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Abstract: To address the problems of “difficult to consume” renewable energy and the randomness of
power output, we propose the CHP unit joint-operation model with power to gas (P2G) and carbon
capture system (CCS) technologies and analyze the operation cost, carbon emission, and “electric-heat
coupling” characteristics of this model. A dispatch optimization model is constructed based on the
information-gap decision theory under the strategy to further consider the interval uncertainty of
renewable energy unit output and load forecast. The optimized-dispatching model effectively solves
the fate of renewable unit output and electric-thermal load and provides dispatching strategies for
decision-makers to balance risk and capital management.

Keywords: integrated energy; information-gap decision theory; P2G

1. Introduction

In recent years, the environmental pollution problems caused by carbon emissions [1]
have become increasingly severe, forcing human society to gradually transition to a re-
newable energy-based [2], green, low-carbon, and sustainable energy [3] era. Promoting
low-carbon development [4] has called for global consensus, and China has put forward
the goal of achieving carbon peaking by 2030 and carbon neutrality by 2060. The energy
sector [5] accounts for a large share of total carbon emissions. The energy sector needs
to be decarbonized by following both low-carbon policy and technology paths [6]. Two
typical examples are using renewable energy to generate electricity [7] and carbon capture
(CCS) [8] to reduce carbon emissions. According to the National Energy Administration
(NEA) [9], China’s installed wind power and photovoltaic (P.V.) capacities reached 198 mil-
lion kW and 190 million kW, respectively, in 2022; however, energy abandonment remains
prominent due to the intermittent and fluctuating nature of new energy generation. The
literature [10] points out that, as of 2017, the amount of abandoned wind and P.V. in China
was as high as 41.9 billion kW-h and 7.3 billion kW-h, respectively. An integrated energy
microgrid [11] is a management tool that can integrate renewable energy and demand-side
load resources, becoming the smallest power supply unit closest to the customer. In actual
operation, renewable energy consumption and carbon emission reduction are limited due
to the cost of the energy storage configuration [12] and its anti-peaking characteristics [13].

From the perspective of an integrated energy dispatching strategy [14-16], most exist-
ing studies focus on the economic dispatching of integrated energy systems. Zhao et al. [17]
proposed a decoupling solution method for the optimal energy flow of electricity, heat
and gas from multiple energy sources, which could determine the system operation when
the cost is optimal by introducing multi-intelligent bodies for collaborative optimization
of each energy source. Dong et al. [18] proposed the establishment of a multi-objective
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energy-saving dispatching model containing the production, environmental and coordi-
nation costs of cooling, heating and electricity. Mohammad et al. [19] proposed an IES
economic dispatch model that considers the uncertainty of wind and light output and the
uncertainty of electric and thermal loads by considering the fate of supply and demand.
Gerda et al. [20] considered the relevance of the interaction between electricity, natural gas
and thermal systems in an integrated energy system. A regional joint environmental and
economic dispatch model for combined cooling, heating, and power (CCHP) systems under
peak and valley tariffs was designed to minimize the transaction cost of power purchase
and sale plans, fuel and environmental costs from the emission of harmful gases. All of the
above studies considered the influence of uncertainty on the supply side and load side to
varying degrees, focusing on the optimal economic dispatch of IES, and establishing an
economic dispatch model to use to solve a determined equipment dispatch strategy, but
did not discuss in depth the environmental aspects of IES. Liu et al. [21] proposed a grid
economic dispatch model considering the prediction error under high renewable energy
penetration. Although the increased penetration of renewable energy was considered, the
economy was still the main optimization objective.

In the study of uncertainty problems, stochastic [22] and robust [23] optimization
are mainstream; the idea is generally to perform information representation of uncertain
quantities based on probabilistic scenarios or hesitant sets and further obtain the planning
costs. For example, Peng et al. [24] constructed a microgrid source-load-storage optimal
scheduling model based on the predicted power values of wind, P.V. and load, which is
essentially deterministic scheduling due to using power prediction curves to characterize
the uncertain variables. The results were affected by the prediction errors. Liu et al. [25],
using the Latin hypercube sampling method to sample uncertainties, generated typical
representative scenarios using the simultaneous back-generation reduction technique to
construct deterministic energy dispatch models. For the generation of tentative plans,
probability curves of tensions are required. Still, typical systems may have errors due to
the imprecise construction of the probability distribution models. Many scenarios reduce
the computational efficiency, and the reduction of methods also makes the model lose its
robustness. Ding et al. [26] constructed a robust optimization-based economic optimal
dispatch model for microgrids. Complete optimization describes uncertain variables by
creating uncertainty sets. It calculates the optimal solution of the objective function in the
worst case. The configuration scheme was too conservative because the economics of the
decision was sacrificed to improve the robustness of the decision. The information-gap
decision theory [27-29] can quantify uncertainty and solve the decision scheme flexibly
by seeking the uncertainty set of the maximum acceptable fluctuation range of uncertain
parameters in the optimization process based on specific expected objectives with less
information about the amount of uncertainty. Compared with robust optimization, the
information-gap decision theory model does not require a given fluctuation range of
tension and can find the optimal solution on a limited budget. At present, IGDT has been
applied to wind power-dispatching decisions [30], the strategy of power purchasing and
selling companies under multiple retail contract models [31], and medium- and long-term
operation risk measurement under multiple markets of graded hydropower [32]. However,
there are fewer studies on applying IGDT models to integrated energy microgrids for
day-ahead dispatching.

In this paper, we consider the uncertainty of demand response and scenic power
output to build an economic dispatch model of an integrated energy microgrid with carbon
capture and electricity-to-gas synergies to reduce the amount of wind and CO, emissions
from the integrated energy microgrid and realize the reasonable control and utilization of
the uncertainty of renewable energy power output by managers.

2. Integrated Energy Microgrid System Architecture

The structure of the integrated energy microgrid system based on renewable generat-
ing units, P2G equipment, carbon-capture equipment, CHP units, and demand-response
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integration is shown in Figure 1. The microgrid service provider intelligently dispatches
in response to customers’ electricity demands and unifies each unit’s generation plan to
balance supply and demand.
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Figure 1. Schematic diagram of integrated energy microgrid system structure.

