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Abstract-- The integration of distributed generation and
demand response programs introduces significant complexity to
microgrid management. This paper proposes a comprehensive,
stochastic framework for the day-ahead scheduling of a microgrid
that simultaneously co-optimizes Demand Response Programs
(DRPs) and a Conservation Voltage Reduction (CVR) strategy.
The model aims to enhance operational performance, improve
reliability, and minimize costs. To address the inherent
uncertainties of renewable generation, the framework emplo
both Time-of-Use (TOU) and incentive-based DRPs, creati
vital link between variable generation and flexible demand

dependent load modeling to achieve further peak lo
A key feature of the approach is the use of In
Decision Theory (IGDT) to rigorously

uncertainty, providing a robust decision-makj
optimization problem is solved using a Geng

istribution grid [5]-[6].
To address these challenges, sophisticated day-ahead
operation planning is paramount. This process forms the
backbone of microgrid energy management, aiming to
a test system. Simulation results confi determine the optimal set-points fqr all contro_llab_le assets [_7].
application of uncertainty-aware DRR 4ds to a Two key strategies have proven highly effective in enhancing
substantial reduction in operatig % e_significantly ~ operational flexibility and efficiency: Demand Response (DR)
improving key microgrid reliabilityindiss and Conservation Voltage Reduction (CVR). DR programs
efficacy of the proposed integret8 incentivize end-users to adjust their consumption patterns,
providing the necessary flexibility to balance generation and
Nétworks, Conservation |oad, thereby mitigating the effects of uncertainty in renewable
Response  Program(DRP),  generation and load forecasts [8]-[9]. CVR, a well-established
COry(IGDT), Multi-Objective  ygtage regulation technique, leverages the voltage-dependent
nature of certain loads to reduce both energy consumption and
peak demand by strategically operating the distribution system
at the lower end of the permissible voltage band [10]-[11]. The
ergy landscape is undergoing a profound synergy between DR and CVR can unlock significant potential
driven by the dual imperatives of for energy savings, peak shaving, loss reduction, and improved

tion and grid modernization. This transition is  voltage stability [12]-[13].
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Despite individual advancements, integrating CVR effects with
uncertainty-based DR into a unified, multi-objective day-ahead
optimization framework for modern active distribution
networks and microgrids remains a complex challenge. This is
particularly true for systems with high penetrations of EVs [14]-
[15], which introduce new dimensions of uncertainty and load
flexibility. Furthermore, the co-optimization of traditional
assets with advanced power electronics interfaces, such as
Smart Transformers and Soft Open Points (SOPs), alongside
CVR and DR, is essential for unlocking the full potential of
active network management [16] - [17]. This paper proposes a
comprehensive,  two-stage  fuzzy-based  optimization
framework to address this multifaceted problem, aiming to
simultaneously achieve economic and technical objectives for a
resilient and efficient distribution system.

DR is a cornerstone of modern smart grid operation,
essential for balancing supply and demand under uncertainty. A
comprehensive survey of DR programs, outlining various
pricing methods and optimization algorithms, was provided in
[8]. The application of DR in microgrids has been extensively
studied. A day-ahead optimal bidding strategy for a microgrid,
incorporating a DR program to manage uncertainties and
outages of renewable resources, was developed in [9]. The
challenge of uncertainty in multi-microgrid systems has been
addressed through various approaches. A data-driven peer-to-
peer (P2P) energy exchange model for grid-interconnected
multi-microgrids was proposed in [18]. Similarly, optimal
power scheduling and energy management in systems with hig
renewable penetration were focused on in [19]-[
emphasizing energy trading and storage optimizatio

reinforcement learning approac
in microgrids with high PV pes

), a context relevant to high-
s presented in [24]. A coordinated EV

grid-tied -battery charging stations, focusing on power
allocation, charging coordination, and grid support, were
proposed in [25]-[26]. The aggregation of EV flexibility is
crucial; an equivalent time-variant storage model to harness the
flexibility of an EV fleet through forecasting and aggregation
was developed in [27]. Furthermore, the energy management of
EV parking lots under peak load reduction-based DR programs
was optimized in the literature, explicitly considering
uncertainty. Energy management systems for residential

buildings with EVs and DERSs, as well as rule-based strategies
for hybrid energy storage in plug-in hybrid EVs, were explored
in [28] and [29], respectively. The latest research explores the
aggregation of vehicle-to-grid (V2G) services from fleets of
autonomous EVs, proposing a bi-level market framework that
significantly enhances grid flexibility [30].

