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Abstract—The trend towards a decentralized, decarbonized, and
digital energy system is gaining momentum. A key driver of this
change is the rapid penetration increase of Distributed Energy
Resources (DER). Commercial consumers can offer significant
contributions to future energy systems, especially by engaging in
demand response services. Virtual Power Plants (VPP) can
aggregate and operate DERs to provide the required energy to the
local grid and allowing for the participation in wholesale energy
markets. This work considers both the technical constraints of the
distribution system as well as the commercial consumer’s comfort
preferences. A stochastic mixed-integer linear programming
(MILP) optimization model is developed to optimize the
scheduling of various DERs owned by commercial consumers to
maximize the profit of the TVPP. A case study on the IEEE 119-
bus test system is carried out. Results from the case study show
that the TVPP provides optimal DER scheduling, improved
system reliability and increase in demand response engagement,
while maintaining commercial consumer comfort levels. In
addition, the profit of the TVPP increases by 49.23% relative to
the baseline scenario.

Keywords—Consumer comfort, day-ahead energy markets,
demand response, energy scheduling, heating ventilation and air
conditioning, virtual power plant

NOMENCLATURE

A. Set/indices

s/Q° Index/set of scenarios

h/Qh Index/set of hours

g/Q9 Index/set of generators

ev/Q°Y Index/set of electric vehicles

c/QS Index/set of market

1/at Index/set of lines

n,m/Q" Index/set of nodes

k/Qk Index/set of loads

{r,c,id € n}

HVAC / Index/set of HVAC system

QHVAC

w/Q® Index/set of normal operation
B. Parameters

gu by, S™**  Conductance, susceptance, and flow boundaries

of each branch [ (S, S, MVA)
Ry, X, Resistance, Reactance (2, Q)

MP,MQ, Big-M parameters related with active and
reactive power flows over each branch [
Ds Probability of scenario s
0C, Cost of unit energy production
Arou ToU price associated with customers (€/MWh)
,1; Day-ahead market price (€/MWh)
g EV discharging cost (€/MWh)
PDZy, Demand at node n (MW)
QD Reactive demand at node n (MV Ar)
Vo Nominal voltage (kV)
nsh Charging efficiency
ndch Discharging efficiency
Enin Emax  Energy Storage limit
ey Scaling factor
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pr'S";Lin, Power generation limits (MW)

pDGmax

gn,sh

pfy Power factor of DG’s

Pfss Power factor of substation

Tideal Ideal temperature set-point in house & [°C].

Pﬁiﬁ’f&fﬁi’,‘s,h Actual HVAC unit power consumption of house
kin time A

T,i’tlo'n’s’h Indoor temperature increase for the set-point in
house £ in period / [°C].

T,ft%f'n’ sh Indoor temperature decrease concerning the user-
selected set-point in house £ in period % [°C].

COPyyac Coefficient of performance of HVAC in house £.

M, Mass of air in household « [kg].

Cair Thermal capacity of air [kJ/kg-°C].].

T,é’;{?‘;ll Initial indoor temperature of household & [°C].

Togad-band  Dead-band around the temperature set-point for
the HVAC unit of house & [°C].

ka;lffs";l Thermostat set-point of house k in period h [°C].

C. Variables
market gmarket Power purchased from grid (MW, MV Ar)

¢n,s,h ¢.s,h

Eepnsh Reservoir level of EV (MWh)

10 Ik, sn  Charging and discharging binary variables

PPe o h Qoosn DG power (MW, MVAr)

PIehet Power purchased from market (MW)

P, Q. 6, Active and reactive power flows respectively, and
voltage angle difference of branch / (MW, MV Ar,
radians)

PL,,PL, Active and reactive power lines of each
branch / (MW, MV Ar)

Vg Vo, Voltage magnitudes at bus i and j (kV)

Up Binary variable representing operating status of
DER

Oy On; Voltage angle at node i and j (radians)

X Binary variable to indicate line status

Vit Yin Auxiliary variables to indicate the status of a line

AVysh Voltage deviation magnitude (kV)

Xih Binary switching variable of line [

fin Fictitious current flows through line [

Inh Fictitious current injections at substation nodes

dun Fictitious nodal demand

Npg Number of candidate nodes for installation of

distributed generation

PI-CI?/(;XZC,k,n, S Active and reactive power flows of HVAC system

Qcool
HVAC,kn,s,h

T(‘;l’fll’) Ambient temperature in period h in house & [°C].