Power side: The energy consumption of CCS and P2G units is provided by CHP units
and wind and P.V. units. CCS provides the CO, consumed by P2G units.

Customer side: By implementing the peak-to-peak tariff, customers are guided to
respond to the system dispatch with the scenery output curve to reduce the electrical load
during load supply and demand tension.

2.1. Combined-Operation Mode of CHP Units with P2G and CCS

In this paper, P2G technology is introduced to CHP units together with CCS technology.
During low electricity-load demand, CHP units use P2G technology to convert surplus
renewable energy into recyclable natural gas resources and increase renewable energy
consumption. For the system’s carbon emissions, the CCS unit can capture the CO, emitted
from the flue gas tail of the CHP unit, and the captured CO; can be transported to the P2G
unit to produce renewable resources, such as methane, reducing the carbon purchase cost
of the P2G unit while increasing the operating profit of the CHP unit. In the following
paper, we explain the operation principle of the combined-operating mode of the CHP
unit with CCS and P2G technology in terms of its operation characteristics, CO, emission
characteristics, system operation cost, and constraints.

2.1.1. Characterization of the Combined-Operation Mode of CHP Units with CCS and
P2G Technologies

The output power of the CHP unit in the combined-operation mode of CHP with
CCS and P2G technologies is composed of the operating capability of the P2G unit, the
operational capacity of the CCS unit, and the actual grid power of the CHP unit, respectively,
as shown in Equation (1).

Pcur,t = Peupgt + Progt + Pocs t 1)

The range of CHP unit output in the combined-operation mode of CHP with CCS and
P2G technology is shown in Equation (2).

Pchp,min < Pcup; < PcHPmax ()
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The power constraint of the P2G device is shown in Equation (3).

PpaGmin < Ppag < Pp2G,max 3)

where PpyG min and Ppog max are the minimum and maximum values of the operating power
consumption of the P2G device, respectively.

The CCS unit operates in the absorption, resolution, and compression of CO, with the
electrical power constraint shown in Equation (4).

Pccs,min < Pecst < Pecsmax 4)

where Pccsmin and Pccs max are the minimum and maximum values of the operating
consumption of the CCS unit, respectively.

The CHP unit’s thermal power output range in CHP’s combined-operation mode with
CCS and P2G technology is shown in Equation (5).

Henp,min < Henp < HeHpmax 5)

where HcHp min and Hcpp,max are the minimum and maximum values of the thermal
power of the CHP unit under the combined-operation mode of CHP with CCS and P2G
technologies, respectively.

Finally, the electric-thermal coupling characteristics of the CHP unit in the combined-
operation mode of CHP with CCS and P2G technology are shown in Equation (6).

max{ Pcp,g,min — cvi Herp s ¢m (Henp, — Hobp,min) — PpzGmax ©)
—Pccsmax} < Perpgt < PcHPEmax — Co, Henp,t — PpQG,min — Pccs,min

This paper utilizes a pumped CHP unit because the system operation characteristics,
as depicted in Figure 2, can control the unit within a specific range of output of electric
and thermal power. The explicit adjustable content is shown in the envelope ACEF in
Figure 2. The two lines, AC and FE, indicate the CHP unit’s maximum and minimum
output electric power. AF shows the current system operation under the pure condensing
condition. Currently, AF offers the current system operation under pristine condensing
conditions. At this point, the unit enters pure power generation mode; so, it can be seen
in Figure 2 that the system is not outputting thermal power under the current operating
condition. The two points of AF represent this CHP unit’s maximum and minimum electric
power output values under the current functional state. When the CHP unit operates in
CE, most of the steam extracted from the intermediate turbine stage is used for thermal
power output, where the maximum power output point is C. The system can reduce the
CHP unit’s electric power output when operating in CE line mode. The thermal result of
the system in the intermediate state is indicated, and the regulation range of the electric
power output of the CHP unit is BD, as can be seen in Figure 2.
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Figure 2. “Thermal-electrical characteristics” in CCP combined-operation mode.
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In the combined-operation mode of CHP with CCS and P2G technology, the electric-
thermal output range of CHP units is the ACGHI region in Figure 2. The combined-
operation mode of CHP with CCS and P2G technology increases the flexible space of the
CHP unit, and the CHP unit with P2G and CCS can provide a smaller actual system output
at a particular heat output.

The range constraint of the P2G output gas power is shown in Equation (7).

PprG min PpyG,max

< Gpogr <
e

GPZG,min = = GPZG,max (7)
where Gpyg  is the output gas power of the P2G device at time f, and Gpag max, GP2G,min
are the maximum and minimum values of the gas transmission power, respectively.

In the combined-operating mode of the CHP unit with CCS and P2G technology,
the flexible space of the CHP unit is increased, and it is more adaptable to participate in
microgrid dispatch optimization. The gas power output of the P2G unit is maximum when
Pcup gt = PcHPEmin — Co1Henpt and Pepp gt = cm(Henp,t — HeHPmin) — PpaG,max — Pecs,max
when Pcup g+ = PcHp Emax — cviHcap, the P2G output gas power is minimum.

In the combined-operation mode of CHP units accounting for CCS and P2G technolo-
gies, the gas power constraint of the CHP units accounting for CCS and P2G technologies
is shown in Equation (8).

max{ =5 [(Pcrp,min — cviHenp,t), cm (Henpt — Henpmin) — PCHP,E,t]} <

®)

Grag,t < 7=¢5 (PcHpmax — cv2Henp,t — Perpgt)

Therefore, the CHP unit with CCS and P2G technologies in combined-operation mode
realizes the multi-energy complementarity of electricity, gas, and heat. The CHP units with
P2G technology can convert excess electricity into natural gas when the electrical load is
low, which improves the operating efficiency of CHP units and enhances the consumption
of renewable energy at the same time.

2.1.2. Calculation of Carbon Emission of CHP Unit Combined-Operation Mode with CCS
and P2G Technology

As the most widely used thermal power generation unit, the pumped CHP unit
generates a large amount of CO, during stable operation, and the amount of CO, generated
is shown in Equation (9).

