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Optimal Stochastic Deployment of Heterogeneous
Energy Storage in a Residential Multi-Energy
Microgrid with Demand-Side Management

Zhengmao Li, Student Member, IEEE, Yan Xu, Senior Member, IEEE, Xue Feng, Member, IEEE, and
Qiuwei Wu, Senior Member, IEEE

Abstract—The optimal deployment of heterogeneous energy
storage (HES), which mainly consists of electrical and thermal
energy storage, is essential for increasing the holistic energy
utilization efficiency of multi-energy systems. Consequently, this
paper proposes a risk-averse method for HES deployment in a
residential multi-energy microgrid (RMEMG), considering the
diverse uncertainties and multi-energy demand-side management
(DSM). Apart from the HES size, location planning, its optimal
investment phase is also determined by maximizing the system
equivalent daily profit (EDP) and minimizing the risk. To handle
the system uncertainties from renewable energy sources (RES),
power demands, outdoor temperature, and residential hot water
needs, the multi-stage adaptive stochastic optimization (SO)
approach is utilized. Then through the constraint linearization
and stochastic scenario sampling, the original nonlinear
deployment model is converted to a mixed-integer linear
programming one and tested on an IEEE 33-bus distribution
network based RMEMG. The effectiveness of the proposed
method is verified by comparing it with the existing practices. The
comparison results indicate that the proposed risk-averse
deployment method can effectively increase the system EDP and
more immune to the uncertainties. Besides, this method can be
practically applied for the emerging RMEMGs, such as smart
buildings, intelligent homes, etc., which get long-term DSM
contracts.

Index Terms—heterogeneous energy storage (HES), risk-averse
deployment, residential multi-energy microgrid (RMEMG),
multi-energy demand-side management (DSM), multi-stage
adaptive stochastic optimization
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Area of the building envelope

Maximal energy capacity for the HES system
The temperature of inlet water for water tanks
Temperature set-point for room/hot water
Substation voltage/maximal voltage deviation
The volume of the room/hot water needed

The generalized symbol for power outputs of
WTs and PVs

The generalized symbol for the outdoor
temperature and multi-energy demands
Correction factor due to solar irradiation/wind
blow

Minimal/maximal DG output ratio

The maximal charging/discharging power ratio
of the energy storage to its capacity

The ratio of intrusion loss to basic thermal
transfer loss

The leakage loss ratio of the energy storage
Minimal/maximal state of charge for energy
storage

Unit dispatch interval

Maximal temperature deviation for room/ hot
water

The ratio of HES salvage value to its investment
cost
Charging/discharging
storage

Electrical efficiency of CCHP plants

Charging/ discharging efficiency of thermal
storage

The weighted risk factor

Scale parameters for Beta Distribution
Emission penalty price of CCHP plants/utility
grid
Mean/standard
Distribution
Water/air density
The decay rate of thermal/battery storage
Power purchasing/selling price between MEMG
and utility grid

The unit maintenance cost of generators/storage
Unit investment cost of energy storage

Nature gas price

Power/heat/cooling retail prices to the local
customers

Power/heat /cooling retail prices to the local
customers

The unit subsidy price for RES

efficiency of battery

deviation for Normal

The project VaR

Binary indicator for the state of price or load
levels

The project EDP

Fuel/power transaction cost

Investment cost/salvage value.

Maintenance/gas emission cost

Revenue from local customers/RES subsidy
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Cs/Csp Start-up/shut-down cost
E/E; Energy stored in the thermal/battery storage
Hy/H .y Basic/additional thermal transfer loss
He/Her Infiltration/intrusion thermal loss
Hew/Hee Heat/cooling output of electric boilers/chillers.
Hyy [Hye Heat/cooling output of CCHP plants
H;«/Hypp Charging /discharging power of thermal storage
Hy/Hyer Total space thermal demands/net thermal
Pur The power output of CCHP plants
Pyo/Psp Charging/ discharging power of battery storage

Purchasing/selling power between MEMG and
Py /Py .

utility
Pyo/ P Generalized power output for generators/storage
Pey/Prc Power input for electric boilers/chillers.
Por/ O Active/reactive power flow

Active/reactive power loads after demand
P RL/ QRL

response

Pt 106" Parallel active/ reactive power of branch b
Rpeon/Rpcur Maximal ramping down/up limits

Ss The capacity of the energy storage

The effective capacity of energy storage

Sesta considering the leakage loss

T/ Tor Indoor/outdoor temperature

T The temperature of the water inside the water
o tank

U Binary state to indicate the on-off status of
P generators

Binary state to denote investment decisions for

Uss HES

Usse/Ussp Binary charging/discharging states of HES

Vsus Bus voltage

I. INTRODUCTION

NERGY storage is to capture the energy produced at one

time for later use [1]. Its optimal deployment in the energy
systems is essential for providing numerical benefits, such as
tackling the intermittent power outputs from RES, achieving
higher energy utilization flexibility, shaving peak energy
demands, improving the voltage profile, etc. [2]-[3].

For the existing research on the deployment of energy
storage, currently, it focuses mainly on electrical energy
storage (EES). Ref. [4] formulates an optimal placement model
for the EES in a power network to shift loads and minimize the
generation cost. In [5], a cost-effective method for EES sizing
in the distribution system is proposed. This method decides the
optimal EES capacity regarding its operating cost under
different RES penetration levels. Ref. [6] presents a model for
integrating EES in a microgrid at the minimum cost, to analyze
its potential advantages with different conceivable regulatory
services. Ref. [7] determines the optimal EES size in the
RES-integrated power system to get the minimal system
operating cost. However, in the above research, the EES only
facilitates RES integration without considering a system-wide
operation. Hence, their deployment solutions may not be
optimal from the system perspective. Therefore, ref. [3] studies
the EES deployment in a microgrid based on cost-benefit
analysis. The time series and neural network techniques are
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used to forecast the wind speed and solar radiations,
respectively. In [8], to determine the optimal EES size and
location, the probabilistic load model is adopted to incorporate
more load scenarios. The above research has utilized the
deterministic optimization method by assuming that there is
perfect information about the RES generation and end-user
energy consumption. Nonetheless, the RES and energy
consumption are intrinsically uncertain, which makes the
solutions from the deterministic method unreliable.