Energy storage is a key enabler for mitigating intermittency
and enhancing flexibility. A real-case analysis of a BESS used
for energy time shift, demand management, and reactive power
control, demonstrating practical applications, w esented in
building
crucial

energy hubs integrated with
respectively, highlighting
loop optimization. A A4
demand-side mana
was introduced i

! for privacy-aware
jstic energy storage model

icrogrid systems, addressing
hle maintaining operational efficiency,

gduction. Its integration with modern grid
a growing research area. The impacts of co-
R and DR operations Within a bi Ievel market-

rature, demonstrating significant interactions between
0. A risk-averse Volt-VAr management scheme that
oordinates DERs with a DR program, an approach that
inherently involves voltage regulation principles akin to CVR,
was proposed in [13]. The concept of coordinated optimization
is expanding to include a wider set of assets and objectives. An
integrated DR framework for microgrids with an incentive-
compatible bidding mechanism was proposed in [37]. The
optimal energy management of grid-connected multi-microgrid
systems considering demand-side flexibility via a two-stage
multi-objective approach was studied in [38]. Optimal
microgrid programming based on ESS, price-based DR, and
distributed renewables was focused on in [39]. A very recent
paper proposes a joint optimization of CVR and SOPs in
unbalanced distribution networks, using a multi-agent deep
reinforcement learning approach to dynamically manage
voltages and power flows, showcasing the next frontier in
integrated voltage control [40].

A thorough analysis of the literature reveals a clear
progression towards more integrated and sophisticated energy
management systems. However, a critical gap persists in
developing a holistic day-ahead operation planning model that
seamlessly unifies CVR optimization with uncertainty-based
DR programs for flexible loads and EVs, while also
coordinating advanced assets such as SOPs and smart
transformers within a multi-objective framework. Many studies
consider DR and EVs, but omit the explicit modeling and co-
optimization of CVR as a continuous control variable. Others
address CVR or asset coordination without fully leveraging the
comprehensive flexibility of uncertainty-based DR programs
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tailored for modern loads such as EVs in a multi-objective
setting. Furthermore, a unified approach that jointly minimizes
operational cost, improves voltage stability, minimizes voltage
deviation, and reduces feeder loading through the coordinated
action of CVR, DR, SOPs, and smart transformers has not yet
been fully explored.

Building upon the foundational work in the field, this paper
introduces a novel two-stage fuzzy multi-objective
optimization framework for the day-ahead operation of an
active distribution network. The key contributions of this work
are:

1. The development of an integrated model that explicitly co-
optimizes CVR operation, uncertainty-based DR for
flexible loads and EVs, and the set-points of a Smart
Transformer and an SOP.

2. The application of a fuzzy-based goal programming
approach to find a Pareto-optimal compromise solution
between conflicting economic (operational cost) and
technical (Voltage Stability Index, Average Voltage
Deviation, feeder loading) objectives.

3. A comprehensive validation on a modified IEEE 69-bus
test system, demonstrating the effectiveness of the
proposed strategy in achieving a superior balance between
competing operational goals compared to single-objective
scenarios.

The remainder of this paper is organized as follows. In
Section 2, Problem modeling and notations, including the
objective functions and constraints, as well as the propose
approach for CVR and optimization algorithm, are describ
The results of the simulation and analysis are prese I
Section 3. Finally, Sections 4 and 5 discuss and concllide the
paper, respectively.

Il. MODELING THE PROBLEM AND TJONS
A. Notations
TABLE |
Indices, Functions, Variabl
Indices

i Generators
t Time
nWT TheWwumber of

)

rsion function of wind speed to
d turbine generation

i ) he conversion function of the radiation
value into photovoltaic generation
Variables

revenue Revenue

Reliability | Reliability

income Income

cost Cost

P The generation rate of uniti at time t

Costgen Generation cost

COSt e Spinning reserve cost

CoStyg Reliability cost

Ui e Binary variable of starting unit j@t time t

K, Binary variable of unit i bgi on at
time t

AP, Change in availah ents at
time t

AR, Change g ion due to events
at time

R, Tof

[Pt}

The proS@bility of event “s” at time t

[t

s” at time t

e energy in the battery at time t

The expected amount of energy not supplied

LOFP The possibility of load-shedding

R, The amount of reservation of unit i at time t

PE Battery generation or consumption power
Parameters

Cit Baseline generation cost per MW

Q¢ Spinning reservation cost per MW

S¢; The cost of setting up unit “i”