L INTRODUCTION

Globally, power systems are undergoing a pronounced
evolution towards systems that are more decentralized,
decarbonized and digital [1]. This shift has seen the emergence
of consumer-owned distributed energy resources to become
essential features of future power systems [2].

There are many reasons for the emergence of small scale
Distributed Energy Resources (DERs) including economic,
environmental, energy security, increased resilience and
psychological [3], [4]. DERs can provide self-generation for
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their owner or export excess power to other consumers or the
existing electrical grid [5]. The DERs may also offer other
services such as flexible generation and demand which can
more easily take into account intermittent generation from
renewable energy sources (RES) [6]. DERs can also provide
important ancillary services to the grid to assist in maintain
reserve margins or with issues relating to power quality in the
network [7]. New energy markets are emerging that can make
use of the potential offered by DERs and new participating
agents are also emerging [8].

There exist different categories of consumers, such as
commercial, industrial, and residential consumers. Each
consumer type has different load profiles, and these profiles
may even vary within the consumer type. In the past, DERs
have been managed by these individual owners but as the
number of these devices has grown, there has emerged the
potential for the aggregated control and operation of these
devices to operate in energy markets which may have
requirements on the minimum bid size to be considered [9].

Recently, the concept of a Virtual Power Plant (VPP) has
emerged to help aggregate and coordinate disparate DER
devices to participate as a single agent in electricity markets
[10]. Typically, VPPs have considered residential consumers
in their portfolio but there also exists the possibility of
combining different consumer classes into a single VPP to help
increase the diversity of its portfolio and maximize the use of
various DERs [11]. This diversity introduces the new potential
for a VPP but also new challenges associated with meeting
requirements related to system operations, reliability,
sustainability, economic and environmental objectives while
meeting operator and customer demands [12]. Including new
consumer types into the VPP operations also introduces new
opportunities for active asset manage, such as commercial
Heating Ventilation and Air Condition (HVAC) systems which
use a major portion of the energy use of commercial buildings
and also are a large source of flexible load [12]

Existing VPPs largely focus on the commercial aspect of
aggregating DERs for energy market participation. There has
been very little research into VPPs that take the technical
constraints of the network into account [13]. These VPPs are
termed Technical Virtual Power Plants (TVPP). An example
of the structure of a TVPP is shown in Fig.1. The figure shows
how the TVPP sits at the heart of operations and must
communicate with several different agents such as the day-
ahead market organizers and the owners of the commercial and
residential buildings as well as the inhabitants of these
buildings. The TVPP will also need to liaise with renewable
energy generators to forecast and estimate supply and demand
balances. These supply and demand forecasts will need to be
technically feasible and thus, the TVPP is required to oversee
the modelling and optimization of the existing network to
make sure that the dispatches do not exceed technical
constraints and if they do, the TVPP is required to reformulate
the internal dispatch order.

The remainder of this paper is structured in the following
manner: Section II contains an overview of the current state of
the art relating to VPPs. Section III details the methodology
followed. The case studies are presented in Section IV as well
as the results of the simulations. The conclusions and
recommendations for future work are discussed in Section V.

II. STATE OF THE ART

The concept of a Virtual Power plant, an aggregating
agent for dispersed DERS so that they can participate in energy
markets, has received considerable research interest.
Typically, research has focused on maximizing profit or
reducing energy losses and has typically only involved
residential consumers.

For example, the authors of [14] consider a VPP
participating in both energy and regulation services markets
using DERs and battery energy storage systems. The model

considered residential consumers but did not investigate the
potential of commercial or industrial consumers who may have
different load profiles and different DERs available.

