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Risk Constrained Energy Efficient Optimal Operation
of a Converter Governed AC/DC Hybrid Distribution

Network With Distributed Energy Resources and
Volt-VAR Controlling Devices
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Abstract—Increasing penetration of direct current (dc) based
distributed energy resources and dc loads in the conventional
alternating current (ac) network necessitate the deployment of
ac/dc hybrid distribution networks (HDNs). In view with the devel-
opment of advanced energy management policy for ac/dc HDNs,
unlike previous literatures, this article proposes a risk constrained
energy efficient management algorithm by merging load shifting
(LS) and conservation voltage reduction (CVR) techniques. The
optimization framework aims to simultaneously minimize both
true and conditional risk or conditional value at risk values of
the expected energy cost under uncertain solar power generation,
load demand, and upper grid energy price. In contrast with the
available stochastic optimization process, in this article, two-point
estimation strategy is employed in place of Monte Carlo simulation
for scenario generation from the probability density functions of
the uncertain parameters to reduce computational exertion. The
proposed centralized optimization framework is initially developed
as mixed integer nonconvex programming but to avoid computation
complexity, the nonlinear components are replaced by their linear
counterparts. Later, a new solution process named successive mixed
integer linear programming (s-MILP) is proposed to obtain the
optimal decisions for deployment of LS and CVR through smart
inverters and volt-VAR controlling devices. Efficacy of the proposed
technique is demonstrated on modified IEEE 33 bus ac/dc HDN and
the most energy efficient operation is found by merging LS and
CVR. Simulation outcomes prove fast and near optimal conver-
gence of the s-MILP compared to conventional second-order conic
programming relaxed mixed integer convex programming and
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piecewise linearization based MILP. Further, to assess the impact
of network size on the solution time and optimality, the proposed
advanced distribution network management systems strategy is
employed on 132 bus ac/dc HDN.

Index Terms—Alternating current (ac)/direct current (dc)
hybrid distribution network (HDN), conditional value at risk
(CVaR), conservation voltage reduction (CVR), load shifting (LS),
successive mixed integer linear programming (s-MILP), two-point
estimation (2PE).

NOMENCLATURE

A. Abbreviations, Sets, and Indices
ADNMS Advanced distribution network manage-

ment system
(H)DN (Hybrid) distribution network
LS Load shifting
CVR Conservation voltage reduction
CVaR Conditional value at risk
MI(N)CP Mixed integer (non)convex programming
MILP Mixed integer linear programming
MCS Monte Carlo simulation
pdf Probability distribution function
SOCP Second-order conic programming
VVC Volt-VAR control
(2)PE (Two) point estimation
VR, CB Voltage regulator and capacitor bank, re-

spectively
VSC Voltage source converter
N Set of total number of buses indexed by n,

m, and k
NAC, NDC Set of total number of ac and dc buses,

respectively
S Set of total number of scenarios indexed

by s
M, K Set of parent and child nodes, respectively
T Total number of time intervals indexed

by t

B. Parameters

PL,F
n,t Forecasted active power demand in kW

f(.) Probability density function
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μL,F
n,t , σL,F

n,t Mean and standard deviation (SD) of pdf
related to load uncertainty, respectively

pfn Power factor
P sh,max
s,n Maximum available shiftable demand in

kW
ZP/Q, IP/Q, PP/Q Constant impedance, current, and power

coefficients of active/reactive power
demand

V ac
min/max/nom Minimum, maximum, and nominal values

of ac bus voltage, respectively, in kV
V dc
min/max/nom Minimum, maximum, and nominal values

of dc bus voltage, respectively, in kV
PPV
n,t Forecasted active power generation from

solar panel in kW
ηPV Efficiency of solar panel
APV

n Area of solar panel in m2

Irrt Solar irradiation in kW/m2

T amb
t Outdoor temperature in °C

P̄PV
n Solar panel capacity in kW

μPV
n,t , σ

PV
n,t Mean and SD of pdf related to solar power

generation uncertainty, respectively
S̄PV
n Rating of the solar inverter in kVA

ηbat Battery efficiency
Δt Gap between two time intervals in hour
P̄ bat
n Power rating of battery in kW

Ebat
n,min/max Minimum and maximum allowable en-

ergy level of battery storage, respectively,
in kWh

S̄bat
n Rating of the battery inverter in kVA

ΔVn Change in voltage magnitude for every
change in tap position of VR

TVR
n,min/max Minimum and maximum tap position of

VR
NTVR

n Maximum allowable tap operations in the
time period of VR

Q̄CB
n Rating of CB in kVAR

NSCB
n Maximum allowable switching opera-

tions in the time period of CB
r
ac/dc
mn AC/dc line resistance in kΩ
xac
mn AC line reactance in kΩ

νVSC Loss coefficient of VSC
ηVSC Efficiency of VSC
S̄V SC
n Rating of VSC in kVA

S̄flow
mn Thermal capacity of lines in kVA

Pmax Maximum main grid feeder capacity in
kW

rbuys,t Day ahead upper grid energy purchase
price in Rs./kWh

ϕ Percentage value of energy purchase price
for setting energy sell price in Rs./kWh

ρPV
s , ρL,F

s , ρbuys Probability of each scenario for solar
power generation, load, and energy pur-
chase price, respectively

μbuy
t , σbuy

t Mean and SD of pdf related to energy
purchase price uncertainty, respectively

γ Risk aversion parameter

C. Decision Variables
PL
s,n,t Actual active power demand in kW

P sh
s,n,t Amount of shifted active power demand

in kW
QL

s,n,t Actual reactive power demand in kVAR

PL,cvr
s,n,t ZIP model of active power demand in kW

QL,cvr
s,n,t ZIP model of reactive power demand in

kVAR
QPV

s,n,t Reactive power injection from solar in-
verter in kVAR

Ebat
s,n,t Energy level of battery storage in kWh

P
bat,ch/dch
s,n,t Charging/discharging power of battery

storage in kW
λ
bat,ch/dch
n,t Charging/discharging status of battery, 1-

Yes, 0-No
Qbat

s,n,t Reactive power injection from battery in-
verter in kVAR

Vs,n,t Bus voltage magnitude in kV
TVR
n,t Tap position of VR

QCB
s,n,t Reactive power supply from CB in kVAR

SWCB
n,t Switching status of CB, 1-ON, 0-OFF

P
flow,ac/dc
s,mn,t Power flow in ac/dc lines in kW

I
ac/dc
s,mn,t Current flow in ac/dc lines in kA

Qflow,ac
s,mn,t Reactive power flow in ac lines in kVAR

PVSC,ac
s,n,t Active power injection from ac side of

VSC station in kW
QVSC,ac

s,n,t Reactive power injection from ac side of
VSC station in kVAR

PVSC,dc
s,n,t Active power injection from dc side of

VSC station in kW
V

VSC,ac/dc
s,n,t AC/dc side voltage of VSC station in kV

Ms,n,t Modulation index (MI) of VSC
PVSC,loss
s,n,t Active power loss in VSC in kW

P
buy/sell
s,t Active power purchase (sell) from (to)

upper grid in kW
Qbuy

s,t Reactive power grabbed from upper grid
in kVAR

λ
buy
t Status of grid power purchase, 1-Yes, 0-

No

I. INTRODUCTION

A. Background and Motivation

IN THE era of 19th century, the war between Thomas Edison
and Nikola Tesla ended with the win of alternating current

(ac) system due to numerous advantages of ac at that time
period [1]. This reformed the power sector, from generation to
transmission and distribution, as an ac network. Since the last
few decades, urbanization, industrial revolution, and population
growth enhanced the energy requirement in all over the world.
International Energy Agency showed in 2017 that the energy
requirement of the entire world was increased by 30% during
2007 to 2017 (18231 TWh to 23696 TWh) [2]. These lead to over
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exploitation of the fossil fuels by the power generation compa-
nies which creates global warming threat. A generic distribution
network operator (DNO) mainly aims to meet its customer’s
satisfaction. Therefore, this unavoidable excess demand requires
new power plant installation, which will breach the directives
of Paris agreement [3]. To reduce environmental hazards, green
energy resources are penetrating into the power sector especially
as solar power, generated from the photovoltaic (PV) panels as
direct current (dc) power. Again, the intermittency present in the
solar power is mitigated by the battery storages, which is also
a dc equipment. Generally, the dc distributed energy resources
(DERs) like solar panels and batteries are integrated with the
conventional ac DNs through smart inverters to keep the overall
network architecture as ac type. Recent advancement in the
dc power electronics loads (like dc computer, electric vehicles,
LED lights, etc.) bring back the dc system in the power sector
to reduce the conversion loss. However, existing ac systems
cannot be obsoleted completely. Therefore, to incorporate the
advantageous attributes of the dc network with the benefits of
conventional ac networks, concept of ac/dc hybrid distribution
network (HDN) is gaining popularity [4].

