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Abstract—In order to reach carbon neutrality, there is EV Electric vehicle
growing interest in reducing greenhouse gas (GHG) and TES Thermal energy storage
improving energy efficiency. One way to address this issue is the  parameters
optimal scheduling of the integrated energy system (IES) with Converting factor of 1 kWh to m? natural gas
multiple cm_)mbl_ned cooling heating and power (C.CHP) systemg as ¢ Dispatch time interval(h)
proposed in this paper. We model IES as a device with multiple A L
input/output ports by the energy hub (EH) framework and @0, ¢  Efficiency coefficients of the GT
propose a multi-objective optimal model to improve energy o, g ,7, Emission coefficients of the GT (kg/MWh)
efficiency and reduce GHG emissions. The proposed model is . :
constructed as a mixed-integer nonlinear programming (MINLP) i Thermal efficiency of ith CCHP
due to considering nonlinear couplings of multiple energy flows 7, PV efficiency
and the unit commitment of multiple CCHP systems. To g Size of PV (m?)
improve the computational efficiency, the proposed MINLP Solar irradiance
model is transformed into a nonlinear programming (NLP) - o
model by a fast unit commitment technique based on the Tou Ambient tempera'fu_re( <)
approximation of the aggregated online capacity. Finally, 4 Energy loss coefficient
simulation results show the effectiveness of the proposed 7 | 7, Injecting/drawing heat efficiencies of TES
applfoach in reducing GHG_ emissions and improving energy pr P Maximum inject/draw thermal of TES (MW)
efficiency as well as computational efficiency. in " ) T )

Tenj» Tan; Charge/ discharge efficiencies of jth EV

Inde_x Terms—Combined cooling hea’Fing {md power, energy cap, Battery capacity of jth EV (MWh)
hub, integrated energy system, mixed-integer nonlinear ] . . )
programming, optimal scheduling P, Pas Maximum charging /discharging power (MW)
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t Time C.(t), c,(t) Electricity and natural gas price at time t (¥
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j Electric vehicle number Cooli ficient for electric chill
PV Photovoltaic COpEC 0o0ling coe cient for electric chiller
CCHP Combined cooling heating and power COPAc Cooling coefficient for adsorption chiller
EC Electric chiller u Emission factors of network electricity (kg/MWh)

. . pc
AC Absorption chiller Emission factors of natural ka/m?
GB Gas boiler Uy, mission factors of natural gas (kg/m°)
Ps . PL.» Ramping up/down rate of CCHP(MW/min)
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Variables
F¢, F" Total operation cost and GHG emissions
P™(t), P™(t) Power purchased from/sold to grid (MW)

Pecp.i (1) Power generated by the ith CCHP at time t (MW)
76, (1) Power efficiency of the ith CCHP at time t

P, (t) Power of PV at time t (MW)

PECC,J- ) Charing power of the jth EV at time t (MW)
P (®) Discharging power of the jth EV at time t (MW)
Cec (1) Cooling generated by EC at time t (MW)

P (1) Required power of EC at time t (MW)

Fecne, () Fuel consumption of CCHP at time t (m?)

Fes(t) Fuel consumption of GB at time t (m®)

Heonpi (1) Heat generated by ith CCHP at time t (MW)
Hgs (1) Heat generated by GB at time t (MW)

Chc(t) Cooling generated by AC at time t (MW)

H (1) Required heating of AC at time t (MW)

H (t), HE (t) Inject and draw heat of TES at time t (MW)

Qs () Heat stored in TES at time t (MWHh)

Binary variables

Vi (t) On/off status of the ith CCHP at time t

y.(t), z(t) Start up and shut down status of the ith CCHP at

timet

I. INTRODUCTION

THE crisis of fossil fuel energy and GHG emissions has
become a considerable concern around the world. The
traditional energy management mode in which energy systems
are planned and operated independently exacerbates this
situation [1]. To deal with this crisis, the concept of the
integrated energy system is proposed as a promising solution
[2], [3]. This is because integrated energy systems can
incorporate renewable energy, energy conversion devices
(cooling heating and power (CCHP) systems, heating boiler,
etc.), energy storage facilities (electrical/thermal/gas storage
energy, etc.), and flexible resources (electric vehicles, air
conditioners, etc.) to realize efficient and low-carbon
utilization [4].

As the most important subsystem of IES, some optimal
operation strategies are proposed to explore the performance
of CCHP. One of the most common operation strategies is the
cost-oriented strategy. For instance, a minimum distance
operation strategy is proposed to maintain the high efficiency
of the CCHP [5]. A techno-economic optimal model is
developed to maximize the economic benefit [6]. Besides,
considering different scenarios, the economics of CCHPs in
office buildings, hotels, and hospitals could be improved
through the “Smart” operation strategy [7]. Because of the
global concern about the climate change, considering GHG
emissions has also gained a lot of interest in analyzing energy
systems. Therefore, an emission operation strategy is proposed
to minimize the GHG emissions from CCHPs [8]. The result
shows that lower GHG emissions can be achieved, compared
to the strategy only aiming at reducing primary energy
consumption. Subsequently, the primary energy consumption,
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operation cost, and GHG emissions are separately evaluated
by an optimal operation scheme of CCHPs under different
climate conditions [9]. Comparatively, multi-objective
optimization models for CCHP are proposed in [10] and [11]
to simultaneously minimize primary energy consumption,
operation cost, and GHG emissions, which is capable of
effectively balancing the influences of consumption, cost, and
emissions. The objectives of the optimal strategies mentioned
above are to optimize the output of an individual CCHP for
electricity, heating, and cooling. However, with modern
energy conversion technologies, the interaction between multi-
energy systems becomes more complex.

