Figure 10 (the simulated results obtained from Case 4 can be found in
Figure 2d).
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Figure 10. The optimal operation results in Case 5 on the typical winter day. Note: the Heyr in the
above figure means the amounts of thermal power curtailment.

Different from Figure 2d, it can be found in Figure 10 that, due to the neglection of coordinately
optimizing EM power biddings in Case 5, a. in addition to wind power output, the electrical load
in each period is mainly met by dispatching MT; and b. the thermal load in each period is mainly
satisfied by the recovered thermal power from MT. Moreover, part of thermal power generated by
MT is curtailed in some periods (e.g., the amounts of thermal power curtailment in periods 9, 13
and 20 are 98.2735 kW, 99.5620 kW and 114.1630 kW, respectively), which is not occurred in Case 4.
Hence, in addition to BT and TT, coordinately optimizing EM power biddings further weakens the
electro-thermal coupling phenomenon so as to eliminate thermal power curtailments, thus improving
energy utilization efficiency.

Regarding to the optimal operation results in Case 5 on the typical winter day, the wind power
curtailment volumes are calculated based on the extreme scenario PWTMAX1 in Figure A4, which
shows that that the phenomenon of wind power curtailment also does not appear in Case 5. In addition,
the AOC in Case 5 is calculated to be equal to 879.7310 DKK, which is much higher than that in Case
4. That is to say, coordinately optimizing EM power biddings can help CCHP micro-grid achieve
relatively lower operational cost. In summary, with respect to CCHP micro-grid operation, relatively
higher energy efficiency and lower operational cost can be achieved by coordinately optimizing EM
power biddings (considering EM participation).

4.5. Sensitivity Studies

In this subsection, three important parameters in our proposed model are further discussed,
which are the weighting parameter w, as well as the unit compensation expense parameters nEDR and
DR Taking the typical winter day for instance, a Pareto efficient frontier between CCHP micro-grid’s
obtained AOC and COC is presented in Figure 11, which corresponds to different w values. Moreover,
Figure 12 demonstrates a surface reflecting the impact of nEDR and ﬂTDR on CCHP micro-grid’s obtained
AOC. As demonstrated in Figure 11, increasing w can better guarantee AOC but sacrifices COC,
otherwise the opposite. That is mainly because, in our proposed model, a larger @ implies a more
risk-neutral strategy to the uncertainties, by which the influence of uncertainties on CCHP micro-grid’s
operational cost would be strengthen effectively. The value selection of w depends on the attitude of
CCHP micro-grid operator towards uncertainties and each value of @ maps to one point of the Pareto
efficient frontier in Figure 11, which means there does not exist any solution which can make both
AOC and COC better off at the same time.
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Figure 11. A Pareto efficient frontier between CCHP micro-grid’s obtained AOCs and COCs as

@ increases.

From Figure 12, it can be found that AOC increases as the values of HER and H%R getting greater.
Obviously, the vertical coordinate of the plane in Figure 12 equals to CCHP micro-grid’s obtained AOC

in Case 3. When the values of T[EDR and 7TTDR make the surface higher than the plane, it is more preferable

for not introducing multiple DRPs. This means that arbitrarily setting the unit compensation expenses
may not guarantee the economic benefits for CCHP micro-grid by implementing multiple DRPs.
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Figure 12. A surface of CCHP micro-grid’s obtained AOCs with changes in 7TEDR and ﬂTDR.

5. Conclusions

This paper proposed a stochastic-CVaR optimization model for CCHP micro-grid operation with
consideration of EMs, wind power accommodation and multiple DRPs. Simulations consisting of five
cases were conducted on a typical CCHP micro-grid. The implementation of our proposed model has
obtained several achievements as follows:

(1) From Section 4.2, it has been verified that our proposed model is able to help CCHP micro-grid
operation reaches better performance under EM circumstances. Specifically, a. by introducing
SO method, our proposed model ensures that CCHP micro-grid can realize operational cost
reduction, wind power accommodation, as well as secure and stable operation in the face of
EM clearing prices and wind power outputs uncertainties; b. by employing the CVaR method,
our proposed model helps CCHP micro-grid avoid the potential risk of operational cost increase
caused by EM clearing prices fluctuation; c. by implementing multiple DRPs, our proposed
model further optimizes the operation of CCHP micro-grid in terms of operational cost, potential
risk and wind power accommodation.
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2

®)

4)

In Section 4.3, it has been verified that relatively higher energy efficiency and lower operational
cost can be achieved for CCHP micro-grid operation by coordinately optimizing EM power
biddings (considering EM participation).