In present time, advanced distribution network management
systems (ADNMS) are designed for peak load reduction and
maximum utilization of the green energies with the help of
different load reduction processes viz. load shifting (LS) and
conservation voltage reduction (CVR) while preserving both
system security and customers’ satisfaction [5]. However, design
of an ADNMS strategy for any DN is quite cumbersome job as
the developed optimization portfolio takes the form of a mixed
integer nonconvex programming (MINCP) due to introduction
of both continuous and discrete variables in the nonconvex
optimal power flow model. Previously, many researches were
carried out to design complex MINCP-based ADNMS for ac
DN [6], [7], [8]. This becomes further laborious to design
and solve if DNs have power electronics converters, i.e., for
ac/dc HDNs. Generally, day ahead strategies are developed as
simple deterministic one by considering the forecasted data
regarding solar power generation, load demand, and upper grid
energy price as error free. Present forecasting processes utilizing
regression analysis [9], machine learning [10], etc. are quite
trustworthy in current scenarios. However, abrupt change in
weather conditions, uncertain lifestyle of the users, and power
system deregulation will make the forecasting process complex
in next few decades [11]. Therefore, the economic risk associ-
ated with the DN management due to forecasting error needs to
be evaluated properly.

Aiming toward building a new ADNMS for ac/dc HDNs, this
article elucidates a risk constrained day ahead energy efficient
DN management portfolio for ac/dc HDNs consisting of DER
with smart inverters, VSC stations, and VVC devices.

B. Literature Review

Initially, ac/dc systems are deployed at single microgrid struc-
ture to check its feasibility and advantages over only ac systems
[11], [12]. However, presently various research works are going
on for successful deployment of ac/dc system in distribution

networks. Murari et al. [13], [14] proposed graph theory based
load flow solution process for ac/dc DNs by utilizing the concept
of linear algebra. Tylavsky et al. [15] implemented Newton–
Raphson load flow strategy to ac/dc systems. Ahmed et al.
[16] developed unified power flow model by modeling different
power electronics converters. The economic impact of the ac/dc
network configuration on the DN usage charge was assessed in
[17].

The above literatures [13]–[17] focus only to determine the
power flow solution and do not aim to optimize the opera-
tion of ac/dc HDN resources. For proper planning of ac/dc
HDN, a genetic algorithm (GA) based approach was designed
in [18] considering only critical loads. The planning problem
was designed as a two-level nested problem, where upper level
determined the configuration of the network and the lower level
solved the optimal power flow problem. Another GA-based
deterministic planning problem was portrayed in [19] for ac/dc
HDN to determine the optimal location and size of the sub-
stations, length, and capacity of the cables, and routing of ac
and dc feeders. Technoeconomic benefits of ac/dc HDN over
only ac DN was explored by [20]. The MINCP-based two-stage
economic dispatch problem was solved using nondominated
sorting genetic algorithm (NSGA-II) associated with interior
point method to maintain system security and reliability. Optimal
configuration of urban ac/dc network was investigated in [21]
by converting some existing ac lines to dc lines. A chance
constrained bilevel stochastic problem was proposed where in
upper level the network configuration was determined and its
optimal day ahead operation with newly installed VSCs was
scheduled in the lower level. The problem was formed as MINCP
and solved using NSGA-II.

In order to design energy management topology, Qi et al. [22]
developed a deterministic MINCP-based optimization process
for successful interaction between ac DN and one dc microgrid,
connected through VSC. Authors propounded a decentralized
iterative solution process to secure economic operation of the
grids with critical loads when working in individual or collab-
orative manner. Baboli et al. [23] designed a stochastic energy
management system for ac/dc microgrid considering uncertain
renewable power, load, and energy price. Eajal et al. [24] pro-
posed a bilevel MINCP-based centralized stochastic framework
for optimal dispatch of two lumped ac and dc grids connected
through a bidirectional ac–dc converter. The dispatch problem
considered uncertainty in renewable generation, critical load
profile, and market energy price. Fu et al. [25] proposed a
Stackelberg game based bilevel robust optimization framework
for energy management in ac/dc HDN considering renewable
generation uncertainty. The problem was formulated as MICP
by adopting SOCP relaxed model of the DN. Ahmed et al.
[26] proposed a deterministic day ahead energy management
portfolio for ac/dc HDN considering network reconfiguration.
The problem was framed as MILP after linearizing the non-
convex DN models using certain assumptions. A distributed
optimization framework was propounded by [27] considering
uncertain wind power, modeled by 1-norm and ∞-norm based
data-driven techniques. Polyhedral linearization method was
adopted to represent the quadratic expressions as a set of linear
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expressions. The overall distributed algorithm was solved using
alternating direction method of multipliers (ADMM) algorithm.
Another ADMM-based distributed optimization framework was
proposed by [28] for networked ac/dc microgrids. The problem
was formed as robust optimization where unlike stochastic tech-
niques, the uncertain critical load and renewable generations
were modeled as zero mean uncertainty set by knowing their
range of variation. Qiao and Ma [29] investigated the operation
of the VVC devices in ac/dc HDN. However, they modeled
the bus demand as constant power loads and formulated the
problem as deterministic MINCP to maximize the contribution
of the VVC devices to maintain voltage quality. The developed
problem was solved using decomposition-based evolutionary
algorithm. Power management model for controlling operation
of VVC devices in ac/dc HDN was illustrated in [30]. The
problem was designed as a mixed integer quadratic constraint
programming based Stackelberg noncooperative game between
microgrid operators and DNO. Same as [29], in this article, also
the loads were modeled as constant power and hence the benefits
of CVR were not explored.

The above literatures [18]–[29] did not consider the load
management in their study and designed their topology to study
the network operation with constant power critical loads. To
leverage the benefit of active power demand management, Lotfi
and Khodaei [31] added load shedding operation in their ac/dc
microgrid planning problem. The optimization problem aimed
to minimize the total planning cost and it was designed as
MILP. Geng et al. [32] proposed a new ac/dc HDN architecture
consisting of “multiple park integrated energy subnetwork” and
multiport power electronic transformers. The energy manage-
ment process of the newly proposed network was developed
as a stochastic MINCP considering flexibility provided by the
loads, different generating units, and DERs. The uncertain wind
generation was modeled as normal pdf and the entire problem
was solved using GA.

C. Research Gaps

It is noticed from above literature survey that ac/dc HDNs
consisting of VSCs are gaining research interest in recent time.
Though the existing literatures tried to develop secure and reli-
able energy management strategies for ac/dc HDNs but still the
following research gaps can be identified:

1) The energy management problems are mainly designed
considering the loads as critical in nature [18]–[29]. Only
[32] adopted load flexibility to design their technique.
Literatures [29] and [30] developed their model with VVC
devices but had not deployed CVR. Therefore, the avail-
able ac/dc HDN management systems are not advanced
and need further refinement.

2) Deterministic energy management systems [22], [26],
[29], [31] lack from the flexibility of handling uncertain
conditions. Stochastic frameworks [23], [24], [27], [32]
resolve this issue by including the possible scenarios in
the decision-making process by minimizing the expected
cost. However, it cannot give proper insight about the
financial risks associated with the uncertain solar power

generation, load demand, and upper grid energy price.
Risk-constrained optimization portfolio is challenging to
design if it is merged with the nonconvex ac/dc network
model. As per the authors’ knowledge, there is no such
study which elaborates the risk constrained ac/dc HDN
management with VSCs, smart inverter collocated DERs,
and VVC devices.

