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Hybrid AC/DC distribution networks (HDNs) have emerged as a promising
architecture for integrating distributed energy resources and the growing number
of DC loads. However, most existing expansion planning studies treat demand
response (DR) as a homogeneous flexibility resource, neglecting the different
flexibility characteristics of AC and DC loads. This simplification may lead to
unrealistic estimations of demand-side flexibility and suboptimal planning
decisions. This paper proposes an expansion planning framework for HDNs that
incorporates differentiated DR modelling for AC and DC loads. In the proposed
approach, distinct flexibility limits and participation costs are assigned to AC and
DC loads to better represent their controllability characteristics. The planning
problem is formulated as a mixed-integer nonlinear optimization model that
determines network expansion decisions by incorporating DR utilization. The
model is solved using a genetic algorithm implemented in MATLAB, while
operational costs are evaluated through an optimal power flow module developed
in GAMS. Three planning scenarios are analysed to assess the effectiveness of the
proposed framework: without DR, with uniform DR, and with differentiated DR
for AC and DC loads. The results show that modelling differentiated DR improves
demand-side participation and reduces the net present value of total planning costs
compared with conventional uniform DR modelling. These findings highlight the
importance of accurately representing heterogeneous demand flexibility in the
planning of HDNs.

1. Introduction

enhanced energy efficiency, improved voltage

The increasing penetration of distributed energy
resources (DERs), particularly renewable energy
sources such as photovoltaic (PV) panels and wind
turbines, is fundamentally reshaping the operational
paradigm of distribution systems. In parallel, the rapid
growth of DC-based loads—including data centers,
electric vehicle (EV) chargers, and smart appliances—
has accelerated the development of hybrid AC/DC
distribution networks (HDNs). These networks offer
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regulation, and seamless integration of DC technologies
[1-3].

To accommodate these emerging architectures,
conventional distribution network expansion planning
(DNEP) frameworks must be revisited. Existing studies
have investigated HDN expansion through converter-
oriented planning strategies [4], strategic allocation of
DERs [5], and energy storage system planning [6].
Although these approaches effectively reduce power
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losses and improve voltage profiles, they predominantly
focus on supply-side flexibility and largely overlook the
role of demand-side resources, particularly demand
response (DR).

Demand response has emerged as a key flexibility
mechanism for peak load mitigation, enhancement of
operational security, and deferral of costly network
reinforcements [7], [8]. In conventional AC distribution
systems, various DR schemes—including price-based
programs [9], incentive-based mechanisms [10], and
hybrid approaches—have been incorporated into DNEP.
However, these models typically assume uniform
flexibility or rely on aggregated DR representations to
simplify the optimization process.

In hybrid AC/DC distribution networks, DR remains
relatively underexplored. Most existing studies either
neglect DR entirely or model it as a lumped flexibility
resource, disregarding the distinct operational
characteristics of AC and DC loads [11]. This
simplification fails to capture the higher controllability
and faster response of DC loads (such as EV chargers
and battery-connected devices) compared to traditional
AC residential loads [12], which may lead to suboptimal
or unrealistic planning decisions.

To address this research gap, this paper proposes an
expansion planning framework for HDNs that explicitly
incorporates differentiated DR modeling for AC and DC
loads. Distinct flexibility bounds and cost parameters
are assigned to each load type, enabling a more realistic
representation of demand-side flexibility. The planning
process is conducted under peak load conditions, where
flexibility provides maximum value, and its robustness
is further evaluated using probabilistic operating
scenarios generated via Monte Carlo simulation and
reduced using the SCENRED toolbox. The results
demonstrate that disaggregated DR modelling enhances
investment decision-making and improves supply—
demand coordination, particularly in networks with high
DER penetration.

The main contributions of this study are summarized as
follows:

e Development of an HDN expansion planning
framework that explicitly incorporates differentiated
DR modelling for AC and DC loads, moving beyond
conventional aggregated representations.

e Proposal of a hybrid solution approach combining a
genetic algorithm (GA) for network configuration
selection with an optimal power flow (OPF) module
implemented in GAMS for operational cost
evaluation.

e Assessment of operational robustness using a
reduced probabilistic scenario set to capture
uncertainties in load demand and renewable
generation.

e Evaluation of flexibility performance under supply-
constrained conditions to examine the resilience of
selected network configurations.
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2. Literature review
2.1. A. Emergence and Justification of Hybrid
AC/DC Distribution Networks
Hybrid AC/DC distribution networks have emerged as
an effective architecture for integrating conventional
AC infrastructures with DC-based technologies such as
PV systems, EV chargers, and battery energy storage
units. These networks offer improved energy efficiency,
reduced power conversion losses, and enhanced voltage
stability [13, 14]. Recent review studies have
highlighted the potential of HDNs to increase DER
hosting capacity and operational resilience while
significantly reducing network losses [15].