.; ; DAY-AHEAD SCHEDULING

TECHNICAL VIRTUAL
POWER PLANT

COMMERCIAL/SERVICE AND

e
=< RESIDENTIAL BUIDINGS

{ T
:> Power Direction
Fig.1:Overview of TVPP concept

Using Electric Vehicles (EVs) as a resource in VPPs was
investigated by [15] to help integrate higher levels of wind
generation. The authors used a two-stage approach to first
design the VPP framework and control method and then in the
second stage the optimization of energy storage devices and a
coordination strategy for the EVs are presented. The authors
did not consider other forms of RES or other types of DERs
which may provide additional benefits to the VPP operator,
consumers as well as the existing grid operator.

A multi-stage optimization of a VPP considering EVs and
demand response programs was conducted by [16]. The
authors developed a stochastic mixed-integer linear program to
account for uncertainties in the model and used both Time-of-
Use (ToU) and Real-Time Pricing tariffs. An interesting aspect
of this study is the ability of the VPPs to transact power among
themselves to help address technical constraints in the model.

A VPP considering a number of RES generators and
commercial loads was developed by [17]. This model was
designed to operate in the real-time spot market and use a wide
range of the number of participating Distributed Generation
(DG) to investigate the effects on operating costs of the VPP.
The model did not consider the technical constraints of the grid
or the comfort preferences of the consumers.

A two-stage model for VPPs considering RES and
thermostatically controlled loads was proposed by [18]. The
authors chose HVAC units as the controllable loads and
considered both static and dynamic aggregation models. The
state model aggregated all the loads at once in the initialization
of the model while the dynamic model aggregated the loads at
each of the time steps. The model accounted for comfort
constraints of the HVAC units but not the technical constraints
of the network.

This section has shown that the concept of the VPP has
been widely studied considering different aspects however, a
research gap has been identified. This is the operation of
TVPPs which aggregate commercial DERs and consider
various types of uncertainty. Very few papers also consider the
technical constraints of the distribution network and
simultaneously respect the thermal comfort levels within the
commercial buildings. Thus, this paper presents a
comprehensive model investigating the potential of a
combination of different consumer types, both residential and
commercial, to participate in a Day-Ahead Market (DAM)
through a TVPP, respecting comfort and grid constraints.

III. MATHEMATICAL FORMULATION
A. Objective Function
The stochastic model developed in this paper aims to
maximize the TVPP’s profit from optimally scheduling
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various DERs from both residential and commercial
consumers. This profit is made up of two terms, revenue from
power sold to commercial customers (PSC) and the cost of
operating the TVPP (TVPPC) plant while considering the
technical and economic constraints. This is shown in (1).

Max Profit = PSC — TVPPC )
The PSC revenue term is decomposed further in (2).
This equation represents each consumer’s power

consumption from daily loads, EV charging and the usage of
HVAC systems. The consumer’s power consumption is
subject to Time of Use (ToU) tariffs.

PSC = ps 20Pis
SEQS  heQh keQk
+ Z Ps A;FLOUPngk,s,h (2)

SEQS  heQh keQk eveQe”
AI’I;OUPCOOI

+ Z Ps HVACk,s,h

SEQS heoh keok HvAreoHVAC

The TVPPC term is shown in (3). These costs include
payments to consumer-owned Distributed Generation for
electricity produced plus maintenance costs. The revenue from
power sold in the day-ahead market and the revenue from the
power sold by discharging EVs are subtracted from the TVPPC
while a penalty factor is added. The penalty (4) is the price paid
to charge EVs or paid to activate the HVAC systems which
would not have occurred if the TVPP was not active. In other
words, the optimal schedule of the EVs and HVAC units for
the owners may be different to the optimal schedule for the
TVPP and thus, the TVPP pays for the inconvenience. The
normal operating costs are those events that occur in the
optimal schedules for both the owner and the TVPP.