3) Number of decision variables and constraints for stochas-
tic and risk-constrained optimization frameworks increase
exponentially with the number of generated scenarios
from the estimated pdfs of the uncertain parameters [23],
[24], [27], [32]. Conventionally, MCS followed by sce-
nario reduction technique is adopted for obtaining accurate
optimal decisions in expense of huge computational bur-
den and large solution time. Therefore, risk-constrained
strategies need advancement for computation time reduc-
tion without compromising much with accuracy.

4) Energy management techniques are mostly designed
as MINCP [18]–[32] due to the nonconvex ac/dc DN
model. However, MINCP lacks from efficient solution
process and suffers from slow convergence and compu-
tation tractability issues. Heuristic solution techniques are
adopted in [18]–[21], [29], [32] for solving MINCP, but
those suffer from the chance of local convergence. For
avoiding convergence issues, some literatures, [25], [30],
adopted SOCP relaxations in the HDN model to simplify
the optimization problem as MICP, which is efficiently
solved by several decomposition strategies. However, de-
composition strategies take much larger time to converge
as it solves convex optimization at each iteration. Fast
convergence feature makes MILP process adaptable to
some literatures [11], [12], [26], [27], and [31]. However,
they have either neglected the network architecture by
considering only a simple microgrid [11], [12], [31] or
adopted some assumptions [26]. Piecewise and polyhedral
linearizations are adopted in [26] and [27], respectively,
but the accuracy of the method highly depends on the
number of linear segments and more segment causes slow
convergence too.

In view with the abovementioned research gaps, authors have
proposed a deterministic centralized MILP-based ADNMS port-
folio for optimal operation of ac/dc HDN consisting of DERs
with smart inverters by leveraging the benefits of only LS in
[33]. The simulation results conveyed that LS process succeeded
to reduce the peak demand of the HDN by 4.2%. Though the
optimization portfolio is developed as MILP, but exclusion of
network loss from the energy management process made the
study simple. Further, benefit of CVR deployment along with
LS for energy efficient operation of the ac/dc HDN, and risk
associated with the uncertain solar generation, load demand,
and upper grid energy price are still left unexplored.

D. Research Contributions and Organizations

Design of ADNMS for ac networks are quite popular and
explored much in the literatures. Singh and Singh [34] proposed
an energy saving methodology by deploying CVR in association
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with PV inverters. Shi et al. [35] performed LS for peak load
reduction. However, CVR and LS were implemented separately
in [34] and [35], respectively, and the energy management
portfolio was designed as deterministic optimization without
considering uncertainties. Hossan et al. [36] merged both LS
and CVR as stochastic optimization problem for energy ef-
ficient operation of DN. However, [34]–[36] have focused to
develop risk averse strategy only for ac networks, not having
VSCs. Therefore, knowledge regarding risk associated with the
uncertainties cannot be obtained from the above literatures.
Considering the ADNMS definition given in [5], this article
merges peak reduction with the help of LS and CVR to design
a risk constrained energy efficient ADNMS for ac/dc HDNs
consisting of VSCs, DERs with smart inverters, and VVC de-
vices. As per the authors’ knowledge, this is the first study where
the above issues are addressed in one literature for designing
ac/dc HDN management system. The optimization framework
is developed to minimize both expected and conditional value
at risk (CVaR) values of the energy cost under uncertain solar
generation, load demand, and upper grid energy price. Large
computation time is overcome by utilizing two-point estimation
(2PE) method in place of conventional MCS-based scenario
generation process. Initially, the problem is framed as an MINCP
but for fast convergence a successive MILP solution approach
is proposed after replacing the nonlinear expressions with their
linear counterparts. Distributed optimization approaches were
presented in literatures [37] and [38] for optimizing the volt/VAR
control and electric vehicle charging operations in ac distribu-
tion networks, respectively, using ADMM. Authors had shown
the effectiveness of the distributed optimization for handing
large distribution networks. However, distributed optimization
has several issues in convergence due to its nonconvex nature.
Further, the performance (convergence speed) varies with the
choice of area partitioning and in the available literatures there
is no certain set of specified rules for the same. Real-time de-
ployment of distributed optimization is also complex as it needs
several local controllers for proper coordination. In view with the
implementation complexity and lack of convergence guarantee
for distributed optimization processes, this article presented an
efficient centralized risk constrained and fast converging opti-
mization process for obtaining synergistic source-load-storage-
VVC device dispatch schedule while satisfying all security and
reliability constraints of LS and CVR implementation. The
specific contributions are as follows:

1) Problem Formulation: An energy efficient ac/dc HDN
management system is proposed considering all opera-
tional and safety constraints of LS, VVC devices, and
smart inverters to leverage the benefit of both LS and
CVR deployment. The problem is developed as a joint
uncertainty optimization framework after modeling the
uncertain solar generation as Beta distribution and uncer-
tain load demand and energy purchase price as Normal
distribution around their forecasted mean value. The de-
rived problem aims simultaneous minimization of both
true and CVaR values of the expected energy cost.

2) Computation: Computation burden and long convergence
time due to large number of scenarios are avoided by

replacing MCS followed by scenario reduction methods
with 2PE method for scenario generation from the pdfs.

3) Solution Process: For reliable and fast convergence of
the proposed risk constrained ADNMS framework, dif-
ferent nonconvex expressions are replaced by their linear
counterparts. Quadratic expressions in the ac/dc HDN
model are approximated by their first-order Taylor series
expansion and then the solution process is proposed as a
successive mixed integer linear programming algorithm
(s-MILP).

4) Demonstration and Validation: The efficacy of the pro-
posed ADNMS is demonstrated on modified IEEE 33 bus
ac/dc HDN at different operating situations. Computation
burden relaxation due to application of 2PE is validated
by solving the proposed approach with MCS followed
by scenario reduction techniques. Further, effectiveness
of s-MILP is checked in terms of computation time and
accuracy after comparing with SOCP relaxed MICP and
piecewise linearized MILP problems. Investigation on
132 bus ac/dc HDN proves scalability of the proposed
technique by producing optimal results within 5 h.

Rest of the article is organized as follows: Section II describes
the risk-constrained optimization portfolio for ac/dc HDN with
necessary objective function and constraints. Section III illus-
trates the required linearization strategies and successive MILP
solution approach. Case studies on modified IEEE 33 bus and
132 bus ac/dc HDN are demonstrated in Section IV with neces-
sary discussions. Finally Section V concludes the article.

II. RISK-CONSTRAINED OPTIMIZATION PORTFOLIO

A. Bus Load Model

Load model is essential part for efficient and economic op-
eration of the DNs. Proper modeling of the active and reactive
power demand helps to shift the flexible load from peak price
hours to off-peak price hours to avoid the chance of high energy
cost. In this article, the uncertainty in forecasted bus active power
demand at each time step is considered as Normal pdf as follows:

f
(
PL,F
n,t

)
=

1

σL,F
n,t

√
2π

exp

⎛
⎝−1

2

(
PL,F
n,t − μL,F

n,t

σL,F
n,t

)2
⎞
⎠ (1)

Therefore, the LS constraints are given by

PL
s,n,t = PL,F

s,n,t − P sh
s,n,t and QL

s,n,t = PL
s,n,t

√(
1
/
pf 2

n

)− 1

(2)

P sh
s,n,t ≤ P sh,max

s,n (3)∑
t∈T

P sh
s,n,t = 0, ∀s ∈ S (4)

Equation (2) determines the active (for both ac and dc buses)
and reactive (only for ac buses) power demand at each node
for each scenario. Equation (3) defines that total amount of LS
from/to a particular time instant should be upper bounded. To
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avoid load curtailment total LS should be zero over the time
period as represented in (4).