2.2. B. Planning Challenges in Hybrid AC/DC
Systems

Expansion planning in HDNs requires coordinated
decisions regarding AC/DC line configuration,
converter placement, and DER integration. Due to
uncertainties associated with renewable generation and
load demand, many studies have adopted stochastic or
probabilistic planning approaches [16, 17], employing
multi-scenario or chance-constrained formulations to
enhance robustness [18]. Nevertheless, most of these
methods remain predominantly supply-side oriented and
fail to exploit the flexibility potential of controllable DC
loads (such as EV chargers and battery systems) which
can substantially improve network adaptability under
uncertainty.

2.3. C. Demand Response in Conventional and
Hybrid Distribution Systems
In conventional AC systems, DR has been widely
recognized as an effective tool for peak load
management, reliability enhancement, and deferral of
network investments [19, 20]. DR has been incorporated
into DNEP models through price-based, incentive-
based, and hybrid mechanisms, typically assuming
uniform or aggregated load representations for
computational tractability [21-23]. In HDNs, however,
DR has received limited attention and is often modeled
as a lumped resource, neglecting the distinct
controllability and response dynamics of DC loads such
as EVs and energy storage units [24].

2.4. D. Research Gap and Positioning of the
Present Study
Recent studies, such as [25], have introduced flexibility-
oriented HDN planning frameworks under uncertainty;
however, they do not account for the heterogeneous
nature of DR across AC and DC loads. This
oversimplification limits the accuracy of planning
outcomes and weakens the coordination between
demand-side and supply-side resources. To overcome
this limitation, the present study proposes an HDN
expansion planning framework that explicitly
differentiates DR characteristics between AC and DC
loads. By assigning load-type-specific flexibility bounds
and cost parameters, the proposed model captures the
individual operational roles of different load categories.
Comparative analyses across three planning scenarios—
without DR, with uniform DR, and with differentiated
DR—demonstrate that accurate representation of load
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heterogeneity significantly improves both economic
performance and operational efficiency.

3. Modelling framework for HDN expansion
planning

The proposed model determines the optimal
configuration of an HDN by minimizing total system
cost through integrated investment and operational
planning. Formulated as a mixed-integer nonlinear
programming (MINLP) problem, it is solved using a
Genetic Algorithm (GA) for its capability to handle
discrete variables and non-convex search spaces. To
capture demand-side flexibility, a differentiated DR
framework is embedded, distinguishing the participation
of AC and DC loads. This enhances the accuracy of load
responsiveness representation and its influence on
planning results. The following subsections describe the
DR modelling approach, objective function, and main
operational constraints.

3.1. Differentiated DR modelling for AC and DC
loads

In hybrid AC/DC distribution networks, DR is modelled
differently for AC and DC loads to capture their
operational characteristics. AC loads are less flexible
due to comfort, process, or continuity constraints, while
DC loads often offer higher controllability and faster
response. For example, EV charging stations allow
time-shifting [26], data centers provide short-term
flexibility via power capping, workload shifting, and
UPS coordination [27], and hydrogen electrolyzers
adjust power rapidly to support renewables and ancillary
services [28]. Accordingly, DC loads are assigned
higher participation limits and lower DR costs than AC
loads, reflecting practical flexibility in HDNSs.

3.2. Objective functions
The objective of the proposed expansion planning
model is to minimize the net present value (NPV) of the
total cost of the HDN over the planning horizon. As

formulated in (1), the total cost (C,,, ) includes both

the capital investment cost (C,,, ) and the discounted
sum of annual operating and maintenance (O&M) costs

(C

oM )

COM, t

F=Cyy :CINV +Z(1+d)t

teTp

(1

The total investment cost, given in (3), includes the costs
of distribution lines and voltage source converters

(VSCs). The line cost component ( C

Line

AC and DC lines, whose selection depends on the

) covers both

network configuration. The converter cost ( C,,,, )

represents the installation of VSCs required to ensure
AC/DC interoperability, either for connecting loads to
buses of different types or interfacing lines and buses
with mismatched natures. This configuration-dependent
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allocation guarantees full integration of components
within the hybrid structure.

C, =C, +C @

Line Conv

In this study, all converters are assumed to be VSCs, due
to their controllability, bidirectional power flow
capability, and suitability for hybrid AC/DC distribution
environments. The annual operating and maintenance
cost is calculated according to (3).

C =8760C, + B, Cov

OM ,t OPF ., t

3)

To evaluate C

orr.. » an OPF analysis is conducted for

hour t. The cost includes two components: the energy
supply cost from available sources (e.g., upstream grid,
DERs), and the cost of implementing DR, as shown in

4.

C “4)

OPF , t

=C

ENERGY , t + CDR, t

The DR cost (C

pr.) 1s computed in (5) as the sum of

curtailed energy from AC and DC loads, multiplied by
their respective DR cost coefficients:

AC AC DC DC 5

CDR,[ = Z DRn,t ‘cn +DRn,t .cn ( )

neQ,

The model considers a single horizon year under peak
load conditions to capture the most stressed scenario,
where DR flexibility is most valuable and network
reliability is critical.