By implementing our simulations, it takes an average of 12.37 s to obtain the optimal operation
results by solving our proposed model. That is to say relatively low computational time makes
our proposed model feasible in practice.

From sensitivity analysis, it can be found that: a. changing the weighting parameter w will
cause AOC and COC values to change in opposite directions (forming a Pareto efficient frontier);
b. different values of the unit compensation expense parameters 7t

DR and TETDR will affect the effect
of implementing multiple DRPs.
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Nomenclature

Abbreviations

CCHP combined cooling, heating and power
EM electrical market

CVaR conditional value at risk

DRP demand response program

EDRP electrical demand response program
TDRP thermal demand response program
CDRP cooling demand response program
MT micro turbine

WT wind turbine

GB gas boiler

HR heat recovery

BT battery

TT thermal tank

HE heat exchanger

EC electrical chiller

AC absorption chiller

Indices and Sets

t

s¢
g
c)
PBD;
OPD;

index for time periods

set of stochastic scenarios
index for scenarios

set of scenario index &

set of power bidding decisions
set of operational decisions
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the minimum/maximum electrical power produced by MT, kW
the ramping rate of MT, kW

the minimum uptime/downtime for MT, h

the capacity of GB/HR, kW

the charging/discharging capacity of BT, kW

the minimum/maximum limitation for residual energy in BT, kW
the charging/discharging capacity of TT, kW

the minimum/maximum limitation for residual energy in TT, kW
the maximum power input of EC/AC, kW

maximum ratios of shifted down and shifted up electrical load
maximum ratios of shifted down and shifted up thermal load
maximum ratios of shifted down and shifted up cooling load

means MT is on or off during period ¢ (Vt)

means MT is start-up or not during period t (¥t)

means MT is shut-down or not during period ¢ (Vt)

mean BT is in charging status during period ¢ (Vt. )

mean BT is in discharging status during period t (¥t)

mean TT is in charging status during period ¢ (Vt)

mean TT is in discharging status during period ¢ (Vt)

mean the electrical load is in shifting down status during period ¢ (Vt)
mean the electrical load is in shifting up status during period ¢ (V)
mean the thermal load is in shifting down status during period t (Vt)
mean the thermal load is in shifting up status during period t (Vt)
mean the cooling load is in shifting down status during period ¢ (V¢)

mean the cooling load is in shifting up status during period t (Vt)

the electrical/thermal/cooling load during period ¢ (Vt), kW

the EM clearing prices at day-ahead/real-time stage during period ¢ (Vt) under
scenario sg, DKK

the scheduled electrical/thermal power output of MT during time period t (¥f)
under scenario sg, kW

the scheduled thermal power output of GB during time period ¢ (Vt) under
scenario sz, kW

the scheduled power bid with real-time EM during time period ¢ (Vt) under
scenario sg, kW

the wind power output during period ¢ (Vt) under scenario sz, kW

the thermal power recovered by HR during period t (Vt) under scenario s,
kW

the residual energy of BT/TT at the end of period ¢ (Vt) under scenario s¢, kW
the charging/discharging power of BT during period ¢ (Vt) under scenario s,
kW

thermal power stored/released by TT during period ¢ (¥t) under scenario s¢,
kW

the cooling power output of EC/AC during period ¢ (¥t) under scenario sg, kW
the electrical power input of EC during period  (Yt) under scenario sg, kW
the thermal power input of AC during period ¢ (¥t) under scenario sg, kW
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Appendix A