Deployment of CVR is carried out after properly planning
the LS operation. CVR is applied after modeling the active and
reactive power demands as quadratic ZIP voltage dependent
loads [36], expressed in (5) and (6), respectively:

PL,cvr
s,n,t = PL

s,n,t (ZPws,n,t + IPus,n,t + PP ) (5)

QL,cvr
s,n,t = QL

s,n,t (ZQws,n,t + IQus,n,t + PQ) (6)

Such that, ZP + IP + PP = ZQ + IQ + PQ = 1 and

(Vn,min/Vn,nom)
2 ≤ ws,n,t ≤ (Vn,max/Vn,nom)

2, ∀s, n, t (7)

(Vn,min/Vn,nom) ≤ us,n,t ≤ (Vn,max/Vn,nom) , ∀s, n, t (8)

where

Vn,min/max/nom =

{
V AC
min/max/nom, n ∈ Nac

V DC
min/max/nom, n ∈ Ndc

(9)

B. Model of Smart Inverter Associated DERs

In this article, only solar generation and battery storage
devices are considered as DERs. Though both are dc power
sources, but in the study it is considered that they can be
connected to both ac and dc buses. For dc buses, they are directly
connected, whereas a smart inverter is employed to connect them
with the ac buses. Forecasted maximum active power output
from solar panels at bus n at time t is given by [11]

PPV
n,t = ηPVA

PV
n Irrt

(
1 − 0.005

(
T amb
t − 25

))
(10)

This forecasted power generation is subjected under uncer-
tainty due to various intermittent environmental factors. There-
fore, in this article, solar generation uncertainty at each time step
is modeled as Beta probability distribution as follows [11]:

f
(
PPV
n,t

)
= Γ(a+b)

Γ(a)+Γ(b)

(
PPV

n,t

P̄PV
n

)a−1(
1 − PPV

n,t

P̄PV
n

)b−1

a =

(
1−μPV

n,t

(σPV
n,t)

2 − 1
μPV
n,t

)(
μPV
n,t

)2
, b = a

(
1

μPV
n,t

− 1
) (11)

Here, Γ(.) is gamma function. Now, if the solar panel is con-
nected with ac buses, then reactive power can also be generated
from the solar inverters by following the constraint (12):

QPV
s,n,t ≤

√(
S̄PV
n

)2 − (
PPV
s,n,t

)2
(12)

Battery storages are considered to be variable energy supplier
and load depending on the available solar energy, load demand,
and energy price. Energy level of the battery unit updates by
following (13). Active power and stored energy limits of the
battery unit are denoted in (14). Constraint (15) prohibits si-
multaneous charging and discharging operations. To make each
following day independent from the previous days, constraint
(16) is implemented. Now, same as the solar panel if the battery
unit is installed at ac buses then the limits on the available
apparent power are limited as per (17):

Ebat
s,n,t = Ebat

s,n,t−1 +
(
ηbatP

bat,ch
s,n,t−1 −

(
P bat,dch
s,n,t−1

/
ηbat

))
Δt

(13)

0 ≤ P
bat,ch/dch
s,n,t ≤ λ

bat,ch/dch
n,t P̄ bat

n and Ebat
n,min ≤ Ebat

s,n,t

≤ Ebat
n,max (14)

λ
bat,ch
n,t + λ

bat,dch
n,t ≤ 1 (15)∑

t∈T

(
ηbatP

bat,ch
s,n,t −

(
P bat,dch
s,n,t

/
ηbat

))
= 0 (16)

(
P

bat,ch/dch
s,n,t

)2
+

(
Qbat

s,n,t

)2 ≤ (
S̄bat
n

)2
(17)

C. Model of VVC Devices

For trading-off between CVR deployment and voltage se-
curity issues, the VVC devices are operated. Performance of
voltage regulators (VRs) are done by setting appropriate tap
position according to (18), if the VR is connected between two
buses n (upstream bus) and k (downstream bus):

Vs,k,t = Vs,n,t + TVR
n,t (ΔVn/100)Vnom (18)

Subject to

TVR
n,min ≤ TVR

n,t ≤ TVR
n,max and Vn,min ≤ Vs,k,t ≤ Vn,max

(19)
However, multiple time tap operation reduces VR life and

increases the maintenance cost. Therefore, to avoid increment in
the maintenance and replacement cost of the VR due to frequent
tap changing operations, total tap operation over the day are
restricted by inequality (20):∑

t∈T

∣∣TVR
n,t − TVR

n,t−1

∣∣ ≤ NTVR
n . (20)

Capacitor banks (CBs) are mainly installed for reactive power
compensation in the network. In real life, capacitors are switched
in and out to preserve the reactive power balance in the network.
Thus, reactive power supplied from a CB is given by

QCB
s,n,t = SWCB

n,t Q̄
CB
n vs,n,t, vs,n,t

Δ
= V 2

s,n,t. (21)

Same as VR, frequent switching of the CB is avoided by
constraint (22) to increase its life:∑

t∈T

∣∣SWCB
n,t − SWCB

n,t−1

∣∣ ≤ NSCB
n (22)

D. AC/DC Hybrid Distribution Network Model

The entire ac/dc HDN is segregated into three major areas
according to their components viz. AC network, dc network,
and VSC station as shown in Fig. 1. The following constraints
(23)–(41) are designed for the HDN considering the above three
areas:

PL,net,ac
s,n,t =

∑
m∈M

(
P flow,ac
s,mn,t − racmnl

ac
s,mn,t

)

−
∑
k∈K

P flow,ac
s,nk,t , ∀s, t, n ∈ Nac (23)

QL,net,ac
s,n,t =

∑
m∈M

(
Qflow,ac

s,mn,t − xac
mnl

ac
s,mn,t

)
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Fig. 1. Different networks in ac/dc HDN. (a) AC network. (b) DC network.
(c) VSC station.

−
∑
k∈K

Qflow,ac
s,nk,t , ∀s, t, n ∈ Nac (24)

PL,net,dc
s,n,t =

∑
m∈M

(
P flow,dc
s,mn,t − rdcmnl

dc
s,mn,t

)

−
∑
k∈K

P flow,dc
s,nk,t , ∀s, t, n ∈ Ndc (25)

vs,n,t = vs,m,t − 2

[
racmnP

flow,ac
s,mn,t

+xac
mnQ

flow,ac
s,mn,t

]

+

(
(racmn)

2

+(xac
mn)

2

)
lacs,mn,t, ∀m,n ∈ Nac (26)

vs,n,t = vs,m,t − 2rdcmnP
flow,dc
s,mn,t

+
(
rdcmn

)2
ldcs,mn,t, ∀m,n ∈ Ndc (27)

PL,net,ac
s,n,t = PL,cvr

s,n,t − PPV
s,n,t + P bat,ch

s,n,t

− P bat,dch
s,n,t − PVSC,ac

s,n,t (28)

QL,net,ac
s,n,t = QL,cvr

s,n,t −QPV
s,n,t −Qbat

s,n,t −QCB
s,n,t −QVSC,ac

s,n,t

(29)

PL,net,ac
s,n,t = PL,cvr

s,n,t − PPV
s,n,t + P bat,ch

s,n,t

− P bat,dch
s,n,t − PVSC,dc

s,n,t (30)

(Vn,min)
2 ≤ vs,n,t ≤ (Vn,max)

2, ∀n ∈ [Nac, Ndc] (31)

lacs,mn,t =

((
P flow,ac
s,mn,t

)2
+
(
Qflow,ac

s,mn,t

)2
)/

vs,m,t,

∀m,n ∈ Nac

(32)

ldcs,mn,t =
(
P flow,dc
s,mn,t

)2
/

vs,m,t, ∀m,n ∈ Ndc (33)

where vs,n,t
Δ
= V 2

s,n,t, l
ac/dc
s,mn,t = (I

ac/dc
s,mn,t)

2

V VSC,ac
s,n,t = 0.612Ms,n,tV

VSC,dc
s,n,t (34)

PVSC,ac
s,n,t + PVSC,dc

s,n,t + PVSC,loss
s,n,t = 0, ∀s (35)(

PVSC,ac
s,n,t

)2
+

(
QVSC,ac

s,n,t

)2
=

(
PVSC,loss
s,n,t

/
νVSC

)2
(36)