3.3. Constraints
The constraints governing the HDN expansion planning
model are summarized below. These constraints ensure
technical feasibility and consistency between
investment decisions and network operation.
1) Integer Constraints: This group specifies the
binary variables defining the HDN structure (bus types,
line connections, and line types) along with their
description and values in Table 1.
(6)

Mw, , MU, ,MD, {01} VnmeQ,

The binary constraints (6) enable the model to represent
a feasible hybrid network configuration in terms of both
topology and technology.
2) Bus Connectivity Constraint: This constraint
limits the number of lines connected to each bus to
maintain network stability and reliability, as expressed
in (7). For radial configurations, the total number of
lines must be one less than the number of buses, as in
(8), ensuring a radial network topology.
N™ <> MU, SN™, VneQ,

R

(7

meQ,
m#n

z ZMUnm =Nb_1

neQ, meN,
m>n

®)
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Table 1. Definition of binary configuration variables.

Variable Description Values

MW Bus type indicator (0 for AC, 1 for DC) 0,1
MU~ Connection status between bus nand m 0, 1

MD, =~ Line type (0 for AC line, 1 for DC line) 0, 1

3) OPF Constraints: Within the HDN planning
formulation, these requirements are classified into four
categories, as detailed below:

. Power Balance Constraints: Equations (9) and
(10) ensure that injected active and reactive power at
each bus equals the demand plus losses, considering the
AC/DC nature of lines and buses. The detailed
formulation for various AC/DC configurations is
presented in [29].

Pninj — Pncal , Vi e Qb (9)
oV =0 |, VneQ, (10)
. Network Constraints: The constraints (11)-(13)

define the operational limits for voltage magnitudes,
voltage phase angles, and power flows across the
network, ensuring that all variables remain within
technically permissible ranges.

Vnmin < I/" < I/nmax , VI’Z c Qb (1 1)
eljnin < Hn < artnax , vn c Qb (12)
mﬁ S, VnmeQ, (13)

. Converter Constraints: Converter Constraints:
Each VSC must satisfy the apparent power and
modulation index limits, as defined in (14) and (15),
ensuring feasible and stable converter operation.

JPP+0 <8™ | VeeQ, (14)

M, <M., <M , Vn,meQ, (15)

c(nm)

. Generator Constraints: To maintain system
reliability and stability, the active and reactive power
outputs of AC generators and the active power of DC
sources are restricted within their allowable limits, as
formulated in (16)— (18).

ngc’mi“sp(;j"spg’m“ , VieQ. (6
Qé,‘;’mmﬁ e <0z, VieQ, (17

ngd‘"mi“ < PG{: < ng:’max , VideQ, (18
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4) DR Constraints: These constraints limit
demand reductions within the predefined flexibility
bounds for each load type, ensuring that the economic
and technical characteristics of AC and DC demands are
properly represented, as expressed in (19) and (20).

0<DR' <K' | VneQ, (19)

0< DR’ < K" |

n,t

VneQ, (20)

3.4. Modelling Assumptions

- The locations and maximum demand of AC and
DC loads, as well as the capacities of distributed
generation (DG) units, are assumed to be known
in advance. The planning problem therefore
focuses on determining the optimal network
configuration, including the AC/DC type of
buses, the AC/DC type and routing of
distribution lines, and the number and
placement of AC/DC converters

- The planning problem is formulated as a
MINLP and solved using DICOPT/CONOPT4
to capture nonlinear AC—DC interactions.

- The planning stage is performed under
peak-load conditions.

- Uncertainty in renewable generation is
modelled using Monte Carlo simulation and
scenario reduction via SCENRED for
performance evaluation.

- The hybrid AC/DC network is represented using
the unified load-flow model adopted from [29].

- All AC/DC interfaces are assumed to be VSC-
based converters.

- Renewable DGs operate under a FIT scheme
with fixed generation costs based on [30].

4. Planning methodology

To determine the optimal expansion strategy for HDNs
while accounting for differentiated DR, a two-level
methodology is developed. As illustrated in Fig. 1, the
planning framework combines a GA with a DR-based
OPF module to iteratively search for cost-effective and
operationally feasible HDN configurations. The GA
module is responsible for exploring topological
alternatives through binary-encoded configuration
matrices, while the OPF module evaluates each
candidate solution by solving the operational
subproblem under peak load conditions. This integrated
framework enables the identification of HDN
configurations that minimize total planning costs while
considering both investment and operation under
flexibility constraints. The following section outlines
the flowchart, accompanied by explanations of each
stage to improve clarity.