Zcnpy = Aoy (Perp,s + co1 Herpy) 4 beoy (Perip + eyt Herp)® 4 Ceos )

where Zcpyp, is the CHP unit emissions of CO; at time ¢, dco,, beo,,Cco, are the carbon
emission factors of the coal unit.

When a CHP unit with a CCS unit is in stable operation, part of the CO, generated
will be captured by the CCS unit, so the actual carbon emissions from the CHP unit are
shown in Equation (10).

Zccp, = Aoy (Ponp,t + cor Homp ) + beos, (Penp + eyt Henp ) + Ceop — Zecs  (10)
where Zccp gives the CHP unit emissions of CO, with the CCS device at time t.

2.1.3. The Operating Cost of CHP Unit Combined-Operation Mode with CCS and
P2G Technology

Under the combined-operating mode of the CHP unit with CCS and P2G technology,
the CHP unit’s operating costs consist of the CHP unit’s generation cost, the CCS unit’s
operating cost, and the operating cost of the P2G unit. Since the power consumed by the
P2G and CCS units comes from the CHP unit, the energy cost of the P2G and CCS units is
unified in the power generation cost of the CHP unit.
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(1) P2G unit-operating costs

The operating cost of a P2G unit is mainly composed of the cost of using the P2G unit
and the cost of purchasing carbon, as shown in Equation (11).

T
Croc = Y, cpacPrac, + dpaG Zpoc s (11)
=1

where Cpyg is the operating cost of the P2G unit, cpyg is the usage cost factor of the P2G
unit, dpyg is the purchased carbon cost factor of the P2G unit, and Zpyg s is the amount of
carbon consumed by the operation of the P2G unit at time .

(2) CCS unit operating costs

The CCS unit operating cost is mainly related to the CCS unit operating loss cost, as
shown in Equation (12).

T
Cces = ) ccesPecs s (12)
i=1

where Cccs is the operating cost of the CCS unit, and cccs is the functional loss factor of
the CCS unit.

(8) CO; storage costs

The CCS unit captures and stores the CO; emitted from the CHP unit. The amount of
CO; stored in the system is the difference between the amount of CO; charged by the CCS
unit and the amount of CO, consumed by the P2G unit. This is shown in Equation (13).

T
Crc = Y_ ce(Zcupy — ZpaG,t) (13)
i=1

where cg is the carbon sequestration cost factor.

(4) Combined-operating costs of CHP units with P2G and CCS technologies are taken
into account

The total system operating cost Cccp for the combined-operation mode of CHP units
with P2G and CCS technologies is:

Cecp = Cenp + Cpog + Cecs + Cre (14)
2.1.4. Combined-Operation Constraints of CHP Units Taking into Account P2G and
CCS Technologies

The CHP unit constraints in the combined-operation mode of CHP with P2G and CCS
technologies mainly include the output limit constraint, CHP unit ramp-up constraint, and
CCS carbon-capture operation constraint.

(1) Climbing constraint of CHP units with P2G and CCS technologies

The climbing constraint of the CHP unit in CCP combined-operation mode is shown
in Equation (15).

APcepmin < (Penp et + Poact + Pecst) — (Perpgi—1 + Proc,i—1 + Pecsi—1) < APcepmax (15)

where APccp max and APccp min are the maximum and minimum values of the climbing
rate of CHP unit under the CCP combined-operation mode, respectively.

(2) CCS carbon-capture operational constraints

The CCS carbon-capture-range constraint is shown in Equation (16).

Zcest < oo, (Porp g + Pr, ¢ + Pocs + ¢y I_gCHP,) (16)
+beo, (Perp ¢ + PrvGye,t + Pocs + ¢ pHenpy) ™ + oo,
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2.2. Demand-Response Model
2.2.1. Analysis of the Principle of Time-Sharing Tariffs

According to customer-side electricity consumption habits, daily electricity consump-
tion is usually divided into three periods: peak-valley—even. The price elasticity of the
demand matrix of electricity generally refers to the ratio of the change in demand for
electricity triggered by the amount of difference in electricity price on a particular day, as
shown in Equation (17).

Eun Enp Eqy
E21 Ezz P E2n
E= ) . (17)
Ezpr Ex -
Eq ... ... Eumn

where 7 represents the period when the electricity price increases at a specific time, the
customer can reduce the electricity demand or shift the electricity load to other periods,
then, the self-elasticity factor is negative, and the cross-elasticity factor is positive.

Based on the price elasticity of the demand matrix to model the peak-valley time-
sharing tariff, the amount of change in electricity consumption on the customer side is

ADl t/Dimt Apl t/Pmt
Ath/Dlmt 1 AP2t/Pmt
=—E (18)
. n
ADn t/Dmn Apn t/let

This yields the customer’s electricity consumption under demand response as:

Di,t Dy Apy, t/Pmt Dy,

D; 1 Dy Ap, t/ p‘“t Dy
== . E + ] (19)
: n .. .

Dil1,t Dy, Apy, t/Pmt Dyt

where D), , is the customer’s electricity consumption at n moments under demand response.

2.2.2. Demand-Response Cost Model

The price elasticity of demand refers to the sensitivity of customer load to electricity
price, including the self-elasticity and cross-elasticity factors. The impact of the electricity
price on the current load is the self-elasticity factor. In contrast, the effect of electricity price
at that moment on the bag at other moments is the cross-elasticity factor.

) pmtAD
E], = (20)
i DmtAp] ¢
) pmtAD
]
Et,h DmtAp]/ (21)

int

where p}. and pj), are the initial electricity price of user j at moments ¢ and &, respectively;
Ap;jr and Ap; are the price change to user j at moments f and h, respectively; AD;; denote
the amount of load change to user j under demand response.

DI}t = DS} + ADj, (22)
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Under the price demand response mechanism, the customer’s electricity load changes
from D}I}t to Df?d. The benefits to the microgrid operator on the customer side j are

S(D]g,?d ) —B (Dend ) end 0il (23)

where B (D;?‘l‘d ) is the microgrid operator the profit gain under the price demand-response

mechanism; D}?‘l‘d p;j, is the compensation cost of the microgrid operator to the customers.

When the transferable load and the curtailable load jointly participate in the demand
response, the amount of freight for users within the microgrid to respond to the demand-
response mechanism is

int

j p]rh _p],
mt

jih

d __ int t
D" = (1= MDD + A 2 DIVE],
t;«éh

+ Dl (24)

where A; is the weight in response to the demand-response mechanism.