The energy hub (EH) concept firstly proposed in [12], is used
as a framework for multi-energy systems to describe the
coupling and collaboration of different energy flows.
Therefore, the optimal operation of the EH with the CCHP has
been recognized to reduce operation cost [13]-[23] and GHG
emissions [20]-[23] from energy storages, uncertain renewable
resources, and demand responses, respectively, as shown in
Table 1. References [13]-[15] discuss the effect of energy
storage systems on the EH operation cost. In [13], an optimal
model of the EH with CCHP is proposed to analyze the impact
of electrical storage energy on economic improvement. The
effect of thermal energy storage on the performance and
economic benefit of EH is investigated in [14], while the ice
storage system is studied in [15]. It is shown that the
thermal/ice storage can increase the flexibility of EH in
integrating energy resources, thereby reducing energy
purchasing cost. The wind power uncertainty is discussed in
[16] and [17]. A stochastic programming model is developed
for the EH with CCHP to minimize the total operation cost
[16], while a robust chance-constrained optimization
framework is proposed to discuss the optimal operation of an
EH [17]. Besides, demand response is proven can reduce the
energy purchasing cost of EH with CCHP [18]. Subsequently,
by utilizing the price-based demand response, a coordinated
operation of EH with CCHP is proposed to minimize the total
operation cost [19]. However, in [13]-[19], the optimal models
are only discussed from the perspective of economic cost. As
shown in [20]-[23], the environment also has a significant
influence on the optimal operation of EH with CCHP. In [20]
and [21], an optimal scheduling model is proposed to reduce
the total energy purchasing and GHG emissions cost. In [22],
considering the influence of the pollutant trading market on
total operation cost, an optimal scheduling strategy is
proposed to minimize the operation and emission cost of the
EH. While considering the environmental influence cost, a
single-objective model is constructed in [20]-[22]. This
formulation, however, results in a difficulty in coordinating the
operation cost and GHG emission. Therefore, a multi-
objective model for the EH with CCHP is proposed in [23]. As
the efficiency and emissions coefficients of CCHP are
considered as constants, the influence of the load rate on the
power efficiency and GHG emissions is ignored, although it
can play an important role in coordinating the operation cost
and GHG emission. Note that the researches in [13]-[23]
mainly focus on the optimal scheduling of the IES with a
single CCHP. The commitment operation of multiple CCHPs
with different capacities, which can significantly reduce GHG
emissions and improve energy efficiency, has been missing.
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TABLE |
LIST OF SOME STUDIES ON OPTIMAL OPERATION OF ENERGY HUB WITH CCHP
EH structures Nonlinear coupling of
Ref. converters storage uncertainty DR  CCHP power efficiency Objective Model
and GHG emissions

[13] S-CCHP ESS x x x Min. total energy purchasing cost SO
[14] S-CCHP, RES, GB, HE,AC, TES x \ x . - SO

EC Min. total operation cost
[15] S-CCHP, RES ESS, TES, 1SS v v x Min. total energy purchasing cost SO
[16] S-CCHP, EHP, RES < v < x Min. total operation cost SO
[17] CCHP, EHP, GB, ESS v < x Min. total operation cost SO
[18] S-CCHP, EHe, AC, EC, GF TES, ESS x N x Min. total energy purchasing cost SO
[19] S-CCHP, RES, HC TES v v x Min. total operation cost SO
[20] S-CCHP, RES, GB, HE, AC, TES, ISS, ESS x R x Min. total energy purchasingand SO

EC emissions costs
[21] S-CCHP, RES, AC, EHe ESS, ISS, TES x x x Min. total energy purchasingand SO

emissions costs

[22] S-CCHP, GT, GF, HRB, AC,  ESS, TSS x v x Min. total operation and SO

EC emissions costs
[23] S-CCHP, AC, EC, RES ESS, TES x R x Min. total energy purchasingand MO

emissions costs

Proposed  Multi-CCHPs, RES, EC, ESS, TES x x v Min. total operation and MO
model AC, GB, emissions costs

DR for demand response; S-CCHP for single CCHP; Multi-CCHP for multiple CCHPs; RES for renewable energy resources; HE for heating exchanger; EHP
for Electric Heat Pump; GT for gas turbine; GF for gas furnace; EHe for electric heater; HC for Heating coil; HRB for heat recovery boiler; ESS for electrical
storage system; ISS for ice storage system; SO for single-objective optimization; MO for multi-objective optimization. *(The total operation cost includes
energy purchasing cost, energy selling revenue, startup/shutdown cost, etc. @ v means that the item is considered, otherwise X is used.

On the other hand, the optimal operation of IES with CCHP
is modeled as a mixed-integer nonlinear programming
(MINLP) problem while considering storage energy systems,
nonlinear objective functions, etc. It is hard to solve the
MINLP model due to a computationally intensive NP-hard
model. Therefore, the model is usually transformed into
mixed-integer linear programming (MILP) [24], [25] or
nonlinear programming (NLP) [26]. For example, in [24], the
optimal model of IES with CCHP and wind power is modeled
as a MINLP problem and transformed into a MILP problem by
using a piecewise linear function. A MINLP problem is
proposed to minimize the total operation cost [25], in which
the model is transformed into a MILP problem by a linear
computation process. As such formulations will not change the
mix-integer nature of the problem [27], the computational
burden cannot be reduced significantly. Therefore,
transforming MINLP into NLP is gradually paid attention to.
In [26], mixed-integer variables are considered as continuous
variables by relaxing the lower limits of decision variables but
leading to the loss of computational accuracy.