Step 1 — Chromosome Initialization

A set of candidate chromosomes is created randomly.
Each chromosome is a binary-encoded structure that
determines the network configuration through three
matrices MW, MU, and MD. Based on these matrices,
the location and number of VSCs are implicitly


https://doi.org/10.48308/ijrtei.2026.243536.1111

662 Citation information: DOI 10.48308/ijrtei.2026.243536.1111, International Journal of Research and Technology in Electrical

Industry

identified by the need to interface AC and DC
subsystems.
Step 2 — Network Connectivity Check
Each chromosome is examined to ensure that the
resulting network is connected and feasible from a
topological perspective. Configurations that result in
isolated buses or unreachable loads are discarded.
Step 3 — Radiality Check
The resulting connected network is further examined to
ensure it satisfies the radial topology requirement, as
formally defined by Constraint (8) in the model
formulation. Configurations that violate this radiality
constraint—such as those containing loops or meshed
segments—are considered infeasible and excluded from
further evaluation.
Step 4 — DR-Based OPF Module (GAMS
Implementation)
For each valid chromosome, an OPF problem is solved
under peak load conditions using GAMS. The OPF
minimizes the operational cost, which includes:

- Energy purchase from upstream grid and local

DERs
- DR participation costs, with differentiated
modelling for AC and DC loads.

Start

GA

Chromosome

-
) Forming Configuration Matrices
/s (MW, MU, and MD)

/
F;
! |
i

i
Caleulating Cryy

Are Connectivity
Constraints Satisfied

Does Network Meet
Radiality Condition

DR-based OPF Module for HDNs
(Implemented in GAMS)

1UINT

Discard This
Configuration

Repeated for Each Chromosome in the Current GA Generation

Satisfying GA
Stopping Criterion

Fig. 1. Flowchart of the proposed GA-based planning
model for HDN development incorporating
differentiated.

The OPF module solves the power flow problem while
satisfying all relevant technical constraints, including
power balance, network, converter, generator, and DR
constraints, as defined in (9)-(20).
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Step 5 — Cost Evaluation
The NPV of each configuration is calculated by
summing:

- Investment costs (lines and converters),

- Discounted annual operational costs obtained

from the OPF

This NPV acts as the fitness value for each chromosome
in the GA population.
Step 6 — GA Operators (Selection, Crossover, Mutation)
Using fitness-based selection, parent chromosomes are
chosen to create a new generation through crossover and
mutation. These operations introduce diversity and
guide the population toward better solutions.
Step 7 — Convergence Check
The process iterates until the stopping condition is
met— a convergence threshold on the best NPV. If the
condition is not satisfied, the algorithm returns to Step
1.
Step 8 — Output the Optimal Configuration
Once convergence is achieved, the best-performing
chromosome is selected as the final solution. This
chromosome represents the optimal HDN configuration
with corresponding DR participation strategies, DER
integration, and converter placements.
In summary, the proposed methodology integrates
topology optimization and operational assessment
within a unified planning framework. By combining
GA-based configuration search with OPF analysis under
peak conditions, the model effectively captures the
technical and economic impacts of differentiated DR.
This ensures that the resulting HDN plan is both cost-
efficient and operationally robust.
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Table II. Thirteen-area test system — reported load figures reflect peak consumption and DG values refer to maximum
available capacity

Zone 4:
Zone 9:
-PVDG: 1.5 MW .
- Wind DG:1.0 MW
- AC load: 0.5 MW and
Zone 2 Zone 7:
one 2:
AC load: 1.0 MW -PVDG: 1.5 MW Zone 12:
- oad: 1. .
and 0.45 MVAR - AC load: 0.5 MW - EV station: 1.25 MW
and 0.25 MVAR
Zone 1: Zone 5: Zone 10:
DSS capacity: - AC load: 0.5 MW and - AC load: 0.5 MW
10 MW and 4.8 0.25 MVAR and 0.25 MVAR
MVAR - DC load: 0.5 MW - DC load: 0.5 MW
Jome 3 Zone 8: Zone 13:
one 3: . - Diesel DG: 2.0 MW
-EV station: 1.25 MW
- EV station: 1.25 PP and 0.96 MVAR
MW Cond 003 S MVAR - AC load: 0.75 MW
: and 0.35 MVAR
Zone 6:
-AC load: 0.75 MW Zone 11:
and 0.35 MVAR -PVDG:1.5 MW
- DC load: 0.75 MW
Table III. Comparison of DR scenarios in HDN planning
. DR AC/DC DR DR Price -
Scenario Load iy " Description
Included Participation Incentive
Treatment
Scenario 1 No _ _ _ Reference scenario without DR; used as the

(No DR) baseline for performance comparison.

Sc.enario 2 Treated  Same level for Equal for Simplified approach where a.ll l.oads,
(Uniform DR Yes Eauall both AC & DC regardless of type, respond similarly to DR

Strategy) qually signals.

Scenario 3 . Reflects greater responsiveness and
(Differentiated Yes D;er?;z(til I—il)%ij grr ;grr fg ’ If)ogv le;aﬁ)sr efficiency from DC loads by offering
DR Strategy) Y stronger incentives.

5. Simulation results and discussion During OPF analysis, voltage magnitudes are
constrained within 0.95-1.05 p.u., and phase angles

5.1. System description within £n/4 rad. All lines use AWG#4/0 ACSR

To evaluate the effectiveness of the proposed HDN
expansion planning framework, a 13-zone hybrid
distribution network is adopted as the case study. Each
zone, modelled as a single bus, can be configured as AC
or DC depending on optimization results, with Bus 1
connected to the utility grid through the Distribution
System Service (DSS) model. Network lines may also
adopt either AC or DC configurations; DC lines follow
a unipolar layout, suitable for medium-voltage hybrid
systems due to their simplicity and lower cost.