PVSC,dc
s,n,t = ηV SCP

VSC,ac
s,n,t (37)(

PVSC,ac
s,n,t

)2
+

(
QVSC,ac

s,n,t

)2
≤ (

S̄VSC
n

)2
(38)

(
P

flow,ac/dc
s,mn,t

)2
+

(
Qflow,ac

s,mn,t

)2
≤ (

S̄flow
mn

)2
, ∀m,n ∈ N (39)

P
buy/sell
s,t =

⎡
⎢⎢⎢⎢⎣

∑
n∈Nac

PL,net,ac
s,n,t +

∑
n∈Ndc

PL,net,dc
s,n,t

+
∑

m∈Nac

∑
n∈Nac

racmnl
ac
s,mn,t

+
∑

m∈Ndc

∑
n∈Ndc

rdcmnl
dc
s,mn,t +

∑
n∈N

PVSC,loss
s,n,t

⎤
⎥⎥⎥⎥⎦

(40)

Qbuy
s,t =

∑
n∈Nac

QL,net,ac
s,n,t +

∑
m∈Nac

∑
n∈Nac

xac
mnl

ac
s,mn,t (41)

AC network active and reactive power balance equations are
depicted in (23) and (24), respectively. Constraint (25) represents
dc network active power balance. Ohm’s law constraint of ac
and dc lines is constraints (26) and (27), respectively. Net power
demand at ac and dc nodes is given in (28)–(30). Constraint
(31) depicts the bus voltage magnitude boundaries. Power flow
in ac and dc lines is represented in constraints (32) and (33),
respectively. Relation between ac and dc side voltages of VSC
are related with each other by following constraint (34) [39].
Constraint (35) is the active power balance equation at VSC
station. Power loss at VSC is given by (36). AC and dc side
power of VSC are related with each other by constraint (37).
VSC can act in both rectifier and inverter operation modes but
regardless of any operating mode VSC should follow constraint
(37) [39]. Capacity constraint of VSC station is denoted in (38).
Line flow capacity is given in (39). Equations (40) and (41)
represent the substation active and reactive power balance.

E. Optimization Objective Function

The primary objective of the ADNMS is to minimize the
overall expected energy cost as follows:

Min
Ω

C (Ω) =
∑
s∈S

ρs

(∑
t∈T

(
P buy
s,t rbuys,t − P sell

s,t ϕr
buy
s,t

)
Δt

)
,

0 ≤ ϕ < 1 (42)

Subject to (1)–(41) and

P buy
s,t ≤ λ

buy
t Pmax and P sell

s,t ≤
(

1 − λ
buy
t

)
Pmax (43)

Overall scenario probability, ρs = ρPV
s × ρL,F

s × ρbuys andΩ
is set of decision variables.

The energy buy price uncertainty is modeled as Normal
distribution as follows:

f
(
rbuyt

)
=

1

σbuy
t

√
2π

exp

⎛
⎝−1

2

(
rbuyt − μbuy

t

σbuy
t

)2
⎞
⎠ (44)
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It is pertinent to mention here that minimization of expected
energy cost is beneficial compared to the deterministic frame-
work where forecasted solar generation, load, and energy price
are considered to be error free and distribution of the outcomes
due to individual scenario is neglected. However, an allowable
amount of expected energy cost can have a distribution curve in
which the probability of occurrence of higher cost values corre-
sponding to some certain scenarios is more. To avoid such issues,
idea of risk must be included in the optimization framework to
measure the risk associated with the optimal expected energy
cost.

VaR is quite famous risk measurement strategy but lack in
subadditivity and convexity makes it unsuitable for adding in
optimization problems [40]. In this regards, CVaR, proposed by
Rockafellar and Uryasev [40], and outperforms VaR because of
following features: 1) compared to VaR, CVaR quantifies a cost
distribution having “fat tails”, 2) its linear formulation makes
it compatible with MILP frameworks, and 3) it is a rational
measurement of risk.

For C(Ω) energy cost function, VaR at probability level α ∈
[0, 1] is defined as the minimum expected energy cost β, such
as the cost values above β have at most probability of (1−α).
Therefore, mathematically VaR can be expressed as

α−VaR
Δ
= min [β : P (C (Ω) ≤ β) ≥ α] , 0 ≤ α ≤ 1 (45)

Now, as per [40], CVaR is defined as the conditional expected
cost above α-VaR and this is given by

α−CVaR Δ=min

[
β +

1
1 − α

∑
s∈S

[ρs ×max (C (Ω)−β, 0)]

]

(46)
The above CVaR value can be converted to its linear counter-

parts by using auxiliary variables Zs , such that

α− CVaR = β +
1

1 − α

∑
s∈S

[ρsZs] (47)

C (Ω)− β ≤ Zs, ∀s ∈ S and Zs ≥ 0, ∀s ∈ S (48)

Therefore, both expected cost and CVaR minimization is
considered in a single objective function as follows:

Min
Ω,α,(Zs,∀s)

(1 − γ)C (Ω) + γ (α− CVaR) , 0 ≤ γ ≤ 1 (49)

subject to (1)–(41), (43), (44), and (48).

III. SOLUTION PROCESS

A. Two-Point Estimation (2PE) Method

Conventionally, the scenario generation from pdfs in case of
stochastic optimization is carried out using MCS because of
its simple implementation. MCS quantifies the uncertainty by
extracting random scenarios from the pdfs. With the help of
MCS, few hundreds or thousands of scenarios are generated to
obtain more accurate decisions. However, increment in scenarios
enhances the total number of decision variables and constraints
in the optimization portfolio, and that lengthens solution time
and increase computation burden. To get rid of that, MCS
is merged with scenario reduction techniques to reduce the

computation burden but determination of optimal number of
scenarios from scenario reduction technique is difficult task. For
simple but effective solution process, in this article, 2PE method
proposed by [41] is implemented to approximate the entire pdf
of the uncertain parameters at each time step at two concentrated
locations by using (50)–(53). This will reduce the computation
process and time significantly as unlike MCS-based method,
in this case, only two concentrated but effective scenarios are
evaluated in the risk constrained optimization framework.

Suppose, for a set of random parameters P, f(P )is the pdf
having mean at μP and standard deviation at σP . Then, two
condensed locations are determined by (50) [41]:

ps = μP + ξsσP , ∀s = 1, 2 (50)

where

ξs = (λP,3/2) + (−1)3−s
√

1 + (λP,3/2)2 (51)

Probability of each scenario “s” is given by

ρs = ((−1)sξ3−s) /

(
2
√

1 + (λP,3/2)2
)

(52)

λP,3 is skewness coefficient of the pdf and it is given by

λP,3 = M3 (P )
/
σ3
P (53)

Here, M3(P )is third-order central moment of pdf.
Therefore, implementing the idea of 2PE, the risk constrained

optimization framework is revised as

Min
Ω,α,(Zs,∀s)

(1 − γ)C (Ω) + γ (α− CVaR) , ∀s = 1, 2 (54)

subject to (1)–(41), (43), (44), (48), and (50)–(53).

B. Linearization

The above derived problem is strictly nonconvex due to
presence of absolute functions, bilinear terms, and quadratic
expressions in some constraints, and hence it is NP-hard to
solve. To simplify the solution process, here some linearization
techniques are applied to reformulate the nonconvexities as
described below.