In this paper, an optimal scheduling of the IES with
multiple CCHPs is proposed and modeled as a MINLP
problem to improve energy efficiency and reduce GHG
emissions. Moreover, the model is constructed as a multi-
objective problem to find the trade-off between these two
objectives. The notable feature of the proposed model is that
multiple CCHPs with different capacities can be flexibly
combined to follow different load levels. To improve the
computational efficiency and simultaneously keep high
computational accuracy, the proposed MINLP model is
transformed into a NLP one by a fast unit commitment
technique [28]. The main contributions of this paper are
summarized as follow.

e An EH framework is proposed to enable the commitment

operation of multiple CCHPs with different capacities to
coordinate multiple energy flows (i.e., electricity,

thermal, cooling, natural gas, and emissions), while
satisfying different load levels.
o An optimal scheduling of the IES with multiple CCHPs is
proposed to improve energy efficiency and reduce GHG
emissions, which is modeled as a MINLP model due to
considering the nonlinear coupling and unit commitment
of multiple CCHPs.
The proposed optimal scheduling is modeled as a multi-
objective model to achieve the trade-off between the
operation cost and GHG emissions, because the power

efficiency and GHG emissions can be regulated
according to the CCHP load rate.
e To improve the computational efficiency and

simultaneously ensure computational accuracy, the fast
unit commitment technique is used to transform the
proposed MINLP model into a NLP one based on the
approximation of the aggregated online capacity.

The remainder of this paper is organized as follows. In
Section II, the scheduling problem of the IES with multiple
CCHPs is proposed. The descriptions and mathematical
modeling of IES are addressed in Section III. In Section IV,
the optimal scheduling of the IES with multiple CCHPs is
proposed and modeled as a MINLP model. In Section V, the
proposed MINLP model is transformed into a NLP one by a
fast commitment method. Simulation results are provided to
validate the effectiveness of the proposed model in Section VI.
Finally, the conclusions are drawn in Section VII.

Il. PROBLEM DESCRIPTIONS

A. Efficiency and Emissions of CCHP Systems

The ability of the CCHP to significantly improve energy
efficiency and reduce GHG emissions gives the potential to
become a key solution for carbon neutrality. Note that the
energy efficiency here specifically refers to the energy
conversion efficiency. For clarity, we here discuss the
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nonlinear coupling between the power efficiency and GHG
emissions of CCHP and its load and capacity.

The power efficiency and GHG emissions of CCHP are
decided by its capacity and load rate [29], [30]. Moreover, the
power efficiency can be expressed with a second-order
polynomial of the load as [31], [32].

Te,i ) =a+b- PCCHP,i ®+c- PCCHP,iz ® (1a)

where ¢, <0, which means that the second-order polynomial

is open downward.

As for GHG emissions, an upward-opening polynomial plus
an exponential term related to the CCHP output power is
considered [33], [34]. Therefore, GHG emissions have a
strong nonlinear with its load, accompanied by a valley value.
For convenience, we use an upward-opening polynomial to
describe the relationship between the GHG emissions and the
load as.

_ 2
ECCHP,i (t) =, +:Bi . PCCHP,i (t) +7i PCCHP,i (t) (1b)
where 7; >0,
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Fig. 1. The relationship between power efficiency and the load
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Fig. 2. The relationship between GHG emissions and the load

Therefore, CCHP has different power efficiencies and
GHG emissions at different load levels, as shown in Figs. 1
and 2. At the low load levels, the power efficiency increases
with the load (see Points @ to € in Fig. 1). Meanwhile, GHG
emissions decrease (see Point @’ to ¢’ in Fig. 2). However, at
the high-load levels, GHG emissions increase with the load,
and the power efficiency decreases. In addition, the high-
power efficiency does not imply low GHG emissions.
Therefore, an appropriate load level can effectively coordinate
power efficiency and GHG emissions.

On the other hand, CCHPs with different capacities can
achieve different power efficiencies and GHG emissions, as
demonstrated in Figs. 1 and 2. For instance, CCHP with a
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higher capacity has a lower power efficiency and higher GHG
emissions at a low load level. At the high load level, CCHP
with the higher capacity has the better power efficiency and
lower GHG emissions. Therefore, multiple CCHPs with
different capacities can be combined to coordinate energy
efficiency and GHG emissions while satisfying different load
levels.

B. Scheduling Problem of IES with Multiple CCHP systems

As a typical application of multi-energy systems, the
integrated energy system on the demand side is here discussed.
To achieve an effective tradeoff between energy efficiency
and GHG emissions, an EH framework on multiple CCHPs
with different capacities is proposed, as illustrated in Fig. 3.
Note that each CCHP system consisting of a gas turbine and a
waste heat boiler links the power network, natural gas network,
and heating system.
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| |
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Fig. 3. The proposed framework of the EH with multiple CCHP systems

Instead of using a single CCHP with a large capacity,
multiple CCHPs with different capacities are here considered.
This is because multiple CCHPs can be flexibly combined to
ensure high power efficiency and low GHG emissions, while
following different load levels. For instance, in off-peak hours,
CCHP with a small capacity will run to avoid the low power
efficiency and high GHG emissions.

I1l. SYSTEM DESCRIPTION AND MATHEMATICAL MODELING

As shown in Fig. 3, the proposed EH framework includes
CCHPs systems, thermal energy storage, photovoltaic power
generation system, gas boiler, etc. Note that multiple CCHPs
are the key to the proposed framework, and the power, heating,
and cooling network are neglected due to the short-distance

energy supply [23], [35].
A. Multiple CCHP Systems

In CCHP systems, the relationships between the generated
electricity and the heating and natural gas consumption are
formulated as (1a) and (1b).

F (t) _ PCCHP,i (t) . . At 1
CCHP,i Ue,i(t) P (1c)
_ " Thh,i
Heerp,i (1) = Fecrpi (1) - (L= 77, (1)) oAt (1d)
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As multiple CCHPs are considered, the mixed-integer unit
commitment constraints of CCHP are considered. Typically,
three binary variables are used to describe the operational
status of every CCHP:

Y, () —z,(t) =v,(t) - v, (t-1) (e)
yi(M)+z(1) <1 (1)
Vit v (t), Y, 1),z (t) 0.1} (1g)

In (1e)- (1f), the binary variable v, (t) equals to 1 if the ith

CCHP is on and 0 otherwise. Likewise, the start-up and shut-
down status of the CCHP are shown by Y, (t) and z(t) .