Each zone hosts AC/DC loads, distributed generators
(PV, wind, and diesel), and EV charging stations, with
detailed capacities listed in Table II. The complete AC
and DC load demands at each bus are provided in
Appendix A, Table A.l, and the full data for all
generators (type, and capacity limits) are given in
Appendix A, Table A.2. A symmetric distance matrix
Dis described in [25] represents inter-zone distances for
estimating line installation costs. Nominal voltages are
4.16 kV (AC) and 6.8 kV (DC). Renewable DGs operate
under the Feed-in-Tariff (FIT) scheme with generation
costs of 209 $/MWh for PV and 128 $/MWh for wind,
while grid or diesel power costs 92.2 $/MWh [30].

IJRTEL, 2025, Vol.4, No. 2, pp. 658-669

conductors with a 2 MVA thermal limit and installation
cost of 28 k$/mile [31]. Voltage Source Converters
(VSCs) linking AC and DC sections operate at 95%
efficiency, a modulation index of 0.77-1.0, and an
installation cost of 170 $/kV A [25]; annual maintenance
is set at 5% of investment cost.
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Table I'V. Comparison of simulation results across DR
integration scenarios in HDNs

Parameter Scenario 1 Scenario 2 Scenario 3
o2 Cpy (MS$) 21669 25685 25125
g s
2 g Cppp (M$) 47844 41650 40954
=5 c
oy (MS) 6.9513 6.7335 6.6079
Average DR
.§ Participation Rate [%] - 64 108
«®
&% = AC Load DR _
= 2 Participation [%] 45 4.5
1
= DC Load DR
= Participation [%] - 79 158
Number of AC Buses 6 6 6
E Number of DC Buses 7 7 7
é & | Number of AC Lines 6 5 5
£ 5‘3 Number of DC Lines 6 7 7
- Number of VSCs
] between Lines and 3 3 3
Buses
_g E Power Losses [%] 4.7 6.2 6.6
S @
= /A

5.2. Evaluation of the proposed DR strategy in
HDN system planning

Before presenting the comparative results of the three
planning scenarios, it is noted that the obtained
configuration corresponds to the best feasible solution
identified by the GA-based main problem after
structural screening through connectivity and radiality
checks. For each structurally valid configuration, the
OPF-based subproblem is solved in GAMS using
DICOPT and CONOPT4 to ensure full satisfaction of
operational and technical constraints. Therefore, the
configuration reported in this section has passed both
structural and operational validation. Its performance is
then assessed in the following subsections through
deterministic scenario comparison (Section 5.2),
probabilistic robustness evaluation (Section 5.3), and
flexibility assessment under supply constraints (Section
5.4).

This subsection presents and discusses the results of the
HDN planning model under three distinct scenarios, as
summarized in Table III: without DR (Scenario 1), with
uniform DR for all loads (Scenario 2), and with
differentiated DR based on load type (Scenario 3).
Scenario 1 assumes no DR participation, serving as a
pure investment-based benchmark. In Scenario 2, a
unified DR strategy is applied in which identical cost
and participation limits are defined for both AC and DC
loads. However, their actual DR participation levels
may differ due to network topology and operational
constraints. These reference cases are used to provide
context for assessing the relative effectiveness of the
proposed strategy discussed in Scenario 3.

The results of the HDN planning, evaluated under the
three strategies outlined in Table III, are presented in
Table IV. A comprehensive comparison is conducted
across four key dimensions: 1) economic performance,
2) DR participation, 3) network configuration, and 4)

IJRTEL, 2025, Vol.4, No. 2, pp. 658-669

Scenario 1

Bus 1

Bus2 J_ L)

Bus 4 Bus 5 Bus 6

Bus 7 _ | Bus 8 - |7

Bus 12 —_lms

Scenario 2

Bus 1

Bus 2 J_B“S 3

Bus ¢ Buss | I

nuer || || o

Bus9 | Bus 10 Bus 11

:£|_"/|: Bus 13

(b)
Fig. 2. Optimal network topologies corresponding to
Scenario 1 (without DR) and Scenario 2 (with uniform
DR). (a) Network layout for Scenario 1, (b) Network
layout for Scenario 2.

technical behavior. Further analysis of these dimensions
is provided in the following subsections.
1) Economic Performance

Scenario 1 results in the highest total cost due to the
absence of flexibility, forcing the planner to rely
primarily on infrastructure investment. Introducing
uniform DR in Scenario 2 reduces operating expenses
but increases investment, as additional network
reinforcement is required to accommodate more flexible
dispatch patterns.

In Scenario 3, the differentiated DR strategy achieves
the minimum total cost with slightly lower investment
compared to Scenario 2. This improvement arises from
the more effective utilization of load-type-specific
flexibility, which allows demand adjustment where it is
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EV
Station

Bus 6
T_I_
AC DC
Load Load

Bus 8

EV
ﬂS Station

Bus 11

PV
DG

Bus 12 Bus 13
!