1) Approximation of Absolute Functions (|.|): Absolute
functions are present in the constraints (20) and (22). The
linearization process is described below. Any absolute function
|x− y|can be linearized by defining auxiliary variable

H = |x− y| (55)

such that

H ≥ 0, H ≥ x− y, and H ≥ y − x (56)

Hence,∑
t∈T

HVR
n,t ≤ NTVR

n , HVR
n,t ≥ TVR

n,t − TVR
n,t−1 and HVR

n,t

≤ TVR
n,t − TVR

n,t−1 (57)∑
t∈T

HCB
n,t ≤ NSCB

n , HCB
n,t ≥ SWCB

n,t

− SWCB
n,t−1 and HCB

n,t ≤ SWCB
n,t − SWCB

n,t−1

(58)
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2) Approximation of Bilinear Terms: Bilinear terms present
in (5), (6), and (34) due to multiplication of two continuous
decision variables. These bilinear terms take form as “xy,”
x ∈ [xL, xU ],andy ∈ [yL, yU ]. This can be linearized by cre-
ating McCormick envelopes for an auxiliary variable “H” as
follows [42]:

H ≥ max
(
xyU + xUy − xUyU , xyL + xLy − xLyL

)
(59)

H ≤ min
(
xyU + xLy − xLyU , xyL + xUy − xUyL

)
(60)

However, these envelopes suffer from tightness issues if the
range of the variables is very large [43]. Therefore, here Mc-
Cormick envelopes are applied on the per unit values of the
variables to revise (5), (6), and (34) as follows:

PL,cvr
s,n,t

/
Sbase = ZPH

L1
s,n,t + IPH

L2
s,n,t

+ PP

(
PL
s,n,t

/
Sbase

)
(61)

QL,cvr
s,n,t /Sbase =

(√
(1/pf 2

n)− 1
)

(
ZQH

L1
s,n,t + IQH

L2
s,n,t + PQ

(
PL
s,n,t/Sbase

))
(62)

V VSC,ac
s,n,t = 0.612HVSC

s,n,tV
dc
nom (63)

subject to the revised constraints of (59) and (60) considering

HL1
s,n,t =

(
PL
s,n,t

/
Sbase

)
ws,n,t, H

L2
s,n,t =

(
PL
s,n,t

/
Sbase

)
us,n,t

and

HVSC
s,n,t = Ms,n,t

(
V VSC,dc
s,n,t

/
V dc
nom

)
.

Another type of bilinear terms in expression (21) is due to
multiplication of one binary and one continuous variables. This
nonconvexity can be relaxed by rewriting the expression as (64)
with an auxiliary variable HCB

n,t :

QCB
s,n,t = HCB

n,t Q̄
CB
n (64)

such that

(Vn,min)
2SWCB

n,t ≤ HCB
n,t ≤ (Vn,max)

2SWCB
n,t (65)

vs,n,t − (Vn,max)
2 (1 − SWCB

n,t

) ≤ HCB
n,t

≤ vs,n,t − (Vn,min)
2 (1 − SWCB

n,t

)
(66)

3) Approximation of Quadratic Expressions: It is noticed
from [25] and [30] that SOCP relaxation of quadratic equalities
can solve the nonconvex problem in an acceptable accuracy.
However, the solution time is long. In this article, quadratic
equality constraints (32), (33), (36) and inequality constraints
(17), (38), (39) are approximated as their linear counterparts
(67)–(72), respectively, by replacing each quadratic term by their
corresponding first-order Taylor series, evaluated at solution

point at iteration k [denoted by a hat (^)]:

2P flow,ac
s,mn,t

(
P̂ flow,ac
s,mn,t

)g

+ 2Qflow,ac
s,mn,t

(
Q̂flow,ac

s,mn,t

)g

−
[(

P̂ flow,ac
s,mn,t

)g]2

−
[(

Q̂flow,ac
s,mn,t

)g]2
= lacs,mn,t(v̂s,m,t)

g + vs,m,t

(
l̂acs,mn,t

)g

−
(
l̂acs,mn,t

)g

(v̂s,m,t)
g (67)

2P flow,dc
s,mn,t

(
P̂ flow,dc
s,mn,t

)g

−
[(

P̂ flow,dc
s,mn,t

)g]2

= ldcs,mn,t(v̂s,m,t)
g + vs,m,t

(
l̂dcs,mn,t

)g

−
(
l̂dcs,mn,t

)g

(v̂s,m,t)
g

(68)

2PVSC,ac
s,n,t

(
P̂VSC,ac
s,n,t

)g

+ 2QVSC,ac
s,n,t

(
Q̂VSC,ac

s,n,t

)g

−
[(

P̂VSC,ac
s,n,t

)g]2

−
[(

Q̂VSC,ac
s,n,t

)g]2
=

(
1
/
νVSC

)2

×
[

2PVSC,loss
s,n,t

(
P̂VSC,loss
s,n,t

)g

−
[(

P̂VSC,loss
s,n,t

)g]2
]

(69)

2P bat,ch/dch
s,n,t

(
P̂

bat,ch/dch
s,n,t

)g

+ 2Qbat
s,n,t

(
Q̂bat

s,n,t

)g

−
[(

P̂
bat,ch/dch
s,n,t

)g]2
−

[(
Q̂bat

s,n,t

)g]2
≤ (

S̄bat
n

)2
(70)

2PVSC,ac
s,n,t

(
P̂VSC,ac
s,n,t

)g

+ 2QVSC,ac
s,n,t

(
Q̂VSC,ac

s,n,t

)g

−
[(

P̂VSC,ac
s,n,t

)g]2
−

[(
Q̂VSC,ac

s,n,t

)g]2
≤ (

S̄VSC
n

)2
(71)

2P flow,ac/dsc
s,mn,t

(
P̂

flow,ac/dc
s,mn,t

)g

+ 2Qflow,ac
s,mn,t

(
Q̂flow,ac

s,mn,t

)g

−
[(

P̂
flow,ac/dc
s,mn,t

)g]2
−

[(
Q̂flow,ac

s,mn,t

)g]2
≤ (

S̄flow
mn

)2
(72)

C. Overall ADNMS Framework

The overall proposed ADNMS optimization framework of
ac/dc HDN is given by

ADNMS:⎧⎪⎨
⎪⎩

Min
Ω,α,(Zs,∀s),H

(1 − γ)C (Ω) + γ (α− CVaR) , ∀s = 1, 2

subject to, (1)–(4), (7)–(16), (18), (19), (23)–(31),
(35), (37), (40), (41), (43), (44), (48), (50)–(53), (57)–(72)

.

H is set of auxiliary variables. As can be seen that the objective
function and all revised constraints are linear counterparts of
their corresponding nonlinear expressions. Therefore, the AD-
NMS problem takes form of an easily solvable MILP.

D. Successive MILP Solution Process

It is noticed that due to the first-order Taylor series expressions
(67)–(72), the derived linear optimization framework should
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Fig. 2. Successive MILP (s-MILP) approach for solving ADNMS of ac/dc
HDN.

be solved multiple times to get optimal solutions. The flow
chart of the proposed sequential MILP approach for solving
ADNMS of ac/dc HDN is portrayed in Fig. 2. For starting the
iteration, initial evaluation point determination for (67)–(72) is a
critical job, as erroneous choice of starting point can lead to local
optimum solution. To avoid this, in this article, the initial point
is determined by adopting the continuous relaxation process
where relaxed-ADNMS, defined below, is solved considering
all the decision variables as continuous type. This approach will
reduce the chance of sticking at local optimum as solution point
of relaxed-ADNMS will be nearer to the optimal point of the
original problem.

Relaxed-ADNMS:⎧⎪⎨
⎪⎩

Min
Ω,α,(Zs,∀s),H

(1 − γ)C (Ω) + γ (α− CVaR) , ∀s = 1, 2

subject to, (1)–(4), (7)–(19), (23)–(41), (43),
(44), (48), (50)–(53), (57)–(66)

.

If the initial point possesses optimality, then the solution
is returned else the iteration process starts and continues till
the difference between optimal value of objective function for
consecutive two iterations are within the tolerance limit (1e-4).
After termination of the iterative process, the returned outcomes
can be of three types viz. 1) global optimal solution, 2) solution
is feasible but not global, and 3) infeasible solution. Outcome 3
stipulates that either the initial point is not proper or the problem
is unbounded or the problem does not have any feasible solution.
Solution type 1 and 2 are meaningful, however to avoid type 2, in
this article, initial point is derived by solving relaxed-ADNMS.