Therefore, the maximum and minimum output powers are
constrained by (1h). Ramping constraints are expressed as (1i).
Besides, (1g) or (1k) describe the minimum up/down time to
avoid the frequent start/stop.

Pcngcip,i v (t) < PCCHP,i (t) < PCT:aHXP,i Vi (t) (1h)

PCCHP,i (t) - PCCHP,i (t _1) < (Vi (t _l) +Yi (t)) PCUCHP,i - At 1i
Pecrpi (1) = Pocipi (€ =1) = —(v; (1) + 7, (1)) - PCdCHP,i <At 4
il—vi =0
k%flvi (©) >UTy. (), Vk = & +1..T —UT, +1

t=k (19)
dvit)-y,(®)=0,vk =T -UT, +2..T
& =min{T,(UT, -U?)y, (t=0)}
ivi =0
“f’ll_vi (t)> DTz (), vk = & +1..T DT +1

P (1k)
il—vi t)-zt)=0,vk=T -DT,+2..T
g, =min{T,(DT, - S)(L-v,(t =0))}

B. Thermal Energy System

Constraints for the thermal energy system are shown in (2).
The heat variation of the thermal energy system during an
interval At is shown by (2a). With (2b), the upper and lower
limits of the thermal energy system are considered.
Constraints (2c) and (2d) refer to the injecting and drawing
heat during At. Injecting and drawing thermal energy cannot
coexist by (2e).

Ques (= Qs (t-1)- A 1)+ (- Hn )~ ) at (2g)
e < Qs () < QIR (2b)

0<HE (M) < H (20)

0< HTdés (O Mo - Hg:ax (2d)

HE, (1)20

Hits () >0 (@)

H'Ii'TES (t) : HTdés (t) =0, and {

C. Electric Vehicles

Likewise, constraints for electric vehicles are set according
to (3). Constraint (3a) represents the stored energy of the jth
electric vehicle at time t. By (3b) and (3c), the charge and
discharge will be kept within the capacity scope. Constraints
(3d) and (3e) pose limits on the discharge and charge power.
With (3f), the battery cannot charge and discharge
simultaneously. In (3g), the upper and lower limits of capacity
are considered.

Cl 1 Cl
EEv,j(t) = EEV,j(t -1 /e PEVh,j(t) -At- : PEdV'?j (t)- At (3a)

dch, j

1 ¥

0< ’ PEdvr,]j (t)-At< EEV,j (t-1) (3b)
dch, j
0<n,;-PYy,;{)-At<Cap,—E. (t-1) (3¢)
0<PY () <PM™ (3d)
0< Ry, () < P (3e)
P (1)>0

PI (1) P& (t)=0, and{ "~ 3f
EV,j EV,j PEd\(;'jJ (t) 2 0 ( )
Eo" < Egy () <Eg, ™ (39)

D. Photovoltaic Power Generation System

The power output of the photovoltaic system is modeled as
a deterministic model and expressed as [14], [23]

Py (t) =775, -S - 1(t)-[1-0.005- (Tout (t) +25)] 4)

E. Gas Boiler

The relationship between natural gas consumption and the
heating output of the gas boiler is given in (5a). Ramping
constraints are expressed in (5b). With (5¢), the maximum and
minimum output heating powers are considered.

R =125

5a

Mes ( )

—H& At <H g (1) —Hgg (t—1) < HY, - At (5b)
Hee' < Hgs (t) <HG (5¢)

F. Electric Chiller

With the coefficient of performance, the cooling produced
by the electric chiller is expressed in (6a). By (6b), the
maximum and minimum output powers are considered.

CEC (t) = PEC (t) - COPgc

P <P (t) < P&

(6a)

(6b)
G. Absorption Chiller

Similarly, the cooling generated by the absorption chiller is
given in (7a). At the same time, the maximum and minimum
output heating powers are considered by (7b).
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CAC (t) =H AC (t) *COP
HAE <H,o(t) <H (7b)

(72)

IV. OPTIMAL SCHEDULING OF IES WITH MULTIPLE CCHPs

A. Objective Function

As stated in Section II. A, the second-order polynomial has
an opening downward for GHG emissions, while for the
power efficiency, the opening is downward. At the same time,
the largest power efficiency and the lowest GHG emissions
will not appear at the same load rate. Therefore, there is a
conflict between the operation cost and GHG emissions. To
find a solution to coordinate the operation cost and GHG
emissions, a multi-objective optimal scheduling of IES with
multiple CCHPs is proposed, as shown in (8).

min (F¢, F™) (8)
where

FO=YRO+FO-FO+F°0)

F e = i Etotal (t) (10)

Equation (9) shows that the operation cost consists of the

electricity cost, gas cost, electricity revenue, and
startup/shutdown cost of CCHPs. The specific calculation is as
follow:

F7 (1) =P™(t)-c,(t)- At
FgP (t) _ anet (t) 'Cg (t)
FS(t) =P, (t)-c,(t)- At

FO0) =3 (0 i)+ 2, (1)

i=1 t=1

B. Energy Balance Constraints

According to Fig. 3, the electrical, thermal, cooling, natural
gas, and emissions balances are given in (11)-(15).

L) = P™(0) + Py 1)+ Py (0 + 3 P ()
. =1 1= (11)
- Z PECVh,j (t) - PEC (t) -p (t)

L= Hoowe, (0 + Heo0)+ HE O - HE O~ Hoc ) (12)

L ®= Cec ®+ Cac 0 (13)
ng = Fes )+ Zn: FCCHP,i (t) (14)
Eoa )= Penet (t)- Hpc ‘At+ Fgg (t)- Hy + Zn: ECCHP‘i (1) (15)

i=1
C. Multiple Energy Exchanged Constraints

The power exchange between EH and the power grid is
restricted by (16a) and (16b). Meanwhile, constraint (16c)
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ensures that purchasing and selling of electricity do not exist
simultaneously. The gas transmission between EH and the
natural gas network is limited as (17).