VOLL Lost load value

LOLP™** | The maximum probability of acceptable load
shedding at time t

PP Load value at time t

pnax Generation capacity of unit i

pmin The minimum generation by unit i

RUR; The maximum slope of the increase in the
generation by unit i

T Time steps




piftual The actual wind speed value at time t
v{ fsf The forecasted wind speed value at time t
g{ oot The forecasted radiation value at time t
g The actual radiation value at time t
PE.. The maximum battery capacity

dr Battery charge efficiency

Cs Initial battery charge

Cg Final battery charge

Crnin The minimum battery capacity

Crnax The maximum battery capacity

dur Duration of each failure

B. The baseline model of the objective function and
constraints

An optimization problem with an objective function and
specific constraints is developed in this study. Due to the
problem'’s relevance to short-term studies of the power system
its solution time is a crucial factor. Numerical results show t
the solution time of a problem is proportional to thedi

horizon, according to the proposed algorithms. Thef multi-

objective framework of this model can be expressed
which takes revenue and reliability as two obj%\
max(revenue, reliability).

revenue = income — cost Y (2

3
income = ZZMP(!&) '\V ©
cost = CoStgen (L\)’ 4)

Cost,q

(%)
(6)
Cost,o,; = EENS X VOLL (7)
Reliability= LOLP (8)

The objective function of the problem consists of two main
components, with revenue and reliability as the first and second

components, respectively. In this bi-objective problem, the
revenue is defined as the difference between income and costs
according to (2). The income from selling power to the
upstream network forms the income component, as expressed
by (3). The total cost includes generation cost, the cost of setting
up the units, spinning reserve cost, and reliability cost (4), the
first two components of which are expressed by (5) and (6),
respectively. Furthermore, the reliability cost, expressed by (7),
is equal to load shedding multiplied by the value ofghe lost load,
referred to as the outage penalty or load sheddj P nalty. The

energy can be converted into a
value of the Iost load. Howeve

meet a minimummre

LOLP, < LOLP{"“XJ 4 (9)

osed framework employs two complementary
metrics: LOLP (Loss of Load Probability) as a

erm in the objective function. The rationale for including both
eparately is as follows:

e LOLP captures the frequency or probability of load
shedding events, which is a regulatory and customer-
centric metric. Constraining LOLP ensures that the
system does not rely on frequent but small
interruptions.

e EENS x VOLL quantifies the expected monetary

impact of unsupplied energy, allowing direct trade-off
with reserve costs and production costs in the objective
function.
This dual representation enables the operator to
simultaneously satisfy a minimum reliability level (via
LOLP constraint) while optimizing the economic
balance between preventive reserve and outage costs
(via EENS x VOLL).

The constraint on the generation and consumption equilibrium
is as follows:

Z”_

vt=1,..,T

(10)
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Since each unit needs to spend a certain amount of time to
increase its power, the unit cannot provide the desired amount
of reserve:

Ry < min (U;¢(RUR;T), P"** U — Py t) (11)

The energy storage system (ESS), or the battery, is a
dispatchable unit that simultaneously consumes and generates
power. The related technical constraints of this source are as
follows:

|Pf] < Pyox 12)
C(t+1) = C(t) — drPF*n® + drPES /" (13)
C0) =Cs,C(T) =Cg (14)
Cimin < C(t) < Cax (15)

where PE%and PE° are discharge power and charge power,
respectively. PE,. denotes the maximum chargeable or
discharge power of the battery and ¥ is the charge or discharge
efficiency. d and C(t) are the duration in hours and the total
energy value in the battery until hour t, respectively. Cs and Cg
denote the set values of battery energy at the beginning and end
of the period, and C,,,, and C,;, are the maximum
minimum battery capacity. Similar to the battery, the up
grid can both generate and consume power. The capaci
grid is limited by the capacity of its transformer co

or selling power to this grid are equal to the wh
price.

C. Adding DR to the model

As previously mentioned,
incentive-based and TOU pr8
study. The cost of electric

@Nsidered in this
subscribers should

in each time interval and for the
ded loads is shown as follows [6].

T_(PD' x x* x EPY) (16)

0.7 <xt<1

where EP! is the price of electricity in each time interval t,
PD! is the electricity demand of shedabble loads at time t. x* is
the decision variable for reducing the load and allowing it to
shed a maximum of 30% of the load. In other words, this
variable has a value between 0.7 and 1. It is worth mentioning
that with each load shedding, an incentive equal to the price of

electricity at that moment is given to the corresponding load.
The second type of responsive demand is price-based and
includes three categories: time of use (TOU), real-time pricing
(RTP), and critical peak pricing (CPP). The cost of supplying
responsive demands is the TOU program and actual pricing
type, and its value is obtained according to (17) and (18) [2].