In the literature, to deal with system uncertainties in the
deployment of energy storage, various approaches are
employed. In [9], the optimal EES deployment is obtained by
the deterministic optimization tool with the uncertainties
addressed by the model predictive control method. Ref. [10]
studies the optimal EES sizing problem to minimize the annual
cost by a bi-level programming method. The uncertainties are
managed by the system reserve. Though the uncertainties are
considered, both works still use deterministic models, which
fail to provide a reliable or robust deployment plan. Regarding
this, the stochastic and rubout optimization approaches have
been employed. Authors in [11] propose a stochastic
optimization (SO) method for EES sizing in a wind-diesel-
based isolated grid. In [12], the optimal EES sizing problem in
microgrids with highly penetrated wind energy is solved by the
unit-commitment-based robust optimization method. Authors
in [13] investigate an efficient cost-reliability optimization
method to obtain the optimal EES location and size in a
microgrid considering the DSM for electricity. To handle the
uncertainties from wind turbines (WTs), the SO method is
utilized. Ref. [14] introduces the SO approach for EES
deployment in remote systems, to reduce the system operating
cost. Authors in [15] propose a joint robust capacity
optimization method for EES and distributed generators to save
the operating cost under the fluctuating RES outputs. For the
long-term planning research, the worst-case-oriented robust
optimization method tends to be too conservative compared
with the stochastic one, and highly depends on the predefined
uncertainty budgets. As for the stochastic approach, currently,
the majority are risk-neutral [13], [14], however, neglecting the
risk will result in a threat to the reliability of microgrids. In this
regard, the project managers would be willing to choose a
solution with higher operational costs but lower risk [16].

Besides, most of the existing research work focuses only on
the deployment of EES in the power system. Nonetheless,
recent years have seen a dramatic development of multi-energy
systems, which integrate the increasing power, heat, and
cooling energy carriers [17]. At the distribution network level,
multi-energy systems are usually realized in the form of
RMEMGs, such as smart buildings, intelligent homes, etc [18],
which require plenty of thermal demands. In this regard, to
effectively enhance the holistic energy efficiency and operation
flexibility, the EES deployment is shifted to HES deployment
in the RMEMGs, with the uncertainties from only the power
system to multi-energy systems, such as the outdoor
temperature or thermal demands [19]. However, in the
literature, very limited research work has been done in this area.
Ref. [20] plans the HES size aiming to minimize the project

3

cost and gas emissions by a two-stage solution method. The
first stage uses the genetic algorithm to solve the planning
problem and the second stage applies the MILP solvers to get
the operating solution. In [21], both the system structure and
HES capacity configuration are studied in a planning
framework of the smart microgrid. Then, a MILP based
planning model was proposed to minimize the total operating
cost. The study in [22] proposes a novel optimal design model
for a microgrid that involves HES. To reduce the computational
burden, the model uses the typical design days to represent the
yearly horizon. Though the above research investigates the
HES deployment, the network constraints and the effects of
multi-energy uncertainty sources are totally ignored. In this
regard, the system reliability cannot be guaranteed, and their
solutions are not practical for the real application.

Furthermore, as the DSM is a promising and effective
solution to support the system operation as well as save energy
bills for residents, currently, there is a widespread installation
of the smart meters in residential buildings with a long-term
DSM contract [18]. Compared with the electricity, thermal
energy (heat or cooling) gets higher inertia, as residents can be
comfortable within a tolerable temperature range [23]. In this
sense, though the DSM for electricity is widely studied in the
areas such as power grid transmission planning [24], robust
operation [25], low-carbon sustainability [26], etc., its
coordination with the thermal energy is rarely studied
especially for the HES deployment of RMEMGs.

Last but not least, most of the existing deployment works,
either for EES or HES only consider the one-off installation at
the beginning of the project as they ignore the increasing load
growth. Thus, their deployment decisions would be probably
far from enough, given the annual load growth in reality [27]. In
this regard, the multi-phase deployment, in which the HES can
be invested at different years of the project, is critical for the
more comprehensive and flexible planning research.

To fill the research gap, in this paper, an optimal risk-averse
stochastic HES deployment method is proposed in a grid-tied
RMEMG under diverse uncertainties. Compared with the
existing research works, the contributions in this paper are
summarized as follows.

1) A new risk-averse HES deployment model in the grid-tied
RMEMG:s is proposed. Instead of focusing merely on EES, its
integration with the thermal storage (TS) and different energy
properties are also investigated.

2) For more comprehensive and flexible HES deployment
work, in addition to the traditional size and location planning,
the investment phase selection is also considered, given in
reality that there is annual load growth.

3) Diverse uncertainties not only from RES and power loads
of the traditional power system but from the outdoor
temperature and hot water needs of the thermal system are also
taken into full account. Then, a scenario-based multi-stage
adaptive SO approach is proposed to tackle all the
uncertainties.

4) The DSM for multiple energies is incorporated in the HES
deployment, given its advantage in flexibilizing the system
operation and reducing the energy bills. Especially for the
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thermal system, the DSM in terms of specific thermal modeling
for the local residential buildings is built with thermal dynamics
and thermal inertia combined.

For the practical implications of this work, with the
increasing number of green buildings and smart homes, that are
partially powered by the RES and have signed long-term
multi-energy DSM contracts, the proposed method can be
directly applied to the deploy their HES system.