TVPPC = Z Ps Z Z Z 0CyPYE s h

SEQ® heQl keqk gend
§¢ pmarket
E Ahp ¢k,s,h

SEQS  heQh keQk ¢eQs ®)
- Z Ps Alivpgvfz,s,h
SEQS  heQh keQk eveQe”
+ Penalty
Penalty = Penalty,, + Penalty yyac “)
Penalty,, = (Z Ps Z Z Z ngk,s,h AZOU
SEQS  heQh keqk eveQ®
- Z Ps AevPcif,ﬁ,s,h) (5)

seqn’ heﬂhgeﬂk eveQe?
NormalOperation
— Costey

NormalOperation __

(XY > 3 s o

heQh keQk weQ® eveqev

DIIPNPIE

heoh keok weQ® eveqe?

Cost,

Penalty yyac =

TOU pcool
Z Ps Z z Z A0 Pavack,sn 7
SEQS  heQh keQk HvAceQHVAC ™

NormalOperation

= Costyyuc.e

NormalOperation __
HVAC,w -

z Z Z Z MY PEc knw (8)

heQh keQk weQ® HvAceQHVAC

EVs are modelled by the expressions (9)-(14). The
maximum charging and discharging rates are governed by (9)
and (10) respectively while (11) ensures that charging or
discharging cannot occur simultaneously.

ch ch chmax
0< ev,kn,s,h < Iev,k,n,s.hpev,k,n,h (9)

Cost

dch dch
0< Pev,k,n,s,h <1

p chmax ( 1 O)

ev,kn,s,h’evknh

ch ch
Iev,k.n,s.h+ Iev,k,n,s,h <1 (11)
P Pdch N
J— Ci ev,K,n,s,
Eev,k,n,s,h - Eev,k,n,s,h—l + nevpev,k,n,s,h - ndch (12)
min max
ev,kn < Eev,k.n,s,h < ev,kn (13)
— max. — max
Eev,k,n,s,ho - #evEev,n ’ Eev,k,n,s,h24 - /-levEev,n (14)

The state of charge (SoC) of the EV is modelled in (12)
and relies on the SoC of the previous period plus any additional
charging and minus any discharging. Inequality (13) ensures
that the storage level is always within a permissible range.
Finally, (14) sets the initial storage level and requires that the
EV returns to this initial SoC at the end of the operational
period. For simplicity, both nS% and n%" are set to be equal
and are expressed as a percentage, depending on the node
where the EVs are connected.

HVAC systems are modelled by expressions (15)-(26)
which were obtained from [19]. The temperature limits are set
by (15) while (16) bounds the HVAC power use. This model
utilizes a thermal resistance model which uses the cooling
operation of the HVAC system and is shown in (17). The initial
temperature is defined by (18).

Binary operating variables are shown in (19). Maximum
and minimum temperature limits are shown in (20) and (21).
Equation (22) minimizes the discomfort level of the
consumers. Equations (23) and (24) set the upper and lower
limits of HVAC operation. The non-negativity constraints for
the decision variable are shown in (25) and (26).

min ideal max
Tivack < Tensh < Tavick (15)
cool cool_max
0 < Puvacknsh < Pavacinsn (16)

AT

T on =(1——————).T{%
kh,n,s,h ( 1000 . My, . Cair - Rk) k(h—1)n,s,h
AT

amb

+ .
1000. My . cqiy - R~ 7D
COPhyac cool
70,000277 . M. Cair Pivacknsn » ¥k h>1 17)
) o initial

Tlé?LO,n,s,h - Iérztsl% 5 vk (18)

l _ l _
PI-CI%IC,k,n,s,h = Uknsh- P[-CI?/%c,k,n,s,h ,Vikh (u= (19)

0 OFF,u =10N)
rin Vih argmin { 1
yheE i —.

fonsh Tires. Tirs o Tt,’k‘,”sr,';{‘.dzé’,%,s,h Ni

Yseas Xneat Lreak (Tkmsn T Timsn (20)
subject to:

Tihian < Teeeh + Ténsn VKo h @1
- TERER ST — Tiseh .V ko h (22)
Tinsn < Timan + Tonsh "4 ¥ k,h (23)
~Timsn < Timah "4 - TR Y k,h (24)
—Td ., <0,Ykh (25)
T o n <O,V i, h } (26)

Kirchhoff’s Current law governs the flows of current
into and out of a node. This is applied to the active power flow
in (27) and the reactive power flows in (28). In these equations
Py s and Q, ¢ prepresent the active and reactive power flow in
the line respectively, and PDg', and QD represent the active
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and reactive demand at the nodes, respectively. PL; ¢, and
QL represent the active and reactive power losses in the
line, respectively.