0<P™(t) <Py (16a)
0< P (t) < P (16b)
R™(®)-P™(t)=0 (16c)

0< Fg”et t)y<F> (17)

Therefore, while considering (1)-(17), the multi-objective
optimal scheduling of the IES with multiple CCHPs as a
MINLP problem is proposed to minimize both operation cost
and GHG emissions. To solve the proposed MINLP model,
the DICOPT solver under GAMS is used, which is widely
used due to its ability to quickly solve non-convex problems
and match the best algorithms to the problem [36].

V. PROPOSED NLP MODEL AND SOLUTION

A. Fast Unit Commitment Technique

The proposed MINLP model as a NP-hard problem is
difficult to be solved high efficiently. To improve the
computational efficiency, a fast unit commitment technique
[28] is used to transform the proposed MINLP model into a
NLP one by approximating the rigorous unit commitment
constraints. The fast unit commitment method mainly includes
two steps: (a) the units with similar operation characteristics
are aggregated as a group; (b) continuous variables which are
used to describe different groups are introduced to
approximate commitment decisions. Every CCHP is here
considered as a group due to small-scale CCHPs. As a result,
the continue variable (i.e., the online capacity), which is used
to describe a group, can determine the on/off of individual
CCHP. In other words, while the online capacity of the ith
CCHP is equal to 0, the ith CCHP is off, and vice versa.

According to the rigorous unit commitment constraints in
(1e)-(1g), the aggregated behaviors of CCHPs can be
described as

$o(t) = 200 Figle,) (18)
S¢ =2 (40P (19)
$o) = 2@ 0P, (20)

where K indicates the number of CCHPs within the
group. §k° (t) is the online capacity, defined as the sum of the
capacities of the k™" group CCHPs that are operating at time
t; ét’ (t) is the startup capacity, defined as the sum of the

capacities of the k™ group startup CCHPs at time t; ékD (t)is

the shutdown capacity, defined as the sum of the capacities of
the k™ group shut down CCHPs at time t.

As shown in (18), §,? (t) determined by the binary variable
v, (t) , which leads to the discrete solution and decreases the



This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JI0T.2023.3304644

computational efficiency. Therefore, S°(t) is relaxed as a
continuous variable S_(t) shown in (21).

0<S2()<S, (21)
Similarly, SV (t) and SP(t) are expressed as
0<S/ (1), S ()<S, (22)

In (21) and (22), S, represents the total capacity of the k™
group CCHPs, which is defined as

I
SkI = z Pcr?:aﬁp,i
i=1

According to (1e), three continuous variables in (21) and
(22) satisfy the following expression.

SP(t)-S; ) =S t-1)-S. () (24)

In this case, a total of 3% K binary variables, which define
the on/off, startup, and shutdown status of CCHPs in group k,
are replaced by 3 continuous variables identifying the online,
startup, and shutdown capacities. This approach not only
transforms the mixed-integer problem into a computationally
efficient continuous problem, but also significantly reduces the
number of decision variables.

Therefore, based on the continuous variable defined in (21)
and (22), the maximum and minimum limits of the power
output of the kth group CCHPs at time t are expressed as

A-SPM)<RM)<A-S(t)

where A and A, denote the ratios of maximum and minimum

power output with respect to the capacity for the k™ group
CCHP and satisfy:

(23)

(25a)

'E\< =ZI:(&| 'Pcr?:aHXP,i)/Sl

(25b)

M_

(¢ ‘Pcrgaﬁp,i)/&

i=1

In (25b), & and @& are the ratios of minimum and

maximum power outputs with respect to its nameplate
capacity for the ith CCHP in the kth group.
Then, with (21)-(25), the (1h) is reformulated as

P.)-R - <(A®)-S’ ) -A®)-S (1)
+R(S ()-8 (t) - S (t+1)- At

P.(H)-PR(t-)> (A1)’ () - A1) S (1)
—RI(SS (M) -SY (1) -S) (t-1))- At

(26)

where R, and de respectively represent the ratios of the

upward and downward ramping power to the online capacity
for the k™ CCHPs group, which are calculated similarly to the
procedure specified in (25b).

For the minimum online/offline constraints, applying the
three continuous variables described in (21)-(22), constraints
(19)- (1h) are reformulated in (27a)- (27b).

0<S2(L)<S2(0)

t-1

0<SP(t+1) <S2(1)-> S/ (t—-7), 1<t<UT-1 (27a)
7=0
uT-2

0<S2(t+1)<S2()- > S/ (t-7), UT<t<T-1
=0

0<sY()<S, —S°(0)

t-1
0<S/(t+1)<S, —S2(t) - > S (t—7), 1<t<DT -1 (27h)
=0

DT -2
0<S/(t+1)<S, -S2(t)— D S (t—7), DT <t<T -1

7=0

where S2(0) is the online capacity of the k™ group CCHPs at

the initial time, and T is the number of time intervals.

Finally, the efficiency and emission of CCHPs are
expressed with (28) and (29), and the startup and shutdown
cost functions are represented in (30).

n)=A +B R ({t)+C -R*(t) (28)
E () =a +B RO+ R (29)
RP®)=C.-S ®)+Cc-S (1) (30)

where A, , B, , and C, are the equivalent efficiency
coefficients; «, , B , and ¥, are the equivalent emission

coefficients; C, and C. define fuel costs per unit startup and

shutdown capacities respectively.