(7)
Figr =min:(1—y, —y, — V3)ZEPt
« do(®) + zp(t)
d.t) =1 +v2+ Vs) * do( (1 (18)
" — EPt
p o P

The percentage 0 ticipatfon in each of these programs is
S iftableNboads are contributed in the TOU
he real-time pricing (RTP) program, and

In the above equations, y;, y, and y5 are the participation
rates for the RTP, TOU, and CPP programs in percentage,
respectively. de(t) is the consumption of price-sensitive
subscribers at hour t after the program, dO(t) is the consumption
of shiftable loads before the program, E(t,k) is the price
elasticity of hour h compared to hour k, (t)p is the electricity
tariff at hour t, and Op is the initial price at hour t. The hourly
tariff rate and the percentage of subscribers' participation
should be determined during the problem for the optimal design
of the responsive demand program. The only difference
between TOU and RTP programs lies in the type of elasticity
matrix, which will be discussed further in the simulation results
section.

According to the Cobb-Douglas function, to model the
effect of peak pricing on the electricity consumed by
subscribers, the consumption of subscribers is considered a
function of temperature and price [7].

Q) = APPOW (1) (19)

A =1y3xdy(t) (20)

Where Q(t) is the consumption of loads participating in the
critical peak pricing program after the program's
implementation, a is the constant coefficient of the load value,
which is a percentage of the initial shiftable load, and P is the



price of electricity. W, ep, and ew express the ambient
temperature, the dependence of charge on price, and the
dependence of charge on temperature, respectively. As the price
increases, the consumption will decrease and vice versa. Taking
the log on both sides of (19) results in (21). The logarithm of
each variable is represented in lowercase.

qit)y =A+epxp(t) +ew*w(t) + U(t) (21)

The stochastic error represented by U(t) is added to make
the model more realistic. The parameters a, ep, and ew are
estimated by the least squares method so that (22) is minimized
(consumption reduction is maximized).

T T (22)
¢(a.ep.ew) = Z U(t)? Z[q(t) —(a+ep

p() + ew + WO

To do so, simultaneous equations are obtained by setting the
derivatives of the mentioned parameters equal to zero. The
parameter values can be determined using simultaneous
equations and past information of the study system.

D. Modeling the load response uncertainty using the IGDT
method

In the IGDT method, the set of possible uncertainties i
received; therefore, the objective function, which depends €n
uncertain parameters, is tried to be flexible against th t
uncertainties.

In this section, the participation rate i
considered a non-deterministic parameter, an
method of its effect on the problem is eva

because the problem is not p
as resistant as possible to

(23)

(24)

L&y fy =7 (29)
y=vx(1-a (26)

where X is the decision variable including the spot prices
and the value of the proposed load shedding, « is the radius of

uncertainty, and g is the percentage of deviation from the
objective function in the risk-aversion strategy.

E. Correlation handling between uncertain input variables

Uncertain variables may or may not be interdependent.
When variables are interdependent, changes in one variable also
affect other variables. The magnitude and direction of these
effects are functions of this dependence. Generally, this issue is
expressed through a covariance or correlatigmcoefficient
matrix. The correlation coefficients can be ressed in the
form of (27):

_cov(x,y) EIx —ﬂx)

Px,y = ‘
ox %y (27

X,y =12,...,n )

(28)

The covariance matrix of the M vector obtained is equal to
(29):

Cy ~EMMT ) =R (29)

In (29), R is a symmetric matrix, and it can be written
according to the Cholesky decomposition method to obtain the
value of L, where L is the Cholesky factor of a lower triangular
matrix. To construct the correlation vector M, assume that W is
a vector with N dimensions of an uncertain variable whose
values are independent and whose variance is equal to one.
Therefore, its covariance matrix is according to (30).

CW=E(WWT):I (30)

Using the (30), the covariance matrix M can be written in the
form of (31), and the correlation matrix M can be obtained.

T, T (31)

Cy =EMM ) =E@ww T LT)=R
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Therefore, the correlation between the values of the uncertain
vector M is applied.

F. Load management through CVR

One innovative method for reducing energy consumption
and peak demand, without interfering with consumers' usage
patterns, is CVR. This technique reduces the load by controlling
the voltage at consumption buses to a minimum permissible
value without compromising system security, as a significant
portion of the electrical load is directly dependent on voltage.