DG dch ch
Z Pgnsh+ Z Z evknsh Pev,k,n,s,h)
geng keQk eveQev
Pmarket
¢,sh
— n cool
+ Z Prsn— Pisn = (PDIy + Pckmsh Q7
in,leq! out,leq!
1 1 ,
+ EPLI.SJI + EPLI,S,h; V¢cEIl
inleq! out,leq!

ansh + Qmarket

geng
28
+ Z Qush — Z Qush = (QD;,Lh + Qi Ackmsh @8
in,leQ! out,leq!
1 1 )
+ Z EQLl,s,h'i' Z EQLz,s,n VeeEl
in.leql! out.leq!

Inequalities (29) and (30) present linearized AC
power flows through each feeder, which are governed by
Kirchhoff’s Voltage Law. Note that 81,5,k refer to the angle
difference On,s,h — 6m,s,h where n and m are bus indices
corresponding to the same line [, based on [20]. The big-M
formulation was used, set to the maximum transfer capacity, to
avoid the non-linearity.

|P Ls,h — (Vnom(AVn,s,h - AVm,s,h)gk_ Vnzombkel,s,h| (29)
< MP,
|Ql,s,h - (_Vnom(AVn,s h — AVms h)bk nomgkel S hl (30)

< M@,
The maximum amount of flow that can pass through
a line is given by inequality (31). Equations (32) and (33)
represent active and reactive power losses in each line /.

Pin+ QFsn < xin(S™*)? 31)
PLygn = Ri(Pip + QFsn)/ Vibm 32)
QLysh = X,(Pisn + QFsn)/ Viom (33)

The active and reactive power limits of the DGs are
given by (34) and (35), respectively. Inequality (36) limits the
DGs ability to inject or consume reactive power.

DG,min DGmax

Pgnsh = Pgnsh = ansh (34)
DGmm DGmax

ansh = ansh < an,s,h (35)

—tan(cos‘l(pfg)) s S Qgosh

< tan (cos 1(pfg)) Py ssn
For stability reasons, the active and reactive power

limits at the substations are given by (37) and (38).
Pn;irket,mm < Pcrg%lrket < Pcrgirket,max (37)

(36)

Q;narketmm < Qmarket < Qmarketmax (38)

The reactive power that is w1thdrawn from the substation
is subject to the bounds presented in inequality (39).

—tan (cos‘l(pfg)) Pg';‘ﬁl”‘” <

< tan (cos 1(pfc)) PIgrket
Equation (40) requires that all nodes with a demand at hour h
are connected and have a single input flow through line 1. The
inequality shown in (41) places an upper bound of 1 input flow
for the terminal nodes.

ZXM: 1L,ymeQkilen (40)

1e0l

market
9 (39)

Xin — xn<lLvmeQkilen (41)

inleQ! out.leq!

IV. CASE STUDY, RESULTS AND DISCUSSION

In this section, the two main case studies are presented as well
as the results of the various simulations. The two case studies
consist of a baseline model and a flexible TVPP study. The
second case study is further used for three investigations into
the effects of different levels of consumer thermal comfort
requirements through modifying the HVAC operational limits.
The model is programmed in GAMS 24.0 and solved using the
CPLEX 12.0 solver. The simulations are conducted on an HP
7820 workstation with two 3.1GHz E5-2687W processors and
256 GB of RAM.