Therefore, the MINLP model proposed in Section 1V is
transformed into a NLP model with the objective (8) and
constraints (1c)-(1d), (2)-(7), and (9)-(30). The CONOPT
solver based on the generalized reduced gradient algorithm in
GAMS is used to solve the proposed NLP model, as it can
deal with the large-scale nonlinear optimization [36]. When
the largest component of the reduced gradient is less than the
tolerance with default value 1.e-7, the best solution will be
found.

B. Multi-Objective to Single Objective Transformation

As the e-constraint method can efficiently obtain the Pareto
optimal solution set without the requirement of a unified scale
and provide a representative subset of the Pareto set which in
most cases is adequate [37], it is here used to solve the
proposed multi-objective optimal problem. Although this
method has been proposed for many years, it is effective in
dealing with the multi-objective optimization problem and has
been extensively used [23], [34], [38], [39]. According to this
method, the number of the Pareto optimal solution can be
adjusted by the number of grid points in each one of the
objective functions. While using the fuzzy satisfying method
[23], [40]-[42], the best compromise solution from the Pareto
optimal solution set can be obtained. The procedure is
described in detail, as follows.

Step 1): Find the maximum and minimum of the cost
function (7) and the emission function (8).
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Step 2): Divide the range of the emissions objective
functions into p equal intervals. Therefore, there are in total
(p+1) grid points and the value of the I point is as:

EM EM
F _F

mn | 1=01,...,p

_ EM
& _Fmax -

Step 3): Add the emissions objective function to the
constraint in the 1™ calculation as

F™<g
Step 4): Minimize F°¢ to obtain Pareto-optimal solution by
(34) and form the Pareto optimal solution set.
min F¢
F& <g (34)

subjected to: { ]
constraints (1) — (5), (7) — (13), and (16a) — (33)

Step 5): Define the following membership functions to
choose the best solution from Pareto optimal solution set.

0 otherwise
/UFP(XI) = Fpmax B Fp(xl)

max min
FP FP

min max 35
F<F(X)<F (35)

where |:pmax and Fpm‘” are the maximum and minimum values

in the Pareto optimal front for the p" objective
function. F, (X)) and 1™ are the value of the I™ solution in

the Pareto optimal front for the p™ objective function and its
corresponding membership function, respectively. The value

of ™™V varies between 0 to 1 and shows the success degree
of F,(X;) in minimizing the objective function p.

Step 6): Find the best solution based on the membership
functions as:

R Fo (X1)
max(min u °
I=lin (p:l:2 H )

(36)

C. Solution Algorithm

According to the above solution, the algorithm shown in
Algorithm 1 is used to perform the optimal dispatch.

8

Step 4: Minimize cost function (7) to obtain the
Pareto optimal solution set according to (34).
d. Choose the best solution from Pareto optimal
solution set by the following steps.
Step 1: Define membership functions for OF°®
and OF®™ according to (35).
Step 2: Find the best solution according to (36).
e. Send the optimal dispatch such as P™(t), P& (t)
Por (1), Pec®), Pic() to each subsystem.
f. Time T+1, return to step b.

Algorithm 1 Optimal dispatch of the proposed EH

a. Initialization: Input EH parameters such as initial
values (e.g. U’,s), maximum and minimum of
each subsystem (e.g., Q& / Qun | P& [ PEY),
ramping rate (e.g., Pr./Psr. ).

Main procedure:

b. Update state parameters such as demands and
prices at t (e.g., L), ¢ (1)), states at t-1
(e.g. PCCHP‘i(t_l) y Pes(t—1) )

c. Solve the scheduling model (6) subjected to (1) -
(5), (7)-(13), and (16)-(33) by following steps.
Step 1: Find the maximum and minimum of the
cost function (7) and emission function (8).

Step 2: Divide the range of the emissions
objective functions into | equal intervals.

Step 3: Add the emission objective to the
constraints.

VI. SIMULATIONS AND RESULTS

A. System Parameters

The architecture of the IES is shown in Fig. 1. The cooling,
heating, and electricity loads on typical days are illustrated in
Fig. 4. The time-of-use prices of electricity, gas, and selling
electricity are given in Table II [14]. While using the time-
series model [43], the forecasted solar radiation is shown in
Fig. 5. We assumed that the departure and arrival times of EVs
are respectively 8:00 a.m. and 17:00 p.m., and their initial and
arrival battery SOC levels obey normal distributions simulated
by the Monte Carlo method. The parameters of EVs, the
emission factor of the electricity from the grid, the cooling
coefficient of electric chiller, the cooling coefficient of
adsorption chiller, etc., are given in Table III [14], [23]. Three
CCHPs are here considered, and the relevant parameters are
shown in Table IV [32], [44]. Note that for three CCHPs,
CCHP1 has the minimal capacity, while CCHP3 has the
maximal capacity.

18:00 21:00 24:00

15:00

12:00

Time
(@) On atypical summer day
25 ‘ —— Electricity load — = Heating load ---+- Cooling load
- -~
N ’ =
20 s’ - > ~ b
7 ~
- ~
= 15+ 4 ’ N 1
= s Mo
:L: ’ \
7’
k- o v
5 m
0 . . . . . . .
3:00 6:00 9:00 12:00 15:00 18:00 21:00 24:00
Time

(b) On atypical winter day
Fig. 4. Cooling, heating, and electricity loads on typical days
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Fig. 5. The forecasted solar radiation using the time-series model
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TABLE I
TIME-OF-USE ELECTRICITY PRICE, GAS PRICE, AND SELLING TARIFF

B. Results and Discussions

To validate the effectiveness of the proposed MINLP and
NLP model, comparisons among MINLP, NLP, and the IES
with a single CCHP (IES-SC) are conducted on summer and
winter scenarios.