Different types of loads respond to voltage drops in different
ways. For instance, the power draw of cooling loads decreases
when the voltage is reduced. However, these loads must operate
for longer durations to reach the desired temperature because
they are functioning at a lower power level. Consequently, their
net energy consumption does not decrease. In contrast, the
energy and power consumption of another category of loads
often decreases with lower voltage. Meanwhile, constant-power
loads experience almost no change in consumption due to a
voltage change. Therefore, the responsiveness of a given grid to
CVR depends on the models and characteristics of its
constituent loads. Studies indicate that this method can reduce
energy consumption by between 0.5% and 4%.

To investigate the impact of CVR on the problem of
microgrid optimization, load flow equations must be consider:
alongside objective functions and constraints. The pro
modeling includes a radial grid structure, voltage-degendent

In a radial structure
of nodes minus pn
bus 0, serves &

grid and ystem, maintaining a constant

voltages@ng oad flow equations for a branch are as
follws.
rl]( T+ Qu) (32)
kEN]'
X ( -+ Q ) (33)
Z Q]k J ” qj
kEN]

VZ =V = 2(ryPyj + x;;Q;5) (34)
RURENIGTRID)
VZ
pi=p] —pf.q;=0q; —qf +4qf (35)

where i represents the bus number and p;,q; and v; are the
injected active power, injected reactive power, and voltage of

where ry;, x;5, P;j and Q;; are the resistance,
power, and reactive power of line l'

is as foIIows.

pf(V;) = Py,

qaf(v;) = Q¢

L~

ript O indicates the load value at nominal
the subscripts Z, I, and P indicate constant
nstant current, and constant power, respectively.

p N p = ry (PG + Q) (38)
ij k= Ty g2 pj
KEN LTy
(PG +Qf) 39)
Qij — Qjr = vz U
KEN; i
V2 (40)
a— = Vi = 2(ry Py + x;;Qiy)
ij
(”' + xu)( T QU)
iz/aij
4ij < a;j < Gy (41)

where a;; is the tap ratio of the transformer, whose value is
limited to a minimum and maximum range.

Moreover, the shunt capacitor is modeled as a parallel
susceptance in the corresponding bus, and the value of its
injected reactive power depends on the voltage. This
susceptance value is bounded between 0 and the maximum
value.

qi (V) = Bf V¢ (42)



0 < Bf < Bf (43)

According to IEEE Std. 1547-2018, in terms of reactive
power capacity and the ability to regulate the voltage, DG
resources are divided into two groups: resources that have the
least ability to control voltage within an acceptable value (this
applies to systems with a low penetration coefficient) and those
that have a more remarkable ability to regulate voltage (this
applies to systems with a low penetration coefficient). In this
study, the resources with high voltage control capacity are
considered.

The active and reactive power outputs of these resources are
constrained by their capability curves, which can be
mathematically expressed by (44)-(46).

alis] <p! <a2ls] (44)

b1ip? < qf < b2[p! (45)

clisl < qf < c2is] (46)

The voltage-power control of the source can be configured
in four distinct operating modes: constant power factor,
voltage-reactive power (V-Q), active power-reactive power
(P-Q), and constant reactive power. The relationship between
active and reactive power for each of these modes is modeled
by (47)-(49), respectively.

q’ (p?) = tan(0)p!
@’ (V) = —mg(Vi = Virer)

af () = =bq(p’ -

2\
S @)

a\Y
\ \ Ve
(49)
\J

rated)

Mathematical Formulation of
Two-Stage ARO

T

Objective Function

MinCX + MaXeez MiNyeyx,)

dly

First-Stage Constraints
Ax=<b
XEX

Second-Stage Constraints
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Fig. 1. Flowchart of the proposed two-stage fuzzy-

The flowchart in Fig. 1 cons

with CVR, DR, and
enetic Algorithm. The

HE SIMULATION RESULTS

r non-deterministic parameters—such as
wind, irradiation, and generation resource data—are
adopted ]. The grid topology will be detailed in the final
section on numerical studies, where the results of the CVR
analysis will be presented.

This study involves a numerical examination of a microgrid.
The load profile and energy pricing characteristics of the
upstream grid are provided in [2]. Figs. 2, 3, and 4 illustrate the
TOU, RTP, and CPP programs, respectively. Subscribers
within the microgrid consume power at a fixed tariff of 15

jmizatiop’framework

cents/kWh. The upstream grid rate refers to the price at which

power is exchanged between the microgrid and the main grid.