EV
Station

AC

Load
on Diesel DG

Fig. 3. Final topology derived from the proposed HDN
expansion planning framework incorporating
differentiated DR (Scenario 3).

technically most efficient rather than uniformly across
all buses. Consequently, the planner can reduce costly
reinforcements ~ while = maintaining  operational
feasibility. These results indicate that incorporating load
heterogeneity into DR modelling leads to economically
superior expansion decisions.

2) DR Participation
The average DR participation increases from 6.4% in
Scenario 2 to 10.8% in Scenario 3, driven mainly by DC
loads (15.8%) compared with AC loads (4.5%). This
indicates that the differentiated DR strategy is able to
utilize flexible demand more effectively than the
uniform scheme. In particular, a larger share of the
responsive demand is activated on the DC side, which
improves the overall effectiveness of DR deployment in
the hybrid network. Therefore, the increase in
participation is not merely quantitative, but also reflects
a more efficient allocation of flexibility across the
system.

3) Network Configuration
Across the three scenarios, the numbers of AC and DC
buses remain constant at 6 and 7, respectively,
indicating that DR primarily affects line selection rather
than node allocation. However, Scenarios 2 and 3
exhibit a higher proportion of DC lines compared to
Scenario 1, suggesting a structural tendency toward DC
Lines when flexibility is available.
This shift can be explained by the improved
compatibility between DC infrastructure and flexible
DC loads, which reduces conversion stages and
enhances dispatch efficiency. Meanwhile, the number of
VSCs remains unchanged at three, as it is determined by

IJRTEL, 2025, Vol.4, No. 2, pp. 658-669

block2 blockl

.........

Bus 4

Bus 8

Bus 13

Fig. 4. Block-based partitioning of the optimal HDN
topology derived from Scenario 3.

fundamental interconnection requirements rather than
operational flexibility. Therefore, DR influences the
internal reinforcement pattern of the network without
altering its basic AC/DC interface architecture. Fig. 2
illustrates the network topology for Scenarios 1 and 2,
while Fig. 3 presents the final topology obtained for
Scenario 3 from the proposed HDN expansion
framework.
4) Power Losses
As shown in Fig. 4, the network can be divided into three
blocks. Blocks 1 and 3 remain structurally unchanged
across all scenarios, while Block 2 is reconfigured
depending on the DR strategy. In Blocks 1 and 3, loads
are located near low-cost AC sources, resulting in
minimal DR activation. In contrast, Block 2 is
dominated by PV units with relatively higher generation
costs, making it economically advantageous to shift part
of the demand toward upstream AC sources via DR.
This redistribution increases transmitted power over
certain feeders, leading to slightly higher total losses in
Scenarios 2 and 3 (6.2% and 6.6%) compared to
Scenario 1 (4.7%). However, the additional loss cost is
economically offset by reduced generation and
operational expenses. This result highlights an
important planning insight: marginal increases in
technical losses can be acceptable if they enable more
cost-efficient resource utilization at the system level.
5) Overall Evaluation

Scenario 3 demonstrates superior performance across
economic, operational, and demand participation
indicators. By capitalizing on the technical flexibility of
DC loads, it facilitates greater and more cost-efficient
DR utilization. These findings underscore the value of
incorporating differentiated DR strategies during the
planning stage, contributing to the development of more
resilient and cost-effective hybrid distribution networks.


https://doi.org/10.48308/ijrtei.2026.243536.1111

666 Citation information: DOI 10.48308/ijrtei.2026.243536.1111, International Journal of Research and Technology in Electrical

Input: Seasonal Data

Deriving Cumulative
Distribution Function (CDF)

Analyze to Generate Best
Fitting Distribution

l |

Table V. comparison of results for scenario 3 under
peak load condition and operating scenarios

Category Parameter Peak  Operating

Johnson SB Distribution for
PV Power Generation,
Wind Power Generation, and
EV Station Demand

Generalized Pareto Distribution
Jor Load Demand

Load scenarios
Economic Copr (M$) 4.0954 2.2093
Performance CNpV M$) 6.6079 as
Average DR
Participation Rate [%] 10.8 9.5
DR AC Load DR 45 -
participation Participation [%] : .
DC Load DR
Participation [%] 158 14.6
Technical .
Behavior Power Losses (MW) [%] 6.6 6.4

| |
l

Apply MCS te Generate
Operating Scenarios

l

Apply SCENRED TOOLBOX
in MATLAB to Reduce
Scenarios

|

Output: Reduced Scenarios
with Assigned Probabilities

Fig. 5. Flowchart of the operating scenarios generation and

reduction process.