1) Total Operation cost and GHG Emissions

As shown in Table V, both summer and winter days, the
operation cost and GHG emissions of MINLP are lower than
those of IES-SC. As multiple CCHPs can be coordinated to
improve the energy efficiency according to MINLP, the
natural gas and electricity purchased from external networks
are lower. This results in significantly lower gas and electricity
costs in both summer and winter compared with IES-SC. On

] Electricity c, (t) Gas c, (t) Revenue ¢, (t) the other hand, by MINLP, the less natural gas results in less
Time (¥lWh) (4m?) (¥KWh) GHG emissions generated by CCHPs in summer and winter,
7:00-10:00 0.678 2.73 0.691 compared with IES-SC. As a result, the total operation cost
10:00-16:00 1.009 2.73 1.024 and GHG emissions of MINLP are lower than those of IES-SC,
ig;gg:g;gg g'ggg g;g g'ggi although there are some differences in start-up/shut-down
22:00-7:00 0356 273 0356 costs, revenue for the electricity sale, and emissions from the
gas boiler and network electricity. Therefore, considering

TABLE III multiple CCHPs in the optimal scheduling of IES has better

THE PARAMETERS OF OTHER SUBSYSTEMS IN IES . . . .

—— v rm— VA advantages over a single CCHP in improving energy
Tf]e imber STEVS 500 ; 9681230 efficiency and reducing GHG emissions.

S Hoe ! Hee As shown in Table V, the total operation cost of NLP does
Departure/arrival times  8:00am./17:00p.m. | cop,. /cop,, 412 not increase significantly compared with that of MINLP, in
Capacity 27.4 H e/ g 0/4 both summer and winter. This is because although the

I 3.6/2.9 v g 0.2/02 electricity cost is higher, the gas and start-up/shut-down costs
Pchj /Pdchj e HGB/ HGB = H H
: : are lower on a summer day. On a winter day, the difference of
Ten i e, 0.92/0.92 HA THE 5/0 the electricity cost, gas cost, and the revenue for electricity is
SOC,, SOC, ~ N(0.3,0.01) pmax / pmin 45/0 slight in MINLP and NLP, while the startup/shutdown costs
soc,, SOC, ~ N(0.3,0.01) pr | po 10110 are the same. Regarding GHG emissions, the total GHG
' 1000 emissions of NLP are slightly higher, because NLP has higher
Foe GHG emissions from CCHPs and network electricity than
MINLP does on a summer day. However, on a winter day,
TABLE TV NLP has basically th GHG emissi MINLP
THE PARAMETERS OF CCHP SYSTEMS IN MINLP/NLP AND IES-SC as basically the same emissions as ,
Symbol Quantity MINLP/NLP IES.5C because of_the slightly different GHG emissions from CCHPs,
CCHPL cchp2 cchpal scchp - the gas boiler, and the network electricity. Note that the total
C.ic, Start-up/shut-down cost 56.6 623 782 - operation cost and GHG emissions in both cases are lower
o /ps Ramping up/down rate 009 012 018 039 than those of IES-SC. On the other hand, as shown in Table VI,
g Capacity 3 4 6 13 the computational speed for NLP is 4.01-times faster than
P /P, Maximum/minimum power ~ 3/0.3 4/0.4 6/0.6 13/1.3 MINLP on a summer day. Similarly, 3.86-times improvement
UW WHB efficiency 08 08 08 08 in computational speed for the winter case bet\_/veen NI__P and
a First efficiency coefficient 027 0255 0228 0193 MINLP can_be found. Therefore,_ the fas_t _unlt commltmgnt
b (10?) Second efficiency coefficient 7.33 7.8  6.24 3.77 method can improve the computational efficiency of IES with
¢ (10?) Third efficiency coefficient ~ -1.67 -1.32 -0.75 | -0.21 multiple CCHPs, while ensuring calculation accuracy.
o First emission coefficient 69.3 765 833 2445
B Second emission coefficient  -37.5 -355 -29.2 -37.6
y Third emission coefficient 121 84 4.6 2.72
TABLEV
COMPARISONS OF COSTS AND EMISSIONS OF IES-SC, MINLP, AND NLP
Results Summer Winter
IES-SC MINLP NLP IES-SC MINLP NLP
Electricity Cost (34 105839.9 101644.2 102829.5 113.9 29.9 22.9
Gas cost (¥ 69905.6 65223.5 64730.8 190484.9 189590.5 189574.8
Start-up/shut-down cost (¥ 0 788.4 337 0 113.2 113.2
Revenue for the electricity sale (¥ 0 0 0 74541.9 73891.7 73862.5
Total costs (¥ 1757455 167656.1 167897.3 116056.9 115841.9 115848.4
Emissions from CCHP (kg) 14771.3 6185.2 7646.3 16509.1 15119.5 15189.0
Emissions from GB (kg) 0 0 0 36.6 100.2 100.2
Emissions from network electricity (kg) 155947.5 157108.2 158715.7 309.8 81.4 62.2
Total emissions (kg) 170718.8 163293.4 166362.0 16855.5 15301.1 15351.4
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TABLE VI
THE COMPUTATIONAL TIME OF MINLP AND NLP
computational Time(s) Times
MINLP NLP
Summer 9959 2485 4.01
Winter 7121 1844 3.86

2) Overall Power Efficiency and GHG Emissions of
CCHPs

To compare the power efficiency of IES-SC, MINLP, and
NLP, we here define the overall power efficiency of CCHPs in
the IES:

Zn:(ne-i (t)- Pectp.i ®)
N () = -
Z Pecre, ®

Compared with S-CCHP in IES-SC, the overall power
efficiency of CCHPs in MINLP on a summer day is always
higher and the GHG emissions are lower, as shown in Fig. 6.
This is because CCHPs in MINLP are combined to follow
load changes by optimally committing CCHPs, as illustrated
in Fig. 7. In detail, CCHP2 works during 0:00-1:15 and 22:45-
24:00; following the change of load, CCHP1 works from 1:15
to 6:30, CCHP3 works between 6:45 to 9:30; to satisfy the
increase of electricity and cooling load, CCHP1 and CCHP2
work together about 9:30-12:45; while CCHP3 run to meet the
demand during 12:45-22:45. On the contrary, S-CCHP with
the large capacity in IES-SC always runs with lower power

efficiency and higher GHG emissions due to the small demand.
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Fig. 6. Overall power efficiency and GHG emissions of CCHPs on a summer
day
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Compared with MINLP, NLP has the lower overall power
efficiency and the higher GHG emissions during 0:15-6:30
and 22:45-24:00, as shown in Fig. 6. This is because NLP is
approximated based on the online capacity, leading to the
combination of CCHPs in NLP being different from that in
MINLP, as illustrated in Fig. 7. For instance, during 1:15-6:30,
CCHP1 in MINLP works, while for NLP, CCHP2 and CCHP3
respectively work during 1:15-4:30 and 4:30-6:30. This will
result in a slight difference in overall power efficiency and
GHG emissions between NLP and MINLP, as shown in Fig. 6.
In other periods, the difference is smaller even equal to 0.
Therefore, although NLP has some loss of accuracy compared
with MINLP, the loss is very small. In summary, the overall
power efficiency and GHG emissions of CCHPs in NLP and
MINLP are not significantly different and are better than those
of IES-SC.
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On a winter day, the overall power efficiency of CCHPs for
MINLP is higher than that of S-CCHP in IES-SC, except for
about 6: 00 or 22: 00, as shown in Fig. 8. The GHG emissions
of MINLP are lower on the whole day. This is because CCHPs
in MINLP are coordinated to match load levels with high
efficiency and low GHG emissions shown in Fig. 8. For
instance, around 0:00-6:00 and 22:45-24:00, CCHP2 and
CCHP3 work together to maintain higher efficiency and lower
GHG emissions. Then, as the loads increase, three CCHPs in
MINLP operate. For IES-SC, although S-CCHP with a large
capacity works at a high load rate, high load rate does not
mean low operation cost and GHG emissions, as demonstrated
in Section I1-A.

1+
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Fig. 9. Unit commitment of CCHPs on a winter day

As for MINLP and NLP, the differences in overall power
efficiency and GHG emissions of CCHPs are quite small, as
shown in Fig. 8. The discrepancies are mainly attributed to the
approximation of ramping constraints. As shown in Fig. 8,
CCHP1 of MINLP starts at 6:15 and stops at 22:45, while
CCHP1 of NLP starts at 6:30 and stops at 22:30. This will
result in a slightly higher overall power efficiency of CCHP
and slightly lower GHG emissions, compared with NLP.

In summary, the proposed MINLP can improve energy
efficiency and reduce GHG emissions, compared with IES-SC,
whether in winter or summer. Moreover, the proposed NLP
can maintain the computational accuracy and improve the
computational efficiency compared with MINLP.

3) Coordination of Multiple Energy Flows

To clarify the coordination of multi-energy flows in the
IESs by committing multiple CCHPs, we take the time
window of 1:00-10:00 on a summer day as an example, as
illustrated in Figs. 10 and 11.

During 1:00-7:00, both on IES-SC, MINLP, and NLP, IESs
buy a lot of electricity from the power grid due to the
electricity price being off-peak, as shown in Fig.10. Currently,
CCHPs operate at the minimum operating point. From 7:00 to
10:00, with electricity price and loads increasing, the
electricity purchased from the grid decreases and the
electricity generated by CCHPs increases. At these times, the
electricity is used for electricity demand, charging of electric
vehicles, and cooling demand. The heating generated by
CCHPs is used to meet heating demand and for refrigeration,
as shown in Fig.11.
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For MINLP and NLP, different unit commitments of
CCHPs affected by the approximation of start-up and shut-
down costs can be observed, but total outputs of CCHPs are
the same, as shown in Fig.10. Therefore, the outputs of other
subsystems in NLP are the same as those of MINLP. The
comparison further confirms the effectiveness of NLP in the
optimal scheduling of IES.
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However, total outputs of CCHPs are different for IES-SC
and MINLP or NLP, as shown in Fig.10. For example,
between 1:00-7:00, the output of CCHP in MINLP or NLP is
less than S-CCHP, which results in more electricity purchased
from the power grid. Nonetheless, the operation cost of
MINLP or NLP is less than IES-SC, because the electricity
price is off-peak. Furthermore, due to the lower power
efficiency and higher GHG emissions at the minimum output
of large-capacity S-CCHP, the operation cost and GHG

Authorized licensed use limited to: to IEEExplore provided by University Libraries | Virginia Tech. Downloaded on August 15,2023 at 20:55:24 UTC from IEEE Xplore. Restrictions apply.
© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.


javascript:;

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JI0T.2023.3304644

emissions of IES-SC are higher. To sum up, IES can
coordinate multi-energy flow by multi-CCHP commitments to
reduce operation cost and GHG emissions.

VII. CONCLUSION

In this paper, an optimal EH model is proposed to minimize
operation cost and GHG emissions considering multiple
CCHPs with different capacities. With the constraints such as
the unit commitment of CCHPs and the nonlinear couplings
between the power efficiency and GHG emissions of CCHP
and its load rate, the proposed multi-objective problem is
constructed as a MINLP model. To improve the computational
efficiency, the proposed MINLP model is transformed into a
NLP one by the fast unit commitment method. Simulation
results show that compared with IES with a single CCHP, the
proposed MINLP and NLP can effectively reduce the
operation cost and GHG emissions; in particular, the proposed
NLP has a faster computational speed while keeping a high
computational accuracy in comparison to the proposed
MINLP.

The commitment operation of multiple CCHPs can not only
improve the economy and environmental-friendliness of IES,
but also improve the flexibility of IES, which is helpful in
ensuring the normal operation of IES in some serious cases
like strong uncertainties. Therefore, our future work will focus
on the optimal operation of multiple CCHPs in these cases.
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