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Abstract

The way power systems operate is being reshaped by the high penetration of distributed
energy resources (DERs) such as rooftop solar, batteries and electric vehicles in low-
voltage distribution networks. These technologies, although beneficial for
decentralization and decarbonization, pose significant technical challenges-including
voltage rise, frequency fluctuations and bidirectional power flow. Virtual Power Plants
(VPPs) are emerging as a promising framework to aggregate, manage and optimize the
operation of DERs through intelligent control and coordination. The objective of this
research is to analyse the use of Virtual Power Plants (VPPs) to coordinate DERs and
enhance voltage stability in low-voltage distribution networks. The study uses an IEEE
13-bus test feeder, modelled in DIgGSILENT PowerFactory, incorporating photovoltaic
generation, battery energy storage systems, and electric vehicle loads under varying
penetration levels. A PowerFactory-Python co-simulation framework is developed using
a supervisory iterative approach, where quasi-dynamic simulations are analysed and
used to update the control setpoints across successive runs. The results demonstrate that
coordinated control of DERs can significantly improve voltage profiles, with voltage levels
reduced from peak values above 1.05 pu within limits of approximately 0.99-1.03 pu.
Battery energy storage systems provide effective voltage support, while demand-
response flexible loads and photovoltaic curtailment act as a secondary control measure.
However, the approach is constrained by limited storage capacity and the lack of real-
time control implementation. To address these limitations, a reinforcement learning-
based control framework is proposed as a future enhancement for adaptive and scalable
VPP operation in New Zealand’s evolving distribution networks.

Keywords: Virtual power plants; DERs; PowerFactory; Voltage stability.

1. Introduction

Globalization, population growth and rapid technological advancement have driven a
continual rise in energy demand therefore leading to more production and hence
emissions (Venegas-Zarama et al, 2022). Renewable energy plays a crucial role in
greenhouse gas emission reduction and mitigating climate change (International Energy
Agency, 2023). New Zealand has the highest share of renewables amongst all the member
countries, with about 80 percent electricity being renewables (International Energy
Agency, 2023).

As the world moves away from monopolistic power systems with the rapid penetration
of distributed energy resources (DERs), such as solar PV, wind turbines, battery energy
storage system (BESS), and electric vehicles, it is also changing the traditional electricity
networks. However, the distribution grids are not equipped to accommodate
decentralization, resulting in voltage fluctuations, frequency instability, reverse power
flows and reduced power quality. Moreover, the renewable DER output is highly
dependent on weather and location which makes the energy output inconsistent. The
complexity and variability because of this demands innovative solutions and virtual
power plants (VPPs) have emerged as a promising solution. The research suggests VPPs
are those that provide a unified framework for assimilating distributed generation,
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augmenting renewable energy adoption, improving operation efficiency and enabling
participation in electricity markets (Pawar et al., 2024). Adding on, another research
proposes aggregating DERs into VPPs, which coordinate diverse resources to operate as
a unified, dispatchable entity (Koraki and Strunz, 2018).

VPPs have emerged as a promising framework to enhance system flexibility by reducing
the effect of variability of renewables, optimizing DER utilization and reducing the need
for costly grid reinforcements (Naval and Yusta, 2021). Internationally, they are
successfully deployed in California, Australia, and Germany. South California Edison (SCE)
has adopted an array of measures to integrate more PV, EVs, Battery Storage Systems, and
other DERs onto the grid. Tesla Virtual Power Plant in collaboration with SCE aggregates
residential solar, Tesla PowerWall fleet to deliver in case of blackout due to extreme
weather events and also delivers services such as frequency regulation and demand
response for CAISO (California Independent System Operator). Another in the USA, Green
Mountain Power (GMP) in Vermont, set up a VPP program in 2017 in collaboration with
Tesla using PowerWall batteries 2.0. GMP during peak power times utilizes the energy