5.3. Operational Robustness Assessment of
Scenario 3 Using Probabilistic Scenarios
To evaluate the robustness of the proposed HDN
planning under realistic operating conditions, an
operating scenario generation framework is developed,
as

shown in Fig. 5. The method captures uncertainties in
load demand and RESs while maintaining
computational efficiency. Seasonal data for AC/DC
loads, PV and wind generation, and EV charging
demand are collected to construct their cumulative
distribution functions (CDFs) and identify suitable
probabilistic models. The Generalized Pareto
Distribution is used for load demand to represent both
normal and extreme variations, while the Johnson SB
Distribution models PV, wind, and EV data due to their
bounded ranges. The numerical parameters of these
probabilistic models are provided in Appendix A, Table
A.3.

Monte Carlo Simulation (MCS) generates a large set of
operating cases, which is then reduced using the
SCENRED toolbox in MATLAB. The reduction
algorithm minimizes the Kantorovich distance between
the full and reduced sets, yielding a compact scenario
tree with assigned probability weights. The resulting set
represents the most probable and diverse operating
conditions and is used in the OPF analysis of Scenario
3. This approach ensures that system performance is
evaluated under realistic stochastic variations with
preserved computational tractability.

Table V compares Scenario 3 under peak and
probabilistic conditions. While planning is based on
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peak demand, probabilistic scenarios capture more
realistic network states, reducing operating cost and
total NPV by 46% and 29%, respectively. Despite lower
loading, DR remains effective, confirming its continued
contribution to cost efficiency. Average DR
participation remains similar across scenarios (10.8%
vs. 9.5%), with DC loads showing greater flexibility.
These results underscore the robustness of the planned
network: even when demand levels are lower than the
peak, the inherent flexibility of the system, particularly
through DR, continues to yield significant cost savings.
The consistency in average DR participation (10.8% vs.
9.5%) between peak and probabilistic cases suggests
that the network is not just optimized for a single worst-
case point, but possesses a structural flexibility that
adapts to stochastic variations.

Fig. 6 depicts the link between DR participation and
operating cost: larger bubbles represent higher DR
levels associated with lower costs, while warmer colors
indicate DC- dominant DR with the highest economic
benefit. This visualization highlights that the synergy
between DC-side flexibility and network operation is a
key driver for robustness. Overall, results confirm that
the proposed plan maintains economic robustness under
varying operating conditions, proving that the
integration of differentiated DR serves as a hedge
against demand and RES uncertainties.

5.4. Flexibility Assessment of the Proposed DR-
Based HDN Planning under Supply
Constraints

The robustness of the proposed DR-based HDN
planning (Scenario 3) is evaluated under three supply-
constrained scenarios: (1) limited upstream import
capacity (50% of nominal) to reflect DSO capacity
management strategies [32], (2) reduced PV generation
(=~20% of nominal) representing low-output conditions
due to overcast weather [33], and (3) zero wind output
caused by off-range wind speeds [34]. These cases
capture realistic operational uncertainties in distribution
networks, where the network must rely on its internal
flexibility rather than external supply. Following the
same economic logic presented in Section 5.2, the
proposed differentiated DR strategy is expected to
outperform Scenarios 1 and 2 even under supply
constraints. Table VI presents the performance of
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Operational Cost vs. DR Participation Across Scenarios
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Fig. 6. Bubble chart of DR participation across reduced operating scenarios, where bubble size reflects total DR, color

indicates the DRpc/DRac ratio, and gray bubbles denote cases with DC-only participation. Scenarios with no DR are omitted.

Table VI. System performance under base and three
supply-constrained cases based on scenario 3

0,
. No Supply >0% PV . Wind
Indicator Constraints Upstream Generation Curtailment
Limit  ~20%
o g Net Present
= O
E2 2 Vae(pyy H09% 46063 4098 42681
EZ2
SIS .
s Opeéa“‘mal 6.6079  7.1188  6.6105  6.7806
ost
[}
S Tsizzll DI 108 203 11.4 15.8
E Participation
€ R | ACLoadDR 10.9 5.1 9.0
S ™ | Participation ’ ‘ ’ :
[
a POLTELDIE s amg 16.4 211
Participation
[Energy Supplied
[OR=}
£ £ _ by DieselGria 8.8981  6.8020 8.8981  8.8981
P :
= § Energy Supplied 9313 17801 07870 13191
== by PV
#© [Energy Supplied 5000 1 0000 1.0000 0
by Wind : : :
Load Reduction
z_ via DR 12300 23015 12935  1.7900
Sz Energy Not
E) E Supplied 0 0 0 0
T"talL(S);‘gPhed 10.1200  9.0485 10.0565  9.5600

* Note: In this study, the reported 'Total Supplied Load' represents only
the portion of demand that received energy from supply-side resources
(PV, wind, diesel, grid). It excludes both demands curtailed by DR and
any demand not served due to supply limitations (ENS).