The rest of this paper is organized as follows. Section II
describes the basic structure of the RMEMG with the specific
modeling of all its units. Section III introduces the proposed
risk-averse HES deployment model and its scenario-based
multi-stage adaptive SO form. Section IV presents a detailed
case study and simulation results of the HES deployment. At
last, Section V concludes the whole paper.

II. RESIDENTIAL MULTI-ENERGY MICROGRID MODELLING

A. Residential Multi-energy Microgrid Structure

The structure of a typical RMEMG is shown in Fig.1. Its
main components are the distributed generators, HES system,
and multi-energy demands. The RMEMG is grid-tied, which
means its power can be transacted with the main grid [18].

Further, the residents are assumed to have signed a long-term
r

4

contract with the RMEMG to save their energy bills.

The inner distributed generators can be classified as [27]:

1) dispatchable generators, which are in small sizes, flexible
control, and high ramp rates: electric boilers (EBs), combined
cooling, heat, and power (CCHP) plants with the main
generator as micro-turbines, and electric chillers (ECs);

2) non-dispatchable generators, whose energy outputs are
highly uncertain and volatile: WTs and photovoltaic cells
(PVs).

For the HES system, it is mainly composed of the power
energy type, i.e., battery storage, and thermal energy type, i.e.,
thermal storage tank.

All the units are coordinated to satisfy the multi-energy
demands as well as maintain the system reliability and
economy [19]. The RES generation, power demands, outdoor
temperature, residential hot water needs, and demand response
pattern data can all be collected by the smart meters equipped in
each building. The collected data is then applied in the
computation procedure as optimization parameters.

The detailed computation procedures are described in
Section. III and IV. The deployment decisions can be obtained
from those procedures.

Supply System

i

Coupled Electricity-Thermal

Utility Grid q] -

Fig.1 Typical Structure of a RMEMG.

B. Battery Storage (BS)

The BS is a kind of prevailing EES widely used in power
system planning and operation. Compared with other types of
EES such as the pumped storage and compressed air energy
storage with capacities up to 100 MW, its power density range
starts from a few kW to several MW. This makes BS more
suitable for the application in microgrid or community level [2],
[6].

The relationship between energy and power of BS can be
denoted as:

Ejy = Ey ' (1=7,) + Pyengyc At = Py At (1)

C. Thermal Storage Tank (TST)
The typical TST model is shown in Fig. 2. Its walls are
composed of stainless steel, concrete, and heat insulation

materials from inside to outside. The tank is well insulated for
high operating efficiency [17]. The temperature in the tank can

;] Heterogeneous Energy Storag

[E— Power

b4
Deployment Decisions

I
¥ b ‘“‘ —E— Heat :
. : | B ol | ‘Size, location and investment
il i sl || phase of HES system
) —Hl-Multiple E / “Generation dispatch and DSM
| Power Demands Heat Demands  Cooling Demands HHpe SNeE : [ T — _p _______ 1

be roughly stratified into the hot water layer (Temperature: Th,
Volume: V) and cooling water layer (Temperature: T,
Volume: V.). In both layers, the temperature is the same as the
corresponding water networks and remains constant. The TST
absorbs or releases thermal energy by controlling the volume of
hot or cold water. When it produces heat, the temperature of the
supply water becomes higher, in this light, the TST is called a
heat storage tank; while for the cooling supply, the TST should
be called a cooling storage tank with a higher temperature of
return water.
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The absorbing and releasing power of TST can be expressed
as follows:

HZt"C: WR'pWR-VIZ"(TH -Tv) Q)
H;DZ_CWR'pWR'VCt'(TC -T,) (3)

The relationship between its energy and power is:
E = E;_] (=7, + Hyetpre At = Hppnypp At 4)

D. Price-based Demand Response (PBDR) for Electricity

The PBDR is adopted for electricity DSM in the RMEMG.
The reason lies in twofold: first, it allows customers to manage
demand freely without partial loads being controlled directly by
the system operator. In the PBDR, electricity prices of the
following day are designed and delivered to the customers a
day ahead, then the customers adjust their demands based on
the prices. When the prices are high, the customers would
reduce their demands to save bills. When they are low,
customers would be incented to increase their demands; second,
it contributes to the system reliability enhancement when there
is a large penetration level of fluctuating RES [25].

Currently, the PBDR has been widely applied in the power
system planning, power market regulation, and economic
dispatch, etc. In the PBDR model, the relationship between the
electricity price and demands can be expressed as follows:

PI;L =A'(XPS)E (5)
In Eq.(5), ¢ is the price elasticity of power demands,
representing the sensitivity of customer demand to the price of

electricity; A is a constant. The specific calculation methods of
€ and A are given by [28].

E.  Thermal Loads Modelling with Thermal Inertia

To comprehensively model the thermal energy in a typical
residential building, its typical structure is demonstrated in
Fig.3 [29].

5

Toer

Fig.3 Typical structure of a room in a residential building.
For the residents, their thermal demands mainly come from
the following two parts:
1) space thermal demands, i.e., space heating (usually in
winter) and cooling (usually in summer) [19].
2) residential hot water needs (usually in spring, autumn, and
winter) [30].
All the above thermal demands can be modeled considering
the thermal dynamics.
1) Thermal Demand Classification
For space thermal demands, the thermal generation should
compensate for any thermal loss to maintain the suitable room
temperature. The total thermal demands are calculated as [31]:
H;L:H;H"'H;H +HéN+Hé‘R (6)
The basic thermal transfer loss mainly includes the heat
transfer from the building envelope such as doors, windows,
walls, floors, and so on, which can be denoted as Eq.(7):
H;H =y Ky Sy (TI;V _Totr) (7
The additional thermal loss considers the loss brought by the
wind blow, solar irradiation, and height of the building. It is
calculated as:
Hy = Hpy (B + By) ®)
The infiltration thermal loss denotes the thermal demands to
heat the cold air (mainly in winter) or cool the hot air (mainly in
summer) from outside to inside via the door or window crack. It
is formulated as:
Hey =0.364-1,, 40, (Tyy —T5r) ©)
The intrusion thermal loss describes the thermal demands
that cool the hot air (mainly in summer) or heat the cold air
(mainly in winter) from the casual opening of the doors or
windows. It can be demonstrated as:
Hé‘R :H;H%‘z (10)
All the above thermal loss is related to the difference
between inside and outside temperature, then the total thermal
demands can be rewritten in a general form as:
H}L = CAV(TI;V 'TotT)
2) Dynamic Thermal Demand Modelling
According to the first law of thermodynamics, the thermal
demands in Egs. (6)-(11) can be modeled as a dynamic model
with the temperature change as:
C P VesdTyy | dt = Hyyr (12)
Due to the thermal inertia, the indoor temperature would
vary slowly. Its variations during each short-term period, e.g., |
hour can then be neglected [19], [29]. In this regard, the thermal