3. Deterministic Integrated Energy Microgrid Optimal Economic Dispatch Model

This paper aims at the lowest total operating cost for integrated energy microgrid
energy management. The entire operating cost C of the microgrid comprises the CHP unit
operating cost C-HF, energy storage plant system operating cost CESS, external interaction

cost Ctltﬂity , carbon trading cost CEOZ, gas boiler operating cost Cgp, and demand-response
cost CPR, by taking into account P2G and CCS technologies.

3.1. Integrated Energy Microgrid Operating Costs
(1) CHP unit operating cost

The operating cost C-HY of the CHP unit, taking into account CCS and P2G technolo-
gies, is
Cecp = Cenp + Crog + Cecs + Cre (25)
(2) External interaction costs

Microgrid external interaction costs Ctmhty include the energy purchase and sale costs

resulting from interaction with the parent grid or gas network.

utility I CHy~ /buy buy buy 11 11
= T (upE ) (U R —up)] o
where UpEIt{4 is the unit price per unit of natural gas purchased; VE?’ is the amount of gas

purchased when the CHP system is in operation; and Up?uy , Upe! is the unit price of
electricity bought and sold, respectively.

(3) Energy storage system operating costs

The operating cost of ESS CE™ is
CFSS Z 4 ( ESSmput + PESSouput ) 27)

where ( is the cost factor of energy storage system operation.

(4) Carbon quota and carbon trading costs

Ceop = 2 e(Er — Eoyt) (28)
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(5) Demand-response cost

Transferring or disconnecting the load requires compensation from the customer.

T
CPR = 37 (ACPE + AF"PYE™ 4 ARHEY ) (29)
t

where CPR is the demand-response and compensation costs for load shifting and load
shedding, respectively.
(6) Gas boiler operating costs

The operating cost of the gas turbine Cgp is

T
Cgs = )_ acGwmr (30)
=1

In summary, the minimum operating costs of an integrated energy microgrid are
min(C) = Cecp + CF + Coo, + Cap + C1"Y + CPR (31)

where C is the total operating cost of the integrated energy microgrid day-ahead dis-
patch model.

3.2. Constraints

Integrated energy microgrid management needs to meet the electricity—gas—power
balance constraint and ensure that each unit output constraint is as follows.

(1) Electrical power balance

The electrical power balance constraint of the integrated energy system microgrid
management is shown in Equation (32).

b
Pwind,t + Pev,t + Pcrp g + Pos discht + Py’ = Pload,t + Pescht + peet (32)

where Py ,4 ; is the electrical load of the integrated energy system at time ¢.
(2) Thermal power balance

The thermal power balance constraint for integrated energy microgrid management is
shown in Equation (33).
Hcrp,t + Hept = Hioad s (33)

where Hi o4  is the thermal load of the integrated energy microgrid at time ¢.
(3) G.B. unit operating constraints

The G.B. unit output power and the climbing slope constraint are represented by
Equations (34) and (35),
HGB,min < HGB,t < HGB,max (34)

AHGBmin < Hgpt — Hgpt—1 < AHGB,max (35)

where HGp min and HGp max are the upper and lower limits of the gas turbine output power
and the minimum and maximum values of the gas turbine output climbing slope, respectively.

(4) Electricity sales constraints

The integrated energy microgrid power sales constraint is shown in Equation (36).

P sell,min <P, sell,I <P, sell,max (36)

where Py min and Psell max are the upper and lower limits of the sold power.
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(5) Gas purchase constraints

The integrated energy microgrid purchased gas power constraint is shown in Equation (37).

Gsmin < Gst < Ggmax (37)
where Gg min and Gg may are the upper and lower limits of purchased gas power, respectively.
(6) Gas power balance constraint

The gas balance constraint satisfied by the integrated energy microgrid in day-ahead
dispatch optimization is shown in Equation (38).
Gpagt + Gst = Gt (38)

where Gg; is the purchased gas power of the integrated energy microgrid at time ¢.

4. Interval Uncertainty and IGDT Optimization Model
4.1. Interval Uncertainty Model
This paper uses envelope constraints to describe the uncertainty of wind power, P.V.

output, and electric and thermal loads. The interval uncertainty model for renewable
energy is as follows:

U(as, PF) = {PP: | PP = PF| < asP; (39)
(e, P ) = { P2 | = PP | < B} (40)
U (am,Te) = {Lne + | L = Dng| < i} (41)
U(ag Ler) = {Le : |Lot = Let| < apLes (42)

where 135, ﬁtw, Zh,t and fe,t are the predicted values of P.V. output, wind-power output, and
thermal-power load demand at time ¢, respectively; as, av, ag and af are the uncertainties
of wind-power output, wind-power output, and thermal-power load demand, respectively.

The conventional IGDT is only applicable to deal with a single uncertainty quantity.
This phase combines the three tensions using a weighted sum to determine the system’s
combined uncertainty to account for the uncertainty of the environment and load concurrently.

P = Agas + Awaw + Agag + Apag (43)

where 1 is the integrated uncertainty of the microgrid energy management system; Ag, Ay,
Ag and Ag are the weighting coefficients of the fate of P.V. output, wind-power output, and
thermal-electricity demand, respectively, reflecting the degree of need from the decision
makers for the system to cope with scenery as well as load uncertainty, independent of the
model itself.

4.2. IGDT Optimization Model

For the risk preferences of different microgrid operators, the integrated energy micro-
grid scheduling optimization models under risk-averse strategy and opportunity seeking
are given in this paper based on IGDT, under the satisfaction of expected cost deviation.

4.2.1. Risk Avoidance Strategy

The risk-averse strategy maximizes the uncertainty of the uncertainty quantity while
ensuring that the optimization objective is within the acceptable range of the decision-
maker. Specifically, the economic-scheduling problem studied in this paper is to maximize
the integrated uncertainty of the system. In contrast, the scheduling cost of the system does
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not exceed the expected price. The larger the uncertainty value, the more risk-averse the
approach is and the more robust the scheduling scheme.