IV. CASE STUDY

A. IEEE 33 Bus AC/DC Hybrid Distribution Network Data

In this article, IEEE 33 bus ac/dc HDN described in [33] is
considered for demonstrating the proposed ADNMS topology.
The base MVA of the network is 10 MVA, base voltages for
ac and dc networks are 12.66 and 20.67 kV, respectively. The
substation bus (bus 1) voltage is considered to be fixed at 1.0 pu.
The network has been modified by placing two solar panels, two
batteries, and two CBs at the bus locations shown in Fig. 3. One
VR is placed between buses 4 and 5 which has 32 tap positions
and can perform at most 60 tap changing operations in a day [44].
The bus voltage magnitudes are allowed to vary within 0.95 to
1.05 pu according to their respective base values. Solar panels
are of 1 MW capacity each and every batteries are of 1 MWh–0.5
MW rating, 95% efficient, and can discharge up to 30% of its
capacity. Initially, batteries are at their 50% energy level. CBs are

Fig. 3. Modified IEEE 33 bus ac/dc HDN.

Fig. 4. Input load, solar generation, and energy price data for simulation.

of 100 kVAR capacity and can be switched ON/OFF at most six
times in one day [44]. Solar generation from a practical PV panel
is uplifted to the scale of 1 MW for simulation. Solar generation
from each panel, 24-h load curve of the entire network (from 6
am of present day to 6 am of next day), and the dynamic energy
price data from literature [33] are portrayed in Fig. 4. Power
factor of the ac buses are assumed to be remained same at each
time interval as the base case power factor. Per hour shiftable
load demand at each bus is considered randomly between 50%
and 70% of the total forecasted load demand. Efficiency of VSCs
is 95% and they operate at 0.95 power factor. Both solar and
battery inverters are of 1.5 MVA ratings. The value of α is set
to 0.9. Mean value of the pdfs is set to the forecasted nominal
value and SD is equal to three times square root of the mean
value [11].

B. Benefits of AC/DC Hybrid Distribution Network

In this section, the benefits of the ac/dc hybrid distribution is
evaluated by comparing the ac/dc network shown in Fig. 3 with
the standard IEEE 33 bus ac distribution network with the same
load profile (as shown in Fig. 4) and DERs. The simulation is
carried out without considering CVR and LS operations (i.e.,
constant power load model is considered) and the uncertainties.
Therefore, the objective function is set to reduce the determin-
istic value of the total monetary energy cost for the entire day. It
is worthy to say that in the ac network, dc energy sources PV2
and B2 in Fig. 3 are connected through dc–ac converters of 95%
efficiency (the efficiency is accounted same as VSC to show the
comparison results properly). The simulation outcomes related
to hourly monetary energy cost and total active power loss (sum
of network loss and power conversion loss) for the two networks
are shown in Table I. It is noted from Table I that at the instants
of high renewable generation from PV2 (hours 10 am to 5 pm)
or discharging hours of B2 (intervals 14 and 17), ac/dc HDN
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TABLE I
COMPARATIVE ANALYSIS BETWEEN AC AND AC/DC NETWORKS

achieves notable reduction in both loss and monetary energy
cost. Maximum hourly reduction for active power loss of 65.16
kW and cost of 273.66 Rs. are noticed at hour 2 pm (interval 9).
At some hours, when renewable generation is very low and the
battery B2 is in charging mode, power losses in the ac network is
lesser than ac/dc HDN (hours 11:00 pm to 4:00 am). However,
for the entire time period of 24 h, the total loss and energy cost
for ac networks are 2547.17 kW and 279801.5 Rs., respectively,
and for ac/dc HDN those values are 2070.74 kW and 277830.5
Rs., respectively. Hence, it is pertinent to conclude that for the
entire day of operation, ac/dc HDN is much beneficial than only
ac network and that results 18.70% and 0.704% reduction in
total loss and energy cost, respectively.

C. Simulation Results

The simulation is carried out using MILP solver present
at MATLAB 2019b in an i7, 64 bit, 16 GB RAM personal
computer. Initially, value of γ is set to 0.5 and the loads are
considered to be of residential type whose ZIP coefficients are
taken from [45]. Relaxed-ADNMS is solved using non-linear
programming commercial solver present in MATLAB.

For demonstrating the effectiveness of merging LS and CVR,
four cases viz. 1) No LS, No CVR, 2) No LS, Yes CVR,
3) Yes LS, No CVR, and 4) Yes LS, Yes CVR are simulated
and the outcomes related to total load demand are portrayed in
Fig. 5. Table II depicts the solutions at minimum and maximum
loading conditions for each case. To simulate case 1, the voltage
magnitude boundary limits are relaxed from 0.9 to 1.1 pu to get
feasible solution with the considered load demand profile. It is

Fig. 5. Effect of load shifting and CVR on the load demand.

TABLE II
ADNMS OUTCOMES FOR DIFFERENT CASES

TABLE III
TOTAL OPERATIONS OF VVC DEVICES OVER THE DAY

seen that in absence of both LS and CVR (case 1), the peak load
is maximum and that causes the minimum bus voltage go below
the tolerance limit (i.e., 0.95 pu). By leveraging the benefit of
voltage dependent load models, in case 2 peak load reduction of
2.4% is obtained by setting the minimum voltage magnitude at
the lower boundary. LS process alone (case 3) can successfully
shift the demand from peak load hours to off-peak hours (Fig. 5)
and causes 4.25% peak reduction (Table II). Deployment of
CVR with LS (case 4) further reduces the demand by reducing
the consumption of voltage dependent loads and that results
a total peak demand reduction of 6.61% from that of case 1.
However, same as case 2 CVR deployment brings the minimum
bus voltage magnitudes close to its minimum boundary limit for
getting maximum benefit at case 4. From Table II, it is noted
that the VR tap positions and CB switching status change with
the loading conditions. Table III shows that for cases 2 to 4, the
bus voltages are kept within safety limits by performing more
number of tap changing operations in VR compared to case 1.
However, as the total number of tap and switching operations
are within the safety limit, then it is worthy to mention that the
most energy efficient operation is obtained by merging both LS
and CVR in the ADNMS process.
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Fig. 6. Simulation output of ADNMS in terms of battery power and grid power
consumption.

TABLE IV
PEAK LOAD FOR DIFFERENT LOAD MIX

The simulation results regarding battery charging/discharging
power and grid power consumption are shown in Fig. 6 along
with the energy price. It is noted that the total hourly load demand
is satisfied coordinately by solar panels, batteries, and the main
grid. During more solar generation hours, i.e., intervals 5 to 9
(10 am to 2 pm) grid consumption reduced and a major portion
of the load demand is satisfied by the battery discharging power
and the generated solar energy. During solar generation hours,
battery discharges (10 am to 2 pm) due to high energy price (mid-
peak energy price hours). During 3 pm to 6 pm intervals 10 to 13),
energy prices are comparatively low, hence ADNMS charges the
batteries which are further discharged during the peak energy
price hours (i.e., intervals 14 to 17 or 7 pm to 10 pm). Finally,
to satisfy the constraint (16), i.e., to bring the battery status at
the initial level, during off-peak energy price hours, the batteries
are again charged. Battery charging at off-peak price hours and
discharging at peak price hours demonstrate the effectiveness of
the proposed ADNMS strategy and hence it is concluded that
power dispatch from various energy resources are optimized to
get lowest energy cost.

McCormick envelopes are used for replacing the bilinear
nonconvexities. However, as mentioned in Section III-B, this
envelope suffers from tightness issues if range of the variables
is large. Hence, in this article, envelopes are designed for per unit
values of the variables, which are approximately tight and cause
maximum mismatch of 0.04% for the entire simulation period.
Whereas, if the envelopes are created on the actual values of the
variables, maximum mismatch of 6.57% is obtained. Therefore,
it can be judged that the envelope approximations are quite
trustworthy and applicable if applied on per unit values, which
is done in this article.

Further investigation is carried out for different load mix
scenarios at each bus with different percentage of residential
(R) and small commercial (SC) loads and the result in terms
of peak demand are depicted in Table IV. The ZIP coefficients
for SC loads are taken from [45]. It is noticed that as SC loads
are less sensitive to the phase voltage magnitude compared to R
loads, the peak load reduction is lower if the share of SC load is
more.

Fig. 7. Impact of risk aversion parameter on cost.