(an
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dynamic model in Eq. (12) can be converted into an hourly state
model as:
TZ’V = HA[’VETAt / (CAinAirVRB) + T}f’\;l (13)

Note that human activities, power appliances, etc., may also
impact the space thermal demands, but as the impact is little,
they are ignored in this work [2], [31].

3) Hot water demands

The hot water is mainly used for the showering or washing
needs of the residents. The corresponding thermal demands for
hot water can be calculated as [29]:

H1t7'w = CWRPWRV;{W (Tstw —Ty)
F.  The DSM for Thermal Energy

Apart from the slow variation rate of thermal energy during
short periods, the fact that residents can be comfortable within a
certain indoor or hot-water temperature range constitutes
another aspect of the thermal inertia [30]. This part is regarded
as the DSM for thermal energy. It can be modeled as Eqgs.(15)
and (16).

(14)

Ty' —AT, <Ty <T\' +AT, (15)
Tyo + AT, <Th <Tii +AT, (16)

III. MATHEMATIC MODELLING FOR HES DEPLOYMENT

A.  Multi-stage HES Deployment Framework

In this study, the HES deployment can be decomposed into

two main stages as Fig.4 with respective decisions:
Pl P2 Pk PT-1 PT
e

Y1 Y2 N3 VA VS VG YN3YN4YN3YN2YN I YN - Investment Stage
e W
2
Jee o1kl v ‘ D3 ‘ D ‘ 5 ‘ ‘Dzol‘nssz‘mﬁs D364 D363
N i
RES outputs P Operation Stage
Power demands v

Hot water needs

> -
N
Outdoor temperature

P: Investment Phase Y: Year D: Day H: Hour N: Project Lifetime T: Total Phase Number
Fig. 4 Multi-stage HES deployment framework.

1) Investment stage: decisions at this stage are related to the
investment aspects, namely the HES location, size, and
investment phase. As shown in Fig.4, 3 years is taken as a unit
investment phase, and after every 3 years, there can be new
HES investment decisions.

2) Operation stage: decisions at this stage include the
optimal dispatch of the HES system, distributed generators and
DSM scheme. The diverse uncertainties are handled via a
further two-substage coordinated operation method. The first
substage is the day-ahead dispatch stage; the second substage is
the intraday online dispatch stage. The details for the two
substages are given in Section. V.

B.  Mathematical Formulation

In this study, it is assumed there is a steady growth rate for
the multi-energy demands every year. To evaluate the
effectiveness of the method, the maximization of “mean-risk”,
which is equal to the subtraction of EDP and risk cost is set as
the objective. In finance, the EDP is defined as the profit per
day of owning and operating an asset over its entire lifespan. It
is calculated by dividing the net present value of a project by

6

the present value of the daily factor. The risk cost can be
measured by the conditional value-at-risk (CVaR) [16], [32].
Then, the risk-averse HES deployment model can be
formulated as:

1) Objective:

, ax [Crpp = Prx CVaR, (Cppp)]
zeZ,xeX,nypeR

_ 1 ) dr(1+dr)" .
365xN, (1+dr)" -1

(17)

s.t., CEDP

[ F@) + G 1(18)

Investment Stage ~ Operation Stage

1
CVaRa (CEDP) = Myar +? E[max(CEDP ~Myar > 0)] (1 9)
cL
Chy Coir 20)

F(z)= —
(@) pEZNP (+dr)""  Q+dr)"
G(x) = z (CII;EV +C§UB _Cﬁc _Cﬁc — C}C[C _ng _Céjr _Céjn)

peNy (1+dr)? 1)
Csin = 2 €5uChy (22)
peNp
C/i]vc/ = Z XEs, v (Sé]; _Sgs_l)i) (23)
ieNg
Chov =2 2 2 eaPor + XusHi+2esHE) - (24)
deNp teNy ieNg
Chun= 2, 2 2 Xsus(Bor + Foy) (25)
deNp teNy ieNg
Cle = z Z Z (ZNGPA[;T ! M) (26)
deNp teNy ieNg
CTI']C = Z Z Z (XBPB/;{ _XSPSI)\() (27)
deNp teNy ieNg
Che = Z Z Z lz)/[GPl;\G +7(ES,MPE/; (28)
ieNy deNp teNy
CI?M = Z Z Z KMTPAfI\T +KBPB/;( (29)
deNp teNy ieNy
Ch = Z Z Z max{0,U}. —Ur" " C (30)
deN, teNy ieNg
Cp= 2, 2, 2 max{O.Up """ ~Up}Cpy 31)
deN, teNy ieNy
2) Constraints:
Egs.(1) -(16) (32)
Sgs =S (33)
Ui - Sis' < Si5 <UL - S (34)
D Sk <Sit (35)
ieNg
SE = 2 (S =Sis " A=y,)" " pzm  (36)
meNy,
0< B;‘/}S‘C <Vps Ugscsg§i5q (37)
0< Py <755 UpsnSti (38)
Ugse +Upgp <1 (39)
Uri =0
ieZN;; ES (40)
VsocSEs sy < Egs < VooeSts s, (41)
Eg" =BGt (42)
¥56Sh6 < Foo < ¥ Shi (43)
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Poi < P e (44)
R[/)\G,DNAt < PL[)\G - ch’;d’u’i < RgG,UPAt (45)
Pf{;d.t,hH — PP;;;d,t,h _PF{;d,t,O,hH _PD/z +PA/4\T +PE/>: _ (46)