Therefore, the objective function of the risk-averse IGDT scheduling model is shown
in Equation (45). s.t. Equations (1)-(43) and (45)-(49).

Maxip, (44)

MaxCq + Cg < (1+ pRM)C, (45)
PP e U (ns, PY) (46)

PY € Uy, PY) (47)

Ly € U (s, Ly ) (48)

Let € U(“Elze,t) (49)

where Cq is the dispatch cost’s baseline value, obtained by bringing the predicted values
of wind, photovoltaic and electric-thermal loads into the deterministic dispatch model for
optimization; BRM is the robustness level factor, which reflects the dispatcher’s ability to
accept additional costs.

It can be seen that the above IGDT scheduling model is a two-layer optimization model.
The lower layer indicates that the system dispatch cost cannot exceed the expected price
when the photovoltaic output, wind-power output, and electric-thermal load demands
fluctuate within the uncertainty set. Therefore, the robust optimization model in this
paper can be transformed into a single-layer optimization model objective function as in

Equation (45)
PP = (1—as)P} (50)
PY = (1—aw)P (51)
Lyt = (14 ap)Ly, (52)
Let = (1+ap)Les (53)

s.t. Equations (1)—(43), (46)—(49) and (55).

4.2.2. IGDT Opportunity Optimization Model for Risk Appetite

For the optimal operation of the microgrid, the problem studied in this paper, i.e.,
to minimize the integrated uncertainty of the microgrid when the operating cost of the
microgrid does not exceed the expected operating price; the more significant, the lower
the probability of achieving the desired operating cost of the microgrid; however, the less
sensitive the operating strategy is to the fluctuation of the uncertainty quantity, the safer
the microgrid.

Therefore, the objective function of this paper’s risk-averse IGDT optimization model
is shown in Equation (56).

Min, (54)

MinCq + Cyt < (1 — BEM)C, (55)
s.t. Equations (1)—(43), (46)—(49) and (55).
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Similarly, the opportunity optimization model is transformed into a single-layer
optimization model with the objective function as in Equation (56).

PP = (1+a5)P} (56)
P = (14 aw) P (57)
Ly = (1 — o)Ly (58)
Let = (1—ag)Ley (59)

s.t. Equations (1)—(43), (55) and (56)—(59).

4.3. Optimization Model Solving
4.3.1. IGDT Model-Solving Method

The information-gap decision theory model established in this chapter is a two-layer
optimization model with complex solutions. The objective of the lower layer of the robust
model is the lowest operating cost of the integrated energy microgrid. In this paper, we
used the toolbox YALMIP in MATLAB to build an integrated energy microgrid economic
optimization model and used the GUROBI solver to solve it.

4.3.2. IGDT Model Solving Steps
(@ The predicted output value of light and wind turbines (ﬁf, ﬁw) and the predicted

demand value of heat and power (Zh,t, Ze,t) are brought into the deterministic microgrid

optimization model. The optimal value of the microgrid operation cost Cy is found and
called the base value of the IGDT model.

@ Substitution of the actual values of the light-wind unit output (P, P}) and the
actual values of the thermal-electric load demand (Lj, Le) for the forecasted values is
made, and then the development of the cost deviation factors &M, the desired target values
of the robust optimization model (1 + BRM)Cy acceptable to the scheduler and the desired
target values of the opportunity optimization model (1 — g&M)Cy;

® The IGDT opportunity optimization model under the risk-preference strategy and
IGDT robust optimization model under the risk-averse strategy is solved to obtain the
integrated uncertainty, scheduling cost and day-ahead scheduling strategy.

The flowchart for solving the IGDT scheduling model is shown in Figure 3.

Phase I : Deterministic Decision Model Phase II : IGDT optimization model

Data input: unit output, load —»  Set cost deviation factor
forecast, etc. |

v \ v
Robust Opportunity
Obj ective flll’lCti 0n:(3 1) optimization Optimization

model Model

Constraints:(8)(15)(32)-(35) | |

* v
Data output: combined uncertainty:

day-ahead scheduling strategy;
operating costs

Data output: Phase I costs —

Figure 3. Flowchart of IGDT scheduling model solution.
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5. Example Analysis
5.1. Simulation Data and Experimental Platform

In this paper, we used the toolbox YALMIP in MATLAB to build an integrated energy
microgrid economic optimization model and used the GUROBI solver to solve it. In this
paper, we selected a typical regional integrated energy microgrid as the research object.
The operation plan was developed based on the constructed IGDT optimization model, an
integrated energy microgrid’s optimal economic dispatch model. The scheduling period
was 24 h (T =24), and 1 h was used as a scheduling period. The parameters of the integrated
energy microgrid scheduling model are shown in Table 1. The purchase and sale tariffs of
electricity from the integrated energy microgrid to the higher-level primary grid are shown
in Table 2.

Table 1. Parameters of integrated energy microgrid scheduling model.

Parameter Numerical Value Parameter Numerical Value
Qs (kWh) 800 Pccs min (KW) 0
NES,c 0.95 PCCS,max (kW) 600
NES,d 0.96 PcHp,min (kW) 0
QES,min (KWh) 500 PcHp,max (KW) 2000
QES,max (KWh) 1800 « 0.55
PpaG,min (KW) 0 B (kg/kWh) 1.02
P P2G,max (kW) 300 HGB,min (kW) 0
PP max (KW) 500 HGmax (kW) 500
P;f;“ max (KW) 2000 1GB 0.9
Col 0.15 A (kg/kWh) 0.424
oo 0.25 ¢ (CHY/kg) 0.75
Cm 0.82 ¢ (CHY/kWh) 0.01
Aco, (kg/kWh) 0.93 Upy i (CHY/m®) 2.9
beos, (kg/kWh) 0.0015 cpaG (CHY /KW) 0.022
Ceo 28.79 dpac (CHY/kg) 0.064

Table 2. Microgrid power purchase tariffs.

Time Electricity Purchase Tariff Electricity Sales Tariff
(CHY/kWh) (CHY/kWh)
Valley hours (23:00-05:00) 0.25 0.2
Weekday periods (06:00-08:00, 12:00-18:00, 21:00-22:00) 0.62 0.2
Valley hours (23:00-05:00) 0.92 0.2

Under the typical daily operation and scheduling of an integrated energy microgrid,
the forecast of renewable energy generating units’ output and customers’ electricity load
for each time are shown in Figure 4.