A. Case studies

The standard IEEE-119 bus test system [21] is used to
simulate and validate the developed mathematical model. Two
types of DG units are considered, namely wind and solar
power. For both technologies, the installed capacity of these
units is 1 MW. The costs associated with the solar and wind
DG units are taken from [22]. The following assumptions and
system data are considered in the analysis:

e A time horizon of 24 hours is considered.
e The value assumed for the nominal voltage is 12.66
kV.
In each node, a voltage deviation of +£5% is considered.
The reference node is the substation, with a voltage
magnitude being set to its nominal value.
0.95 is the value of the power factor at the DG units.
0.80 is the value of the power factor at the substation.
Charging and discharging rates for the EVs are the same
and equal to 90%
e Charging and discharging costs of the EVs are
5 €/ MWh.
e The EVs discharge cannot go below 40% of their total
load capacity.
The operation cost of solar DG units is 40 €/ MWh.
The operation cost of wind DG units is 20 €/ MWh.
Commercial buildings can also charge EVs at night.
Optimization for usage during a summer period
Commercial customers are distributed throughout the
network and are fed through nodes 14, 29, 34, 43, 52, 56, 61,
66, 69, 73, 77, 83, 100, 107, 112 and 116. An HVAC system
and an EVs parking lot, containing 10 vehicles, are located at
the commercial consumers. The residential consumers are in
the remaining nodes and have various DERs. In this model,
uncertainty is accounted for by using a set of scenarios. There
are three sources of uncertainty, solar generation, wind
generation and demand. Three scenarios for each parameter
were developed. This resulted in 27 scenarios which were
reduced using k means techniques as is described in [20].

Two case studies were considered for this model. Firstly,
to establish a baseline for comparing the results of the model,
a case study was developed where all the load from the
consumers was met through buying power from the DAM
market. There were no DG, EVs or flexible HVAC systems
used in this case study.

The second case study allows for the TVPP to fully utilize
the potential of the DG units to generate electricity, the
aggregation of EVs to offer flexible demand and supply
through controlled charging and discharging, and flexible
HVAC systems in commercial buildings to improve DR
flexibility. In this second case study, the consumer comfort
requirements are considered in the HVAC system’s operation.

The second case study was used to investigate the impacts
of various modifications of thermal comfort requirements on
the operation of the TVPP. This was done by investigating
three different thermal ranges for the commercial buildings. A
narrow thermal band limited the indoor temperature to between
20°C to 22°C.
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A standard band ensured that the indoor temperatures
stayed between 19°C to 23°C while the wide band maintained
the temperatures between 18°C to 24°C.

B. Impact of TVPP on the distribution system

Table I shows the profit, the power sold to consumers and
the TVPP operational cost for both case studies. From the
table, it is clear to see that the enhanced operation of the TVPP
increases its revenue and decreases costs thus increasing
profits. The profit increased by 49.23% relative to the baseline.
The PSC revenues are increased by 1.55% relative to the
baseline. Therefore, the main driver in the increase in profits is
due to decreased TVPPC costs due to the participation of DG.

With the contribution of the DG units and demand
response programs to meet the demand, there are a wide
diversity of technologies used to meet the scheduled demand.
This is shown in Fig. 2 which shows the contribution of each
technology in meeting the demand as well as the changing
market price throughout the day. Demand Response resources
from commercial consumers are initiated during the peak
period of 19:00 to 21:00 when the market price is also at its
highest. In conjunction with the Demand Response program,
the EVs and commercial HVAC systems also contribute to
increased system flexibility.

In terms of the energy mix, there is a large contribution
from RES, reaching 72.79% of the total demand. Wind
generation is the largest contributor supplying 65.61% of
demand, however, there is also significant PV generation,
especially during its peak production times.

Management of the charging and discharging of the EV
fleet is undertaken by the TVPP and the results of this flexible
operation are shown in Fig. 3. The charging periods for the EVs
occur during periods of low ToU prices. Discharging occurs
during working hours and when the ToU price is at its highest
during the day. Note that there is discharging between 20:00 to
22:00 despite a lower ToU price. This is due to the high
demand and market price during these hours.

A key difference of this TVPP model compared to other
VPPs is the consideration of the technical constraints, namely
the voltage profile of the system during operation. The voltage
profile in each of the case studies is shown in Fig. 4, with Case
1 being the baseline with no TVPP case and case 2 representing
the TVPP in operation. The figure shows that there is a
significant decrease in the voltage fluctuations experienced by
the system in the second case study with the flexible operation
of the TVPP.