20 T T

TOU rate{cent/kiWh)
=

Fig. 2. TOU program

20

25




R
T T

RTP rate (cent/k\Wh)
@

0 5 10 15 20 25
t(hours)

Fig. 3. RTP program

35

30

25

CPP rate (cent’kWh)

t(hours)

LOLP

Time(hour)

Fig. 5. Hourly LOWding penalty
—

LOLP

Time (hour)

Fig. 6. Hourly LOLP with load-shedding penalty

LOLP

o 5 10 15 20 25
Time(hour)

Fig. 7. Hourly LOLP with multi-target Ioad-sheddm

2000

1500 |

1000

500

H
G
g
@
=1
8

-500

1000 & . . . . .
o 5 10 15 20 25
Time(hour)

. 8. Hourly cost with a multi-target load-shedding penalty

)A. Simulation without considering DR

1. Numerical results with no load-shedding penalty
This section provides the hourly load supply cost,
generation rate, and reservation value used in the GA. The total
cost for this operational mode is 15,778.67 cents. The hourly
LOLP is shown in Fig. 5. The expected energy loss over the 24
hours, as calculated by the GA, is 0.187 kWh.

2. Simulation results with load shedding penalty
The total cost of load supply in this mode is 16,703.97 cents,
with the corresponding LOLP values illustrated in Fig. 6. The
expected energy loss is calculated to be 0.357 kWh. It is
important to note that the load interruption penalty and the
reservation cost represent two directly conflicting objectives.

3. Simulation results with bi-objective load-shedding
penalty

The total load supply cost in this mode is 16,902.19 cents,
with the corresponding LOLP profile shown in Fig. 7. Fig. 8
shows the hourly cost with a multi-target load-shedding
penalty. The expected energy loss is 0.263 kWh, resulting in a
total cost of 16,902 cents. A comparative summary of the
results from the three solution methods is presented in Table II.
As illustrated in the table, the cost increases progressively
across the case studies due to differing objective functions. In
the first case study, where no load-shedding penalty is applied,
the cost is minimized as the reservation is allocated solely to
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meet the LOLP constraint. Consequently, the cost of this study
is lower than that of the second study, which incorporates a
load-shedding penalty into the objective function. This penalty
leads to a higher cost but improves the reliability value, as seen
in the second study's results.

Finally, the cost of the third study is higher than that of the
single-objective second study. This is because the second study
focuses exclusively on cost minimization, whereas the third
study is a multi-objective optimization problem that balances
cost and reliability objectives.

Here is a comparison of the total operational cost and EENS
obtained from the proposed method with those reported in
recent studies under similar microgrid conditions. Compared to
[22], which used distributionally robust optimization without
CVR, our method reduces cost by =11% (from 13,800 to 12,060
cents) while improving EENS by 18%. Relative to [23]’s deep
reinforcement learning approach (cost ~12,950 cents, EENS
0.29 kwh), our method achieves lower cost and better
reliability due to explicit co-optimization of CVR and
uncertainty-aware DR. These improvements stem from the
synergistic effect of voltage-based load reduction and risk-
averse DR participation modeling.

B. Simulation considering DR
The ambient temperature, which serves as the model for
determining subscriber participation rates in the CPP program,
is illustrated in Fig. 9. The parameters e, and e, utilized in the
CPP model, are set to -0.83 and 1.2085, respectively.
40
35
30
25
£ 20
15
10

5

0

1 3 5 7 9 11 13 15 17 19 21 23

t(hours)

e afiient temPerature during 24 hours

Without penalty-single objéctiv enalty single objective | Bi-objective
Algorithm
Cost EENS Cost | EENS
GA 15778 0.478 16902 | 0.263

Figs. 10 and 11 depict the T,
10% participation scenarios, re
application of these progpén
resulting updated load ava

gra nder 5% and
. They show the
load” curve and the
ng. For the pricing

The ComparisOR0

model, the critical peak parameters ey and e, are set to 1.2085
and -0.83, respectively. This analysis employs distinct 5% and
10% participation rates to better isolate and compare the effects
of the TOU program.