5.2. Scheduling Operation of Integrated Energy Microgrid System under Deterministic Conditions

To verify the effectiveness of low carbon dispatch of integrated energy microgrid with
P2G and CCS as proposed, in this chapter, we demonstrate the economics and advantages
of P2G and CCS-based integrated energy microgrids regarding carbon emissions through
the following four examples.

Example 1: Integrated energy microgrid without P2G and CCS and carbon trading costs.
Example 2: Integrated energy microgrid without P2G and CCS but considering carbon
trading costs.

Example 3: Integrated energy microgrid considering P2G and CCS but not carbon trading costs.
Example 4: Integrated energy microgrid considering P2G and CCS with carbon trading costs.
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Figure 4. Initial load of integrated energy microgrid and projected output of renewable energy

generating units.

5.2.1. Comparison of Different Scheduling Results

Figure 5 shows the output of the CHP unit under the different cases. Compared with
Example 2, the CHP unit in Example 4 needs to supply energy to the CCS plant and the
P2G plant, which reduces the actual output of the CHP unit. Compared with Example 4,
the CHP unit in Example 3 only needs to meet the minimum operating requirements of
P2G and CCS equipment because it is not limited by carbon emission cost, so it can supply
energy to the outside to meet the customer-side demand to the maximum extent.

L
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r\\ Example 3= Example 4|/
500 \
= 400 /
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&
3 300
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Figure 5. The output of the CHP unit under different calculations.
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Figure 6 shows the actual output of WTGs under different cases. During the peak
hours of 01:00-04:00 and 20:00-24:00, the actual production of WTGs in Example 2 and
Example 3 is significantly smaller than the actual output of WTGs in Example 4, which is
because the P2G and CCS devices consume part of the output power of CHP units during
operation, which improves the wind power consumption.

2500

Example 1 Example 2
\ Example 3= Example 4

ool N\
BN N,
A \

"L |
VV \\

\/\

Wind turbine output(kWh)

0 2 4 6 8§ 10 12 14 16 18 20 22 24
Time(h)
Figure 6. The actual output of wind turbines under different calculation cases.

Figure 7 shows the carbon emissions for the different scenarios. Example 4 consumes
a large amount of CO; captured by CCS due to the presence of P2G technology, which
reduces the net carbon emissions of the system.
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Figure 7. Carbon emissions under different calculations.
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The optimization effects of the different cases are shown in Table 3. By comparing this
to Example 2, Example 4 shows that P2G and CCS technologies reduce the carbon emissions
of the microgrid while reducing the microgrid system operating costs by CNY 884.86 CNY.
Examples 3 and 4 show that the microgrid mainly uses renewable energy as an energy
supply, and introducing carbon trading can further reduce the system operation costs.

Table 3. Comparison of the optimization effects of different algorithms.

Example System Operating Wind-Power Photovoltaic-Power Carbon
Cost/CNY Consumption Consumption Emission/kg
Example 1 11,156.38 86.55% 100% 8461.44
Example 2 1076.28 100% 100% 8419.84
Example 3 11,062.12 89.745% 100% 7875.57
Example 4 231.42 100% 100% 3755.63

The relationship between the carbon trading price and the system operating costs
under different cases is shown in Figure 8. It can be seen that the system operation cost is
not related to the carbon price in Example 1 and Example 3 because the carbon transaction
cost is considered, while in Example 2 and Example 4, the system operation cost gradually
decreases with the increase in carbon price, which is mainly due to the decrease in carbon
transaction cost, and the system operation cost decreases.

12.000 ‘—I-— Elxamplle —— Exalmplezl— — llixaml;le3ql-— Exlamplelz;‘
’ . I . I I |
10,000
~
>
S
E’/ 8,000
8
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g
g ]
L
5 v \‘§
2,000 ——— ‘\\‘
1 \.
0 T . ; , ..\'
0.50 0.55 0.60 0.65 0.70 0.75

Time(h)

Figure 8. Relationship between carbon trading price and system operating cost under differ-
ent calculations.

5.2.2. Integrated Energy Microgrid Scheduling Model under C Demand Response

First, the analysis of the microgrid system dispatching operation under deterministic
conditions was carried out. The operating parameters of CHP units, gas boilers, and battery
storage systems, as well as the predicted values of wind turbine output, P.V. unit output,
and electric and thermal load demand before the day, were brought into the microgrid
system scheduling operation model, and the total operating cost of the microgrid was
CNY —5184.43. At this time, the output of each unit is shown in Figure 9. Figure 8
shows that this microgrid satisfied the customer-side electricity demand while using
the demand-response mechanism to reduce the operating cost of the integrated energy
microgrid by CNY —5415.85 compared to the operating cost of Example 4. This integrated
energy microgrid electric load can respond to time with load shedding or load shifting,
further reducing the peak-to-valley difference in electric load by smoothing out electric
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load fluctuations, realizing the purpose of integrated energy microgrid peak shaving and
valley filling, improving the microgrid’s flexible response capability while reducing electric

load fluctuation.
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Figure 9. The electricity output of each unit in the microgrid economic dispatch model under

demand response.

Figure 10 shows that 0:00-05:00 and 22:00-24:00 are the peak times of heat consumption
by customers. Still, the electric load is in the low time of electricity consumption. The
heat output of the CHP unit is low due to the “thermoelectric coupling characteristic” of
the CHP unit, so the gas boiler is used to prioritize the demand-side heat consumption.
Therefore, gas boilers are operating to meet the demand-side heat demand. During the
07:00-21:00 period, the CHP units can simultaneously work independently to fulfil the

demand-side electric and thermal energy demands.
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Figure 10. Heat output of each unit in the economic dispatch model of microgrid under de-

mand response.
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The load share of each type of demand response affects the effect of IDR implemen-
tation in an integrated energy microgrid. Based on the deterministic microgrid economic
dispatch model, the impact of the share of the curtailable load and transferable load of the
microgrid on the operating cost of the microgrid is analyzed.