TABLE V
COMPARISON BETWEEN 2PE AND MCS METHODS

To study the impact of the risk-constrained study on the
ADNMS design, risk aversion parameter “γ” is varied between
0 and 1, and the values of expected cost and CVaR are noted.
The plot for CVaR vs. expected cost is portrayed in Fig. 7. It is
noticed that as the value of γ increases, the CVaR decreases and
the expected cost of the ac/dc HDN increases.

D. Effectiveness of 2PE Process

Conventionally, stochastic optimization frameworks are de-
signed by generating scenarios from MCS process followed by
scenario reduction techniques. However, computation complex-
ity of stochastic optimization becomes worse with increasing
number of scenarios. To prove the effectiveness of the 2PE
process, further investigation is carried out with MCS followed
by backward scenario reduction (BSR) technique considering
loads as residential type and γ = 0.5 and solution is carried out
using s-MILP approach. Initially, 1000 samples are generated
from MCS to obtain the original optimal point and then with
the help of BSR process 1000 scenarios are reduced to 10,
50, 100, 200, and 500 scenarios. The value of expected cost
and CVaR for the above cases is listed in Table V with their
computation time and compared with the proposed 2PE based
ADNMS. It is noted that the actual solution with 1000 scenarios
possess highest computation time due to occurrence of large
number of constraints in the optimization process. Both accuracy
and computation time gradually reduce if scenario reduction
technique is adopted after MCS for decreasing total number of
scenarios. However, if the scenario number is reduced below 50
using BSR, then the solution point deviate significantly from
the original optimal point. On contrary, 2PE-based solution
process require comparatively very less time and the optimal
solution also does not deviate much from the actual solution.
Therefore, it is pertinent to mention here that the 2PE process
converges nearly to the same optimum point and also possess
fast convergence.
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TABLE VI
COMPARISON BETWEEN DIFFERENT SOLUTION APPROACHES

E. Computation Efficacy Evaluation of s-MILP

To establish the superiority of the s-MILP approach in terms of
accuracy and computational time, in this section, the outcomes
are compared with two major solution approaches found from
the literatures viz. SOCP relaxed MICP and piecewise lineariza-
tion based MILP and the outcomes are depicted in Table VI.

Generally quadratic equalities (32), (33), and (36) are con-
verted to SOCP relaxed inequalities to convert the MINCP
framework to a simple MICP because SOCP relaxations can
determine the optimal power flow solutions within acceptable
accuracy [27]. Here, the MICP is solved using outer approxima-
tion (OA) process due to its superiority among all decomposition
methods present for solving MICP [46]. The outcome of this
MICP optimization framework will serve as the reference to
validate the convergence of different solution techniques in
terms of both accuracy and solution time. It is noted that the
MICP problem takes almost 2.5 h time to converge because OA
method solves a convex optimization problem at each iteration
as a subproblem of a relaxed master MILP problem.

Another solution process for MINCP is to linearize the
quadratic terms with the help of piecewise linearization process
by representing every quadratic term in equality constraints (32),
(33), (36) and inequality constraints (17), (38), (39) with a set of
segmented linear curves. In this article, the number of segments
is varied from 2 to 14 and the outcomes are shown in Table VI.
Again, the bilinear terms present in the expressions (32) and (33)
is linearized with the help of McCormick envelopes applied on
the per unit values of the variables. It is noted that although
accuracy of solution process increases with the increasing num-
ber of segments but that also lengthens the solution time due
to addition of extra decision variables and constraints in the
optimization framework. Again, for number of segments above
12, the accuracy level becomes stable.

Compared to the abovementioned two MINCP solution tech-
niques, proposed s-MILP approach performs better. The error is
only 0.082% whereas the computation time is around 52 min.
Though the computation time of s-MILP is more compared to
piecewise linearization based MILP with 2, 6, and 10 segments
due to multiple time solution of linear ADNMS framework, but
error reduction is also significant from the above three cases.
Compared to piecewise technique with 12 and 14 segments,
though the obtained error for s-MILP is more but the computa-
tion time is sufficiently low.

TABLE VII
COMPARISON WITH THE ACTUAL BENCHMARK METHOD

Fig. 8. 132 bus ac/dc hybrid distribution network for scalability checking.

F. Overall Accuracy Assessment of the Proposed ADNMS

To evaluate the overall accuracy of the proposed technique,
a benchmark solution is determined by solving the proposed
ADNMS in SOCP relaxed MICP framework, where 1000 sce-
narios are generated from MCS. The outcomes of the benchmark
method are considered to be the exact optimal solution of the
nonconvex ADNMS. The comparison results are shown in Ta-
ble VII with only residential loads and γ= 0.5. It is noted that the
overall error incurs in the proposed technique is approximately
0.69%; however, the actual benchmark method takes almost 16
h to provide the optimal decision, which is very large. Therefore,
it is worthy to conclude that the proposed strategy can provide
good optimal solution within comparatively less time, which
makes it adaptable for real life implementation.

G. Scalability Checking of ADNMS

To perform scalability checking of the proposed ADNMS
and s-MILP approach, further simulation is carried out on 132
bus ac/dc HDN shown in Fig. 8. The 132 bus network is
formed by connecting four 33 bus ac/dc HDN to a common
main distribution substation, where the centralized ADNMS is
performed. This kind of architecture is considered in [16] for
scalability checking of power flow algorithm for ac/dc HDN.
The simulation results are shown in Table VIII for both MICP
framework, where 1000 scenarios are generated from MCS
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TABLE VIII
SIMULATION OUTCOMES OF 132 BUS AC/DC HDN

and the proposed 2PE-based ADNMS, solved using s-MILP.
It is noted that the proposed strategy can successfully converge
near to the optimal point and the incurred error is only 1.43%.
However, the computation time for MICP-based algorithm is
more than 24 h (around 40 h) and that makes it unsuitable for
day-ahead analysis. In contrast with that, the proposed technique
generates optimal decisions for 132 bus system is around 5 h
under previously mentioned computation facilities. Therefore, it
is concluded that for day ahead analysis the proposed centralized
scheme can efficiently converge for large ac/dc distribution grids
and there is no need of network segmentation, i.e., division of
the large network into different ac and dc subnetworks.

V. CONCLUSION

This article elucidates a centralized risk-constrained advanced
energy management topology for ac/dc HDNs by merging LS
and CVR techniques. The developed optimization framework
aims to minimize both true and CVaR values of the expected
energy cost to eliminate the risk associated with solar power gen-
eration, load demand, and upper grid energy price uncertainties.
To overcome the solution complexities, the nonconvex expres-
sions are represented by their linear counterparts, formulated
using auxiliary variable interpolation, McCormick envelopes
and first-order Taylor series expansions. A successive MILP
solution approach is proposed to solve the designed ADNMS
strategy, where the initial evaluation point is determined by
solving a continuous relaxation problem. After demonstrating
on modified IEEE 33 bus ac/dc HDN, following conclusions are
made:

1) The proposed ADNMS topology can provide most energy
efficient operation while satisfying all security constraints
for LS and CVR deployment.

2) Implementation of 2PE method in the proposed stochastic
optimization portfolio causes significant reduction in the
computation time compared to conventional MCS based
portfolios without much compromising with the accuracy.

3) Proposed s-MILP performs well to solve MINCP-based
ADNMS compared to existing SOCP relaxation and
piecewise linearization based solution techniques as far
as both error in optimal solution and computation time
reductions are concerned.

4) The proposed technique can be applied to real life as it
can generate nearly optimal solution within very less time.
Scalability test on 132 bus ac/dc HDN proves the efficacy

and fast convergence of the proposed algorithm for large
distribution networks.

The proposed centralized ADNMS strategy needs proper
communication between the local resources and the central con-
troller for information exchange which is the main impediment
for successful deployment of the proposed topology. Again, the
cyber networks are exposed under limited bandwidth and noises
in the communication links [47], [48], and that will degrade
the performance of the optimization process. As a future scope
of research, the authors would like to extend their study for
designing a robust energy management topology considering
communication delays and uncertain communication links.
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