TABLE Il
Cost gf the Loads Participating in TOU Programs Before and After the Implementation of the Program

(5%)

\Ijrog ram

Cost before participation (cent)

Cost after participation (cent)

) TOU 1686.864 1520.229
RTP 1258.030 1022.785
CPP 1118.823 768.739
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Figure 10. Updated load for 5% participation in the TOU programs
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Figure 11. Updated load for 10% participation in the TOU programs

1. Simulation considering an interruptible load
program and 5% participation in the TOU program
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The Comparison of the Cost of the Loads Participating in
TOU Programs Before and After the Implementation of the
Program (10%)

Program Cost before Cost after
participation (cent) | participation (cent)
TOU 3373.728 3040.457
RTP 2516.061 2045.571
CPP 2237.647 1537.479
TABLE V

Cost Objective Function Values for Different Demand
Response Scenarios

Objective TOU Incentive-based
function program program
16902 0 0
16423 5 10
12060 10 10

In the previous section, the cost of supplying electrical
energy was a constant 45,793.5 cents. In this section, however,
loads participate in demand-side programs voluntarily. Table
111 compares the costs for loads participating in TOU programs
before and after implementation.

For such voluntary programs to be sustainable, their design
must create a financial incentive for participants. This mea
the programs must generate more revenue (or greater savi

repeatedly dispatched in the market. Under
participation model, the total cost is 16,423.7

program and 5% participatio

and after program implementatic
all three programs, the post-pasiigi iS5 higher than the

3,0f the DRP.

demands in the programs. Previous analyses relied on fixed
scenarios (0% and 10% for interruptible load; 5% and 10% for
responsive demands) to demonstrate the impact of participation
rates on the objective function. To deepen this analysis, three
specific scenarios for responsive demands are modeled, as
defined in Table V. The results of the objective function across
these scenarios are also presented in Table V.

The data in Table V indicates that varying the participation
rate has a minor effect on the objective function in the initial
step, but a significant effect in the subsequent step. This non-
linear and pronounced sensitivity underscores the necessity of
explicitly accounting for this uncertainty. Since uncertainty in
participation rates typically degrades the objective function's
value, a risk-aversion strategy is implemented within the info-
gap decision-making framework.

The goal of this strategy is to ensure the objgCtive function
remains robust against a predetermined degr
responsive demand participation from its
model is solved using this risk-averse
10% deviation of responsive demands ft
participation level. The outcomgf
that this 10% input deviation pigpagate
40% degradation in the objegtive@unctionffrom its base value
of 12,060. This s
necessitates a meth

uncertainty radius of demand
issible relative deviation of the

B, LOLP) pair, the maximum feasible uncertainty radius (o)
hat satisfies these constraints is calculated; the results are
presented in Fig. 10. Fig. 10 illustrates two key trade-offs:

1. For a given allowable cost deviation (B), a stricter
reliability requirement (lower LOLP) necessitates a
smaller tolerable uncertainty radius (a). Higher
reliability demands greater predictability in demand
participation.

2. For a given LOLP value, allowing for a larger
performance sacrifice (higher ) permits a larger
uncertainty radius (o). System robustness to
uncertainty can be increased by accepting a higher
potential cost.

Building on this, the changes in the maximum uncertainty
radius (o) resulting from the variations in  and LOLP are
further analyzed, yielding Fig. 12. Finally, by replotting the data
from Fig. 12 with the objective function's percentage deviation
on the horizontal axis, Fig. 12 is obtained to provide an
alternative perspective on this relationship.
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Fig. 13 confirms that the achievable uncertainty radius (o)
contracts as the permissible LOLP limit becomes more

- .

stringent (decreases). Furthermore, the sensitivity of the
acceptable uncertainty radius to the allowable cost increase ()
is negligible when B is small.

The analysis also reveals that for a given uncertainty radius, a
higher desired reliability (lower LOLP) imposes greater
operating costs on the system. This highlights the fundamental
trade-off: simultaneously guaranteeing high reliability (low
LOLP) and high robustness to uncertainty (large o) requires
accepting a higher operating cost.

To quantify the advantage of the propose -aversion
strategy, two operational modes are co
e Mode 1 (Realization Q This mode

peparticipation
e baseline cost was
e now assume the
In the risk-aversion
for each responsive
accounting for corrections

the \opportunity cost if the forecast is perfectly
ate. Contrary to Mode 1, it is assumed that the
edicted 10% participation is realized, but the system
is dispatched using the more conservative risk-
aversion strategy (which has a cost of 13,021 units). In
this optimistic scenario, the actual cost of supplying
the load would be 12,611 units. This means the system
operator would have overpaid by 410 units compared
to a perfect forecast.

The key finding is that the potential cost reduction in Mode
2 (410 units) is substantially smaller than the potential cost
increase in Mode 1 (1,922 units). This asymmetry demonstrates
that the risk-aversion strategy effectively shields the grid
operator from severe financial downside. The operator accepts
a small, known opportunity cost (overpayment if the forecast is
perfect) to ensure against a much larger, uncertain cost penalty
(underpayment if the forecast is wrong).