PS+ Py + P — P — P

CP wr PV EB EC
gl;d,t.b+l — g[.?d,t.b _ gl;d.t.o,b+l _ gid.t.i (47)
Vigs = Vi = (R PR + XPQREY [V, (48)
L= AV SVt <T+AV RS (49)

HI/"\L +HV11>R = H/CIH +H.‘/5\B +HA/>C +H;\C+H?D _H;\c (50)
Eq.(17) denotes the objective of the risk-averse HES
deployment model [32]. Eq.(18) is the mathematical
formulation of the system EDP in which z and x denote the set
of investment- and operation-stage decisions; Eq. (19) denotes
the system risk cost in terms of CVaR. F(z) in Eq.(20) and G(z)
in Eq.(21) denote the cost from the investment- and operation-
stage, respectively; Eq.(22) denotes the salvage value of the
HES system; Eq.(23) presents the investment cost of the HES
system; Egs.(24) is the revenue from selling power and thermal
energy to local residents; Eqs.(25) is the subsidy from RES
utilization; Eqgs.(26)-(29) denote the CCHP fuel cost, power
transaction cost, maintenance cost from all the units as well as
emission cost from CCHP plants and utility grid; Eqs.(30)-(31)
are the start-up and shut-down cost for dispatchable generators;
Eq.(33) means that the size of the HES system in the present
year should be no less than that of the last year. It is assumed
that HES can be available in all variable sizes [19]; Eqgs.(34)
denotes HES size limits for each bus or thermal group. Egs. (35)
describes the HES size limits for the RMEMG; Eqgs.(36) is the
effective capacity of the energy storage considering the leakage
loss. It can be seen that the capacity of the energy storage is
decreasing gradually after the investment [33]; Eqgs.(37)-(42)
denote all the HES operating constraints (subscript ES denotes
the generalized abbreviation for BS and TST); Egs.(37) and (38)
mean that the charging (absorbing) or discharging (releasing)
power of HES should be within the capacity limits; Eq.(39)
shows that HES cannot charge (absorb) and discharge (release)
at the same time; Eq.(40) denotes that the HES can only be
installed at the candidate buses or thermal groups; Eq.(42)
means that the HES starting energy is equal to its ending energy
for the same scheduling flexibility of each dispatch horizon
[19]; Eq.(43) denotes that the power output of each generator
should be within their capacity limits (subscript DG is the
generalized abbreviation for all the generators), while Eq.(44)
shows that the RES power output should be less than available
sources; Eq.(45) presents the ramp up and down rate limits for
the controllable generators; Eqs.(46)-(48) are the distribution
network’s power flow, which is modeled based on the
linearized Dist-Flow equations in [2], [19]; Eq.(49) denotes that
bus voltage should be maintained in a secure range; Eq.(50)
denotes that thermal generation should be equal to its
consumption [17], [27].

Note that, in the short-term operation, there would be
degradation cost for energy storage [34], [35], however, it is
ignored in this long-term deployment work as we aim to find
the rough planning decisions for the HES [12], [20], [22].
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In the HES deployment model, there are a number of
nonlinear items such as Egs.(5), (19),(30)-(31) and (37)-(38).
To reduce the computation burdens as well as improve the
solution quality, those nonlinear items are linearized in
Appendix A. After linearization, the proposed HES deployment
model becomes a MILP problem.

IV. SOLUTION METHOD

A. Typical Seasonal Day Selection

Given that there are 365 days in a year, the HES deployment
model is in excessively high dimension and thus
computationally demanding. To prune the model’s size, a set of
typical seasonal days is chosen to represent the yearly horizon.
For example, the EDP can be converted as:

1 .dr(l+dr)N” o . 51
365xN, (a1 - ) + 2, N, -Gyl (51)

EDP =

Stage ceNe

Operation Stage
where N, is the number of days in season c¢; Nc¢ is the number
seasons; G(x|c) is the objective of operation-stage in season c.

B.  Scenario-based Stochastic Operation Model

To handle the diverse uncertainties, a two-substage adaptive
SO method is proposed as Fig.5.
Day: ahead Dispatch for-24-hours of Next day’

Day ahead
foi;ﬂalslciig/"u_l__l»————-lg_i_
£ 3 Bk

e S

RES outputs
Power demands X
Hot water needs

Qutdoor temperature
Short lead time

¢ Juchlsis it

-\ Operation Stage
Qo Q% QI QI QI
fott ftt

_forecasting ) Intro day Online Dispatch (Within Each Hour ) H: Hour Q: A quarter of hour

Fig. 5 Two-substage coordinated operation framework.

In Fig.5, the operation-stage is further decomposed into the
day-ahead and intraday online dispatch substages. Given that
the HES system and PBDR are dynamic and sensitive to the
holistic price information, their 24-hour dispatch decisions (one
hour as the unit dispatch interval [2]) are made in the day-ahead
dispatch substage. At this substage, the diverse uncertainties
are not revealed in real-time. In the intraday online dispatch
substage, where the diverse uncertainties are realized, all the
dispatchable generators that have faster response speeds are
coordinated (15 minutes as the unit dispatch interval) to
maintain the real-time balance of multi-energy generation and
consumption.