The relationship between operating cost and the percentage of curtailable demand-
response load is shown in Figure 10. Firstly, the transferable bag is kept constant, and the
share of the curtailable burden is set from 10 to 50% to analyze the effect of the mobile
demand-response load on the operating cost of the microgrid. From Figure 11, it can be seen
that the operating cost of the microgrid decreases as the percentage of curtailable demand-
response load increases, i.e., the operating cost is negatively related to the curtailable
demand-response load, which is due to the reduction of load quantity under the high tariff
time, which reduces the energy purchase cost of the microgrid and thus reduces the total
operating cost.

-6,500 —r——————1——————1———1———————

-6,000

Operating Costs(CHY)

Percentage of load that can be cut

Figure 11. Operating costs of cuttable demand-response load share relationship.

The working cost-transferable demand-response load share relationship is shown in
Figure 12. From Figure 11, it can be seen that the operating cost of the microgrid decreases
as the percentage of transferable demand-response load increases, i.e., the operating cost
is negatively related to the curtailable demand-response load, which is mainly achieved
by shifting the burden from the high tariff time to the low tariff time, so it is beneficial to
improve the operating profit of the microgrid by coordinating the ratio of transferable and
curtailable demand-response load.

5.3. Analysis of IGDT Optimization Results
5.3.1. Comparative Analysis of Traditional IGDT Scheduling Results under Seven
Uncertain Scenarios

To verify the correctness and accuracy of the IGDT strategy applied to the economic
dispatch decision of the microgrid, firstly, different uncertainty scenarios were set for the
four uncertainties, including five cases of considering a single uncertainty, only source-load
uncertainty, and considering all source-load uncertainties, respectively. Table 4 illustrates
the different combinations of uncertainty parameters in the five scenarios, where “0”
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indicates the fate of the factor accounted for in the model, and “x” suggests the uncertainty
of the element not accounted for in the model. In particular, this comparative analysis was
performed to verify the IGDT strategy’s effectiveness and to evaluate the degree of impact
of multiple uncertainties on the system scheduling cost. When considering numerous
uncertainties (i.e., Case 5, Case 6, and Case 7), the traditional IGDT model was used for the
consistency of the model and to simplify the solution process, using the same uncertainty
domain o.
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Percentage of transferable load

Figure 12. Operating costs of transferable demand-response load share relationship.

Table 4. Description of the seven uncertainty scenarios.

Uncertainty of Photovoltaic-Output Electric-Load Forecast Uncertainty in
Wind-Power Output Uncertainty Uncertainty Thermal-Load Forecasting
Case 1 O X X X
Case 2 X @) X
Case 3 X X @) X
Case 4 X X X O
Case 5 @) @) X X
Case 6 O O ©) X
Case 7 O O O O

When the robustness level factor varies in the range of 0.01-0.05, i.e., the expected
increase in system scheduling cost is within £5%, the trajectory of the IGDT scheduling
model solution results for seven uncertainty scenarios is shown in Figure 13, where the
baseline value of the scheduling cost is the value of the scheduling cost obtained from the
optimal solution of the deterministic scheduling model. This paper analyzed the results
from the perspective of sensitivity to uncertainties.
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Figure 13. Comparison curves of traditional IGDT scheduling results for seven uncertainty scenarios.

From the perspective of system dispatching decisions, as the microgrid operating cost
increases, i.e., the opportunity level factor decreases and the robust level factor increases, the
combined uncertainty in the seven cases of the derived opportunity gradually decreased. In
contrast, the combined uncertainty in the substantial opportunity gradually increased. This
is mainly due to two very different values of the microgrid management service providers
in the face of source-load risk: the opportunity model under the risk-averse strategy
considers that uncertainty moves the microgrid in a favorable direction, and the greater the
uncertainty «, the more optimistic the microgrid management service provider is about
the additional benefits from uncertainty, and the operating cost decreases. Whereas, the
robustness under the risk-averse strategy considers that the delay will move the microgrid
in an unfavorable direction, and the greater the uncertainty «, the progressively higher
the pessimistic value of the additional risk generated by the uncertainty for the microgrid
management service provider and the consequent increase in the operating cost.

From the perspective of uncertainty sensitivity, when the robustness level factor is the
same, the more significant the robust integrated uncertainty under different uncertainty sce-
narios, the less sensitive the microgrid is to changes in anticipation, the lower the risk due
to delay, and the better the robustness is reflected. In contrast, when the opportunity level
factor is the same, the smaller the opportunity-integrated uncertainty under different uncer-
tainty scenarios, the more the microgrid is sensitive, the higher the opportunity gain caused
by delay. Figure 12 shows that for the opportunity scheduling model, Case 2 (uncertainty of
P.V. generator output) yields the most considerable opportunity-integrated uncertainty, and
Case 1 (uncertainty of wind-generator output) yields the slightest opportunity-integrated
hesitation under the same level factor. For the robust scheduling model, Case 4 (uncertainty
of thermal-load demand) has the highest chance of combined delay, and Case 1 (uncertainty
of wind-turbine output) has the lowest opportunity for the same level factor. This is due to
the fluctuation of wind power and electric load demand, which are influenced by external
conditions. In the risk preference strategy, the limited output of P.V. generating units causes
a low operating cost to the microgrids.

In contrast, in the risk-avoidance strategy, the CHP unit supply can satisfy the thermal
load, and the CHP unit’s operating cost is low, which has a negligible impact on the
operating cost of the microgrid. In addition, the energy storage system in the microgrid
can participate in the microgrid economic dispatch as a transferable load, reduce the risk of
renewable energy generation to the grid, and provide support for the high percentage of
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renewable energy to the grid. Limited by its energy storage capacity, it has a limited role in
further reducing the dispatching cost.

When the microgrid is operated, the microgrid management service provider will
consider the dual source-load uncertainty. Comparing and analyzing the uncertainty curves
of Case 5, Case 6, and Case 7 under the scenarios of uncertainty factor combinations, this
paper uses the same uncertainty domain « in modelling different uncertainties. It was
found that the global optimization results were highly susceptible to the most sensitive
uncertainty factors. For example, Case 5 accounts for the delay of wind turbine and P.V.
turbine output. The comparison of the curves of Cases 1 and 2 shows that the system is
more sensitive to the uncertainty of wind turbine output. Thus, the optimization results
of Case 5 are constrained by the fate of wind power, and the resulting curve is very close
to Case 1. Similarly, Case 7 considers the uncertainty of wind turbine output, P.V. turbine
output, and load demand, and the fate of load demand constrains the optimization results.
The result curves are very close to Case 4.