Scenario 3 under normal and supply-constrained
conditions, and the results confirm that the proposed
strategy avoids ENS and utilizes cheaper DC flexibility,
consistent with the economic logic from Section 5.2.
Simulation results (Table VI) indicate that the proposed
strategy maintains high operational flexibility. Key
findings include:

a) High-Flexibility DC Utilization: DC loads provide
the main source of flexibility, achieving up to 27.6% DR
participation under severe constraints. This confirms
that the differential modelling approach (assigned in
Section 3.1) allows the system to tap into the most cost-
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effective and responsive reserve resources precisely
when external supply is most compromised.

b) Resilience through DR: Full demand satisfaction is
maintained with zero wunserved energy, as DR
effectively compensates for supply limitations (e.g.,
2.3 MWh curtailed via DR in Case 1). This proves that
the proposed planning not only optimizes nominal costs
but also provides an operational hedge that prevents load
shedding during supply outages.

c¢) Economic Stability: Economic impacts of renewable
variability are modest, with only slight increases in
NPV, indicating that the differentiated DR strategy
successfully absorbs fluctuations. By shifting demand
away from periods of low renewable output, the system
minimizes reliance on expensive upstream power,
thereby insulating the overall NPV from renewable-
related volatility.

The radar diagram in Fig. 7 illustrates the performance
of Scenario 3 under various supply-side constraints,
highlighting that the planning framework creates a
robust operational envelope, where the trade-off
between economic investment and operational
flexibility is optimized to maintain performance even
under adverse supply conditions.

6. Conclusion

This study presented a novel expansion planning
framework for HDNs that explicitly incorporates
differentiated DR modelling for AC and DC loads. By
recognizing the distinct flexibility characteristics and
incentive requirements of each load type, the proposed
approach advances beyond conventional planning
methods that assume uniform DR participation. The
planning problem was formulated as a mixed-integer
nonlinear programming (MINLP) model and solved
using a GA in MATLAB, with operational costs
evaluated through an OPF module implemented in
GAMS under peak load conditions.

Simulation results confirmed that differentiated DR
integration improves both economic efficiency and
system flexibility. The scenario featuring distinct DR
characteristics for AC and DC loads achieved the most
cost-effective planning outcome. Further analysis under
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Fig. 7. Multi-criteria evaluation of the proposed DR-based HDN planning strategy (Scenario 3) under supply

constraints.

probabilistic operating conditions verified that, although
the planning was performed at peak demand, DR—
particularly from DC loads—remained effective in
reducing operating costs and maintaining operational
robustness under realistic uncertainty. Evaluations of
supply-side constraints confirmed the resilience and
adaptability of the proposed planning strategy. The
findings emphasize the vital role of DC-side flexibility
in enhancing both reliability and economic
performance. The framework is scalable and adaptable
to diverse planning environments. Future work will
extend the model to include temporal DR shifting,
energy storage, and upstream grid interactions to better
reflect real-world HDN conditions.
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8. Appendix A- System Data and Probabilistic
Model Parameters

8.1. Appendix A.1 — Load and Generator Data
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Table A.1. AC and DC load demands at system buses

AC Loads DC Loads
Bus . ac .
No. E mw) (MVAR) B mw)
1 - R -
2 1.00 0.45 -
3 - - 1.25
4 0.5 0.25 -
5 0.5 0.25 0.5
6 0.75 0.35 0.75
7 0.50 0.25 -
8 0.50 0.25 1.25
9 - - 0.85
10 0.50 0.25 0.50
11 - - -
12 - - 1.25
13 0.75 0.35 -

Table A.2. Data for the system generators
DG DG Pjnax PGmm QGmax Q|j|in

G G

No.  Type  (MW) (MW) (MVAR) (MVAR)

DSS,

Gl 100 1.0 480 08

DG4 PV.DC 150 0 0 0

DG7 PV.DC 150 0 0 0

pge Wind 50 o 0 0
AC :

DGIl PV.DC 150 0 0 0
Diesel

DGI3 PSS 200 02 096 01

8.2. Appendix A.2 — Probabilistic Model
Parameters

Table A.3. PDF parameters for each stochastic model

Winter k = —2.0498, o = 76.5706, u = 33.8229
Load Spring *=-2029, o =647435, u=30.9216
DemandSummer & = —2.1535, o = 1232435, u = 43.8349
Fall  k=-20299, o =60.6328, u=289583

Winter y = 0.6561, 6 = 0.1853, A =30.5430, & = —0.4102
PV Spring 7 = 04549, 5 =0.2182, 1 =81.8414, £ =-1.3103
Power Summery = 04199, 6 = 0.2332, 1 =96.1342, & = —-1.6687
Fall y = 0.6052, § = 0.2301 A =59.0836, & = —1.0902

Winter 7 = 14584, & =1.6624, A = 32.9295, & = 80.6751
Wind  Spring 7 =0.1402 & = 0.6340, 2 = 259017, & =30.9977
Power Summer” = 03993 & = 0.3682, 1 = 28.1423, & = 13.8442

Fall 7 =0.7441 5 = 1.6674, A = 437649, & = 7.0870

EV . All y =—0.1555 6 = 04199, 4 =94.1582, & = —4.1414
Station Seasons

Note: For Johnson SB distribution, parameters are y
(shape 1), o (shape 2), 4 (scale), and { (location). For
Generalized Pareto distribution, parameters are k&
(shape), o (scale), and u (threshold).


https://doi.org/10.48308/ijrtei.2026.243536.1111