This is further evidenced by the result from Mode 1: the cost
of 13,982 units, incurred when the forecast fails, is significantly
higher than the 13,021 units calculated by the risk-aversion
strategy. This confirms that if load participation uncertainty is
not incorporated into DRPs, the system operator is likely to
incur substantially higher costs in real-time operation than if a
risk-averse strategy were employed.

D. Adding the grid effects and CVR

This section presents the test system used for the case study,
including its topology and the technical specifications of its
lines. The analysis is conducted on the standard IEEE 13-bus
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test feeder. The hourly load profile remains consistent with that
used in previous sections. For this study, the grid's active and
reactive power demands are modeled using a ZIP load model to
accurately represent their voltage dependence. Consequently,
the final load consumption is expected to be slightly lower than
the initial nominal load due to the effect of voltage reduction.

Following the implementation of CVR, the modified hourly
grid load is calculated. Fig. 14 provides a comparative plot of
the load profile under three conditions: the base case (before
CVR), after applying CVR, and after implementing DR.

IV. DISCUSSIONS
The key findings of this study are summarized as follows:

1. Impact of Load-Shedding Penalty on Cost: Incorporating a
load-shedding penalty into the objective function increases the
total cost of supplying load and spinning reserve. This is a direct
result of adding a new cost component. To partially offset this
increase, the optimization algorithm reduces the reserve
capacity, which in turn increases the load-shedding index. This
indicates that to genuinely improve reliability, the penalty for
lost load must be set sufficiently high to deter the algorithm
from compromising on reserve adequacy.

2. Interpretation of LOLP and Blackout Events: The low
calculated value of the LOLP, relative to its permissible limi
suggests that blackouts are primarily caused by high-im
Iow probability events While these events are rare, the

altering the probability index (LOLP) itself.

3. Scenario-Based Generation Planning:

inistic Parameters: The
e (a few minutes) allows

the expected energy loss index. This metric, which is inherently
cost-based, is integrated into the objective function alongside
the cost of providing reserves, providing a unified framework
for assessing the economic value of reliability.

6. Efficacy of DRPs: A significant improvement in both load
supply cost and reliability indicators was achieved by
incorporating responsive demands through DRPs. A key
advantage is that the added cost associated

with announced load shedding is negligible compared to the
combined savings from reduced production/reserve costs and
the avoidance of penalties for unannounced outages.

7. Value of the Risk-Aversion Strategy (IGDT): When
modeling the uncertainty of demand participation using the
IGDT method, employing a risk-aversion strategy exposes the
system operator to a lower potential cost increase than the
baseline mode. This demonstrates the strategy's effectiveness in
managing uncertainty.

onsumption. During peak
ount of cooling energy is

2ct Benefit for Demand Response: Although
reduce the energy consumption of cooling loads,
Ily reduces their instantaneous power demand. This
reduction contributes to owverall peak shaving and
itively affects the demand response potential, with an
bserved impact of approximately 3%.

V. CONCLUSION

This paper proposed a comprehensive two-stage fuzzy-based
multi-objective  optimization framework for day-ahead
scheduling of active distribution networks, integrating
Conservation Voltage Reduction (CVR), uncertainty-aware
Demand Response Programs (DRPs), Smart Transformers, and
Soft Open Points (SOPs). The main achievements of the
proposed method are:

e Simultaneous  co-optimization  of  economic
(operational cost) and technical (voltage stability,
voltage deviation, feeder loading) objectives using a
fuzzy goal programming approach.

e Explicit modeling of load participation uncertainty in
DRPs via Information Gap Decision Theory (IGDT)
with a risk-averse strategy, which was shown to avoid
up to 1,922 units of cost increase compared to ignoring
uncertainty.

e Demonstration that CVR provides peak reduction
(=3%) even for cooling loads, despite limited net
energy savings, and that coordination with DR
improves both reliability and cost.



e Introduction of two complementary reliability criteria:
LOLP (probability-based) and EENS x VOLL (cost-
based), where LOLP serves as a hard constraint, and
EENS x VOLL is part of the objective, allowing
explicit trade-off between reserve cost and outage
penalty.

Future research directions are:

v Incorporating correlation between uncertain sources
(wind, solar, load) in scenario generation.

v Designing dynamic, risk-based prices for DRPs based
on IGDT uncertainty radius.

v" Applying IGDT directly to wind, load, and stress
uncertainties instead of scenario-based methods.

v" Implementing CVR in larger, weak radial networks
with voltage constraints.
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