It can be seen that when multiple uncertainties are considered, when the traditional
IGDT optimization model is used, the same uncertainty weight is used when the antici-
pation of different delays is built in, the optimized obtained uncertainty cannot quantify
the impact of each uncertainty on the microgrid operation, and the formulated dispatch-
ing strategy still has the optimization space. It cannot fully reflect the advantages of the
IGDT strategy.

5.3.2. IGDT Scheduling Model Optimization Results Analysis

As described in the previous section, the IGDT microgrid economic dispatch model
established in this paper modeled the uncertainty of wind turbine output, P.V. turbine
output, and thermal-electric load uncertainty separately and obtained the comprehensive
system uncertainty by unifying the tensions of the four in the form of a weighted sum.
Assuming that the expected dispatch cost increase in the microgrid system is +2%, i.e., the
cost deviation factor is 0.02, the results of IGDT robust dispatch optimization with different
weighting factors are shown in Table 5.

Table 5. Optimization results of IGDT with different weighting factors.

Aw As AE AH Yo 2

0.25 0.25 0.25 0.25 0.0140 0.0061
0.5 0.2 0.2 0.1 0.0121 0.0051
0.2 0.5 0.2 0.1 0.0148 0.0067
0.2 0.2 0.5 0.1 0.0125 0.0059
0.1 0.2 0.2 0.5 0.0179 0.0071

As seen in Table 5, because this microgrid economic dispatch model has different
sensitivities to the fluctuations of each uncertainty factor, different weight coefficients will
affect the uncertainty solution results of a single uncertainty factor but have little effect on
the comprehensive uncertainty of this microgrid economic dispatch model. The weight
coefficients do not affect the applicability of the model. The microgrid management service
provider can set each weighting coefficient according to the actual situation and historical
experience of the system, based on the principle that the higher the sensitivity, the higher
the weight coefficient.

The IGDT robust optimization model yields a critical dispatch cost of CNY —5080.74.
The uncertainty of wind turbine output is 0.0088, the fate of P.V. turbine output is 0.0035,
the anticipation of electric load forecast is 0.0035, the uncertainty of thermal load forecast
is 0.0018, and the combined uncertainty of the system is 0.0176. It means that the actual
value of the wind turbine output fluctuates by 0.88%, the real value of P.V. turbine output
fluctuates by 0.35%, and the genuine demand for electric load deviates within 0.35%. The
proper direction of the thermal load varies within 0.18%. The economic dispatch cost of
this microgrid does not exceed CNY —5080.74. Currently, the electric power output of
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each microgrid economic dispatch model unit is shown in Figure 14a. It can be seen that
the IGDT robust optimization strategy is more conservative compared with the original
dispatching strategy, which is due to the uncertainty of most of the CHP units’ output to
cope with the renewable units and demand forecast, which leads to the increase in the
operating cost of this microgrid.
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Figure 14. The electricity output of each unit in the microgrid economic dispatch model.

The critical dispatch cost derived from the IGDT opportunity optimization model
is CNY —5288.12. At this time, the uncertainty of wind turbine output is 0.0035, the
anticipation of P.V. turbine output is 0.0014, the uncertainty of electric load forecast is
0.0014, and the fate of thermal load forecast is 0.0007. The comprehensive future of the
system is 0.0071. It means that the actual value of wind turbine output fluctuates within
0.35% compared with the predicted value, the real value of P.V. unit output fluctuates by
0.14% compared with the expected value, the genuine demand of electric load deviates
within 0.14% compared with the predicted value. The actual direction of the thermal load
varies within 0.07% compared with the expected value, and the economic dispatch cost of
this microgrid will not exceed CNY —5288.12. At this time, the electric power output of
each microgrid economic dispatch model unit is shown in Figure 14b. It can be seen that
the IGDT opportunity optimization strategy is more aggressive compared to the original
dispatching strategy, which is due to reducing most of the CHP units’ power output in the
expectation of increasing the uncertainty in a favorable direction, thus reducing the cost
and achieving the desired effect.

It can be seen that the IGDT optimization strategy can quantify uncertainty from two
widely different value concepts, risk preference and risk aversion, and provide opportunity
optimization models and robust optimization models for microgrid management service
providers. In addition, unlike the conventional IGDT optimization model, which can
only deal with a single uncertainty, this paper uses a weighted summation approach
to simultaneously consider the photovoltaic forecast, wind power forecast, and electric-
thermal load forecast uncertainties and to describe the impact of each uncertainty on the
microgrid operation cost with a prolonged delay.

6. Conclusions

In this paper, a joint operation model of CHP units with P2G and CCS technologies
is proposed. Based on this model, an economic operation model of an integrated energy
microgrid taking the demand-response mechanism into account is developed, and the IGDT
model is used to simulate the source-load two-side uncertainty to obtain the integrated
energy microgrid day-ahead dispatch strategy. Through the analysis of arithmetic cases,
the following conclusions were obtained.
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(1) The integrated energy microgrid with P2G and CCS technologies can achieve CO,
capture and utilization, reduce carbon emissions in the microgrid, reduce carbon tax costs
and carbon trading costs, and improve the economy of the system; P2G technologies can
effectively utilize the excess renewable energy output and enhance the scenery consumption
capacity of the integrated energy microgrid.

(2) Demand response can guide users to change their electricity consumption habits
according to the scenery output curve, balance the supply and demand during tight periods
of electricity consumption, achieve peak and valley reduction in the load curve, and reduce
the amount of wind and light abandoned by the system.

(3) The IGDT optimal-dispatching model can effectively solve the uncertainty of
renewable energy unit output while achieving the balance of risk control and capital
investment for dispatchers by giving a risk-averse power consumption plan. The sensitivity
analysis shows that the upper limit of cost reservation and the upper limit of cost release
space within the limited uncertainty can be obtained, which is beneficial to the microgrid
manager in making a reasonable capital utilization plan.
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