1) Uncertainty Modelling

For the energy outputs of WTs and PVs, their stochastic
variations or forecasting errors usually follow the Beta
distribution as:

£, =) 1=x)" N, (52)
As for the power demands, outdoor temperature and

residential hot water needs, Normal distribution can be
employed to represent their forecasting errors [19]:

f, =1/ (N2zo)-exp[-(y, - 1)’ | (20)]

2) Scenario Generation and Reduction

Based on the probability distributions of diverse uncertain
variables in Egs.(52)-(53), Latin hypercube sampling method
can be used to generate a large number of near-random samples

(53)
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of parameter values for the stochastic model [27].

However, the generated number of scenarios would lead to a
significant computational burden. In this regard, the
simultaneous backward reduction method is implemented to
choose a much smaller but rather representative set of scenarios
for the practical applications.

The scenario generation and reduction method employed in
this work have already been applied in the scenario processing.
The specific details can be referred to [13],[19], [27].

After the scenario generation and reduction, the stochastic
model is modeled as a MILP problem as Eqs.(54)-(55):

MinG(x)=_ Min [S(w)+ Y. ¢,L(y,)] (54)
x WYYy qeN,
st. weCS, |z
(55)

v, €CL(w,0,),Vq

where ¢ is the index of the forecasted scenarios; Ngq is the total
number of scenarios; cq is the scenario possibility; S(w) is
objective of investment stage and day-ahead dispatch stage; w
denotes the decision variables for size, location, investment
phase and corresponding dispatch of HES system as well as
PBDR scheme; CSy, is constraints associated with w; E[L(yq)]
is the expectation of cost from the dispatchable generators and
power transaction between the RMEMG and utility grid; yq

Utility Grid

8

denotes the corresponding decision variables for power flow,
dispatchable generators, and temperature for the rooms and hot
water; mq is stochastic variation of system uncertain sources;
CL(w, mq) is the constraints associated with y,.

V. SIMULATION RESULTS

A. Test System

The test grid-tied RMEMG is built with reference to the real
conditions in Tianjin (38 N, 117 E), China, as shown in Fig.6.
Its lifetime is 9 years with 3 years as the unit investment phase.
The multiple energies are served mainly for the neighboring
aggregated residential buildings, which are in three regions.
The heat networks among different thermal groups are not
considered in this work since the long-distance thermal
transmission will result in substantial thermal loss [36]. The
predefined configuration of all the generators is shown in Table.
I, while the substation capacity is set as 1.5 times of the peak
power in RMEMG [2] to guarantee that there is enough power
supply when the faults occur inside. The technical details for
the HES system are listed in Table. II. The studied RMEMG in
Fig.6 is built based on the IEEE 33-bus standard test system in
[37] with all the system data.

Fig. 6 The IEEE 33-bus radial distribution system based RMEMG.

Three typical days from the transition seasons (spring and
autumn), summer and winter are used to represent the year.
Based on the data of the year 2018 (Jan.-Dec.), Fig. 7 shows the
forecasting value of all the uncertain sources in the year 2019.
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Fig. 7 Forecasted RES output, outdoor temperature, and multi-energy demands.

TABLEI
CONFIGURATION OF DISTRIBUTED GENERATORS (KW)

Node WT PV CCHP EB EC
3 150 40 1200 650 500
6 187.5 80 0 0 0
10 187.5 64 1000 500 450
13 112.5 64 0 0 0
17 187.5 96 0 0 0
19 150 128 0 0 0
25 187.5 144 0 0 0
28 0 0 800 500 350
31 187.5 80 0 0 0

The system energy tariffs are shown in Table. III, which are
extracted from [17], [19],[20], [38]. For the thermal and power
energy supplied to residents, the fixed pricing scheme is
applied [2]. According to the electricity price and usage data in
[39], the price elasticity of electricity demands is estimated as
-0.75.

TABLE II
TECHNICAL DETAILS FOR THE HES SYSTEM [19],[20]
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Energy Storage XES, INV XES.M Sesaund Sesaax
Battery storage 100 ($/kWh) 0.03 ($/kWh) 0/1500(kWh)
Heat storage tank ~ 36.7 (8/kWh)  0.025 ($/kWh) 0/1800(kWh)
Cooling storage tank  36.7 ($/kWh)  0.025 ($/kWh) 0/1800(kWh)

In the RMEMG, there are 16 buildings oriented South with
12 floors in each building; On each floor, there are two identical
apartments, each with a floor area of 150 (15*10) m?; The area
of north/south and east/west facing walls are 42 (15%2.8) m?
and 28 (10*2.8) m? respectively; The south and north walls are
equipped with the double-glazed windows to the outside
environment with areas of 10.5(3.75*%0.7) m? and 8.4 (3*0.56)
m2; All the windows are of casement types without any blinds
or shading devices; The area of the door on the east side is 2
(2*1) m?; All the walls and flat roofs of the house are comprised
of the same structural insulated panels [31].

The discount rate is 6% and load growth rates for power and

thermal demands are set as 6.7% and 5% respectively [5], [27].
TABLE I
ENERGY TARIFFS AND EMISSION PRICES [17],[19], [27]

Type (ﬂli)/l;g;) Type (SIZI?VC;h) Period(h)
Local Power 0.18 Power 0.0468 0-6,23-24
Local Thermal 0.022 Transaction 0.1029 6-8,11-17
Natural Gas 0.039 0.1785 8-11,17-22
Emission Price | CCHP  0.0057 ($/kW)  Utility Grid  0.028($/kW)

Without loss of generality, any other real-world data can also
be applied in the proposed without changing its effectiveness.
The mathematical model is realized in General Algebraic
Modelling System (GAMS) and solved by the Cplex solver.

B.  Investment-stage Simulation Results & Discussion

In the simulation, 2000 scenarios are initially generated and
then reduced to 5 representative ones with the corresponding
possibilities. After the simulation, the HES deployment results
are shown in Tab. IV and V. The gray blocks mean that there
are investment decisions at this phase and its subtraction with
the corresponding size in the last phase denotes the newly
installed capacity.