The deviations are reduced by a maximum of 52.5%
between the two cases. The improvements to the voltage
profile are due to the presence of the DG units as they generate
locally which improves the voltage of the local nodes.

TABLE I: FINANCIAL COMPARISON BETWEEN TWO CASE STUDIES

Profit (€) PSC (€) TVPP (€)
Baseline 16 285.80 44 091.62 28 498.09
TVPP operation 32 078.58 44 783.89 12 705.30
Pmarket DG_Wind DG_PV
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Fig. 2: Energy mix for Case 2
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Fig. 3: Charging and discharging profile for the EVs.

The DG units also tend to be located near the end of a line
which improves the voltage profile. The largest voltage drops
are seen in those nodes located at end nodes of the feeders
which can be seen from the grid topology. In addition, the EVs
also inject power locally which further improves the voltage
profile.

The DGs and EVs combined with the more efficient
operation of the HVAC mean that less power is imported from
the substation. The improvement in the voltage profile
increases system reliability as it can now handle more voltage
fluctuations.

C. Effects on the comfort of commercial consumers

To investigate the impact of the active management of the
HVAC system on the comfort of commercial consumers, three
modified case studies were considered. These modified case
studies used the flexible TVPP model as the base but modified
the acceptable temperature limits for the HVAC system
operation in commercial buildings.

In the narrow thermal operating band, due to the stricter
operating constraints of the commercial HVAC system, this
case study had a lower profit relative to the standard operating
model of the TVPP. This was because there was slightly less
energy sold by the TVPP combined with an increase in the
costs of operating the HVAC units. The higher costs of
operation were due to HVAC operation during high energy
price periods (especially at 19:00).

In comparison with the standard case, the power used in the
narrow operating band scenario is 13.11% higher. These
stricter temperature bands did not affect the technical
performance of the distribution system as no significant
changes occurred to the voltage deviation profile in this case.

The wider thermal operating bands increased the
flexibility of the HVAC allowing for an increase in profit by
the TVPP. In this case, profits increased by 2.7% relative to the
standard case. This profit is driven by a 7.0% reduction in
purchasing energy by the TVPP as it can more easily schedule
the operation of HVAC units to occur in low-price periods.

The usage of the HVAC system in each of the three case
studies (narrow, standard, wide) are shown in Fig. 5. The
narrow range case study uses more energy during the day,
especially at 18:00 where the ToU cost is high. Thus, there
exist clear trade-offs between consumer comfort and savings
from the electricity bill. The results in this section have shown
the multiple benefits that a TVPP can bring to a distribution
system.

Results have shown that there is an increase in the
revenues, increase in the amount of locally produced DG
generation, increase in the participation of commercial
consumers in DR programs, a decrease in the voltage profile,
and the comfort of commercial consumers is maintained
through intelligent HVAC management.
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V. CONCLUSIONS

This paper has investigated the potential for a TVPP to
aggregate DERs, EVs and demand response services from
commercial and residential consumers to bid into the DAM
market, all the while considering the technical constraints of
the distribution system. The TVPP agent aims to optimize the
operation of the distribution grid, improve the voltage profile
of the system, and increase the financial viability of investing
in DERs. This model considered both residential and
commercial consumers, each with different DERs and load
requirements. The model was tested on two different case
studies: one that resembled the current status quo and one
where DERs owned by commercial consumers were allowed
to participate in the DAM. By utilizing the TVPP as an
aggregator of DERs, the profit was increased by 49.23%, PSC
revenues increased by 1.55%, RES sources provided 72.79%
of total energy demand, the voltage profile of the network was
improved by a maximum of 52.5% and all HVAC systems
were operated in a way that maintained thermal comfort
requirements in the commercial buildings. Different comfort
preferences were investigated for the HVAC operation by
changing the allowable limits of indoor temperature, which
showed a clear trade-off between consumer comfort and cost
savings. The improved voltage profiles can help to increase the
flexibility, reliability and increase the potential for integration
of RES into the distribution network.
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