Conditional value at risk (CVaR) method

As mentioned in this paper, CCHP micro-grid’s potential risk of operational cost increase
may occur due to uncertainties, especially day-ahead and real-time clearing prices, not being fully
considered in the day-ahead stage. Hence, in addition to operational cost minimization, this paper
also takes potential risk control item into consideration. One of the most commonly used risk control
measurement is value at risk (VaR), which is especially suitable for loss distributions function with fat
tail manners [40]. Although VaR is effective in economic problems, it is a non-coherent risk measure
suffering from non-convexity, non-smoothness, subadditivity, etc., which makes it undesirable in
optimization programming. To avoid this problem, there is an attractive alternative risk measure
identified as CVaR. For a given confidence level 8, CVaR is defined as [26,34]:

CVaRg(X)= E(L(X, Y)|L(X, Y) > VaRy(X))= fy max{(L(X,Y) - VaRg(X),01f(Y)dY (A1)

where L(X, Y) is the loss function associated with a set of decision variables X, while Y is a random
variable that may affect the loss function. The definition of CVaR can be further explained intuitively
in Figure Al.

VaR
'

> Probability=1- g
I

Probability density function

0 Loss

Figure A1. The graphical representation of the CVaR method.

Equation (A1) and Figure A1l indicate the CVaR value (expected conditional value) of the loss
function, subject to its value greater than VaRg(X). Indeed, the risk of system being exposed to high
losses will be minimized when CVaR is minimized [38]. In addition, for problems with linear loss
function and discrete scenarios for Y, minimizing CVaR can be formulated as a linear programming
problem which is an attractive choice in practical applications. According to references [26,38,41],
the CVaR minimization can be linearly approximated by:

minCVaRg(X) = min [, max{(L(X,Y) - VaRg(X),0}f(Y)dY
~ min (VaRg(X) + 11 % p(&)max{(L(X, Y¢) — VaRg(X), 0}

(A2)
= min(T + ﬁ Z(, p(é)zi)
Subject to:
2e 2 L(X,Ye) -1 V& (A3)
ze 20 V& (A4)

where,p(&) equals to the probability of scenario Y¢.7 and z¢ are intermediate variables introduced in
the linearization process of CVaR, which have no physical and economic implications. According to
reference. [41], it should be noted that constraints Equations (A3) and (A4) mean that when L(X, Y¢)
takes lower than 7, z is set to 0, otherwise, z equals to L(X, Yg) — 7 (a positive value). Although 7 is not
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directly bounded in Equations (A3) and (A4), the optimal value of 7 should be equivalent to VaRg(X)
to guarantee the minimization of 7 + ﬁ Y p(&)ze.

Appendix B
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Figure A2. (a) Schematic diagram of EM clearing prices at day-ahead stage on the typical winter day;
(b) Schematic diagram of EM clearing prices at real-time stage on the typical winter day.
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Figure A3. (a) Schematic diagram of EM clearing prices at day-ahead stage on the typical winter day;
(b) Schematic diagram of EM clearing prices at real-time stage on the typical winter day.
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E,Case j PE,Case j T,Case j

Case j Case j Case j Case j
where Purpwin ™/, Ppagwin =), PrE4win =), Hoptwin ™), Pyoivins Punpwin' Hetown twin

T,Case j
up,t,win”
2,3, 4) for the ’fypical winter day/ P MT,i‘,summCase /, P DA,z,‘,summCase /, P RE,t,s.ummCase J, I_IGB,t,summCase /

E,Case j E,Case j C,Case j C,Case j Case i Case i .
P down £.summ’ L up,f,summ” Q down,f,summ’ Qup,t,summ’ VaRg summ J, COPE summ / are part of the optimal

operation results from Case j (j = 1, 2, 3, 4) for the typical summer day; in addition, Ois an auxiliary binary
variable, which equals to 0 in Cases 1-3 and 1 in Case 4, no matter on typical winter or summer day.

VaRﬁ,ancase i, CopE,wjncasej are part of the optimal operation results from Case j (j = 1,
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