TABLE IV
DEPLOYMENT RESULTS FOR BATTERY STORAGE (KWH)
Year/Bus 3 6 18 22 25 27 30 33
1-3 1500 0 0 1500 1500 0 0 0
4-6 1500 466.0 101.7 1500 1500 0 0 473.2
7-9 1500 466.0 101.7 1500 1500 378.0 81.19 4732
TABLE V
DEPLOYMENT RESULTS FOR THERMAL STORAGE (KWH)
Year 1-9 Group 1 Group2 Group3
Cooling storage tank 0 0 0
Heat storage tank 1800 1800 1800

From the HES deployment results, it can be seen that:

1) There is a widespread investment of BS in the RMEMG,
and most capacities are installed on the candidate buses with
RES, i.e., Bus 3, 6, 22, 25, etc. This is because, firstly, the
sufficient BS capacity installed on those buses could contribute
to the risk reduction rising from the stochastic power outputs of
RES-based generators. Secondly, as the RES are intermittent,
the investment of BS on those buses could guarantee enough
power supply and avoid voltage violations. Further, in the
system operation, BS can also shift energy from the
valley-price periods to peak-price ones to gain profits. This
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function is mainly taken by the BS on bus 18, 27, 30, 33, but on
those buses, the dispatchable generators can play the role for
the voltage regulation, there is not so much BS investment.

2) There is no installation of the cooling storage tank but a
full installation of the heat storage tank from the first
investment phase in each thermal group. This is because to
avoid the risk from the uncertainty sources and remain enough
capacity after the internal leakage loss, the system chooses to
install sufficient capacity of the energy storage, i.e., BS and
heat storage. However, the cooling storage tank works only in
summer but the heat storage tank contributes to supplying heat
both in transition seasons as well as winter days. In this regard,
given the larger amount of heat demands, more utilization rate
but the same unit installation cost with the cooling storage tank,
the invested capacity of the heat storage tank is much larger and
more widespread than the cooling one.

3) The investment phase selection plays a necessary role in
the HES deployment scheme. For example, on bus 6, 18,27 and
33, BS is installed at different phases. This contributes to
avoiding any capacity redundancy at the early stage of the
project, and thus enables a more economical and flexible HES
deployment.

C. Operation-stage Simulation Results & Discussions

To verify the effectiveness of the proposed method in the
operation stage, the system dispatch results in the year 2026 are

shown in Fig.8:
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Fig. 8 Energy balance condition in the year 2026.

It can be seen that all the units are coordinated to supply the
multi-energy demands to maximize the EDP and reduce the risk
at the same time: when the transaction prices are low, the
thermal energy is transferred by electricity via EBs or ECs
instead of the CCHP plants, to save the total fuel cost; when the
transaction prices are high, the system thermal energy is served
by the CCHP plants, and then the corresponding surplus power
is sold to the utility grid to gain profits. As for the HES system,
the BS charges at the low-price periods and discharges at high
price periods to gain more profits from utility grid; For the TS,
it makes the dispatch of the CCHP plants more flexible by
absorbing its surplus thermal energy when there is more power
generation than required from the CCHP plants, and releasing
thermal energy when not so much power is needed from CCHP
plants. Besides, the DSM scheme shifts the multi-energy
demands to other periods for increasing the system profits. Its
function for the cost-saving is verified in the next section.

The final result for the mean-risk model is $417.9, with the
EDP is positive as $712.1 per day. It means that this project
should be implemented as it will gain profit under risk.

In terms of the solution speed, there are 1128586 continuous
and 138915 discrete variables, the solution time is 11.63 hours,
which is efficient enough for a 9-year project planning
problem.

D. Methods Comparison

To fully demonstrate the advantage of the proposed method,
three conventional deployment methods for energy storage are
compared:

Method #1: Separate energy storage deployment method,
i.e., the energy storage is installed in the respective
single-energy microgrids. The gas boilers (GBs) are utilized
instead of CCHP plants, ECs and EBs for supplying the thermal
demands, while the RES-based generators and transacted
power from the utility grid serve the system power demands
[17].

After the simulation, the results indicate that there is no TS
installation and the deployment results for the BS are shown in
Table. V.

TABLE V
DEPLOYMENT RESULTS FOR BATTERY OF METHOD #1 (KW)
Year/Bus 3 6 18 22 25 33
1-3 1500 535.4 0 1500 1500 0
4-9 1500 535.4 124.3 1500 1500 964.6

10

From the simulation results, under the mean-risk model, the
BS is largely installed in the early phases to gain more profit
and avoid risk from the diverse uncertainties. Further, the units
for electricity generation in the microgrid are only RES-based
ones, whose outputs are intermittent and fluctuate, thus the BS
is mainly installed on the buses with RES to maintain the bus
voltage in a secure range. At the same time, the BS could shift
energy to gain profits. For the TS investment, as the GBs can
just burn natural gas to generate thermal energy flexibly in the
thermal system, there is no need to install TS given that it will
bring extra installation and operating cost.

Since in single-energy microgrids, most of the power energy
is obtained from the utility grid with a high price, besides, the
efficiency of GBs for generating thermal energy is much lower
than CCHP plants, the result for the mean-risk model of
Method #1 is $102.4 per day. The final EDP is much lower that
only $203.7 per day.

Therefore, the simulation results show that the HES
deployment in multi-energy systems can gain much more
profits than the single-energy ones.

Method #2: The HES deployment without the multi-energy
DSM, ie., the systtem power demands, indoor room
temperature, and hot water temperature are set as constant and
fixed. The corresponding simulation results are shown in Table.
VI and VIL

TABLE VI
DEPLOYMENT RESULTS FOR BATTERY OF METHOD #2 (KWH)
Year/Bus 3 6 22 25 27 33
7-9 1500 562.7 1500 1500 428.4 508.9
TABLE VII
RESULTS FOR THERMAL STORAGE OF METHOD #2 (KWH)
Year 1-9 Group 1 Group2 Group3
Cooling storage tank 0 0 0
Heat storage tank 1800 1800 1800

Compared with our proposed method, as the power demands
are not flexible anymore without the DSM scheme in Method
#2, all the BS are installed at the first investment phase with
lower salvage value, to shift the system power energy, reduce
the risk and maintain a safe voltage range for all the buses; As
the thermal demands are not as flexible when the system is
operating, there is the full installation of the heat storage tank to
flexbilize the overall thermal energy operation and no
installation of the cooling storage tank given its low usage rate
as well as lower cooling demands. In this case, the result for the
mean risk model is $348.6 and the EDP is $674.2 per day. The
results show that without the DSM, the system would suffer
from lower profit and higher risk, as the multi-energy DSM
could provide additional flexibility for the system operation by
actively responding to the energy prices and load conditions.

In this regard, involving the multi-energy DSM in the HES
deployment is effective in increasing system profits and reduce
the risk.

Method #3: Deterministic HES deployment method, i.e., the
forecasting of the outputs from RES-based generators, outdoor
temperature, and residential hot water needs are assumed as
accurate. Then after the simulation, the HES deployment

results are shown in Table.VIII and IX.
TABLE VIII
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DEPLOYMENT RESULTS FOR BATTERY OF METHOD #3 (KWH)

Year/Bus 3 6 18 22 25 27 33
1-3 1500 0 0 1500 6784 0 0
4-6 1500 4286 0 1500 1137.2 0 487.5
7-9 1500 5783 1793 1500 1500 254.8 4875
TABLE IX
RESULTS FOR THERMAL STORAGE OF METHOD #3 (KWH)
Year 1-9 Group 1 Group2 Group3
Cooling storage tank 0 0 0
Heat storage tank 1800 1800 1800
From the results, without considering the system

uncertainties, i.e., there is no system operating risk, the BS is
stilled largely installed at different phases to shift the power for
more profits and maintain the system voltage stability; though
there are the same TS deployment decisions, which play the
same function as our method, the final EDP for Method #3 is
$729.7 per day, which is higher than our method. This is
because considering the diverse uncertainties will result in a
large amount of risk. Hence, the corresponding EDP is lower.
The cost difference between the proposed method and the
deterministic approach is called Value of Perfect Information,
which is used to immune against the system uncertainties as
well as the potential risk.

However, to check the performance of the deterministic
approach when the system uncertainties are realized, a set of
1000 random scenarios of typical days every year are utilized.
The average EDP of Method #3 is $682.6 per day, while our
method is $701.3 per day. It means that, when the system is
practically exposed to the uncertainty sources, the proposed
adaptive SO method has a higher potential in gaining more
profits than the deterministic one. This is because it already
immunizes against the diverse uncertainties through the
risk-averse stochastic process.

The results show that the proposed method can guarantee a
more robust deployment plan.

VI. CONCLUSION

This paper presents a risk-averse multi-stage stochastic HES
deployment method in a RMEMG considering multi-energy
DSM as well as diverse uncertainties from RES-based
generators, outdoor temperature, power loads and hot-water
needs. The deployment scheme is decomposed into three
investment phases with the “mean-risk” as the objective. By
using the scenario-based multi-stage adaptive SO method, the
diverse uncertainties are handled. The case study shows that the
proposed risk-averse HES deployment can help gain profits
while avoiding the risk effectively. Thus, it should be
implemented. Further, the comparisons with the three
conventional deployment methods are done. The comparison
results indicate that the system expected profit is around 3 times
the separate energy storage deployment method. This means
that deploying the HES in the multi-energy scheme is definitely
necessary as the CCHP plants are highly efficient; Compared
with the HES deployment approach without the multi-energy
DSM, there is a rate of increment 5.62% in the system profit.
This demonstrates the effectiveness of the DSM in the HES
deployment; Further, compared with the deterministic HES
deployment method, though there is a 2.47% rate of decrement
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in the expected profit, however, when the system is exposed to
the real-life uncertainties, there is a rate of increment of 2.74%
in the profit. This shows that the proposed method is effective
in handling the uncertainties and avoid the risk to the system.

For the practical application, with the increasing penetration
level of renewables and widespread installation of smart meters,
this work could provide beneficial references for deploying the
electric and thermal energy storage in the emerging smart
homes, green buildings, etc., which have signed long-term
contracts for the multi-energy DSM.

In the future, on the one hand, to conduct more
comprehensive operation research for energy storage, the
degradation model [34], [35] can be incorporated. On the other
hand, as the solution dimension for the multi-energy planning
and operation scheme is usually high, more advanced
algorithms can be explored to improve the solution efficiency.

APPENDIX

A. Model Linearization

In this paper, the nonlinear equations are linearized as:

1) Linearization of the power demand under the price-based
demand response: the stepwise price-elastic demand curve uses
different price level rates to represent the price elasticity of
power demands, with these price and demand response levels,
the real and reactive power demands can Dbe
calculated/linearized as (assuming power factors are fixed) [2]:

N, _ ‘
PLI)L = P[t)L,Pr 'Zal’j Llpi
j=1 (A1)

NJ
QEJL = QE)L,Pr ’ Zaw L’QJL
- (A2)
2) Linearization of Maximum function, i.e., Eqgs. (19),
(30)-(31): separating the max function into two individual parts
will do, and we take A > max (B, C) as an example as:
A>B; A>C (A3)
3) Linearization of the bilinear item, i.e., Eqgs. (35)-(36):
Take z=Ax as an example in which A is a continuous variable
and x is a binary variable, and A is bounded below by zero and
above by A (or any Big M), then it can be linearized as:

z<A-x; z< 4 zZA—(l—x)-Z; z20 (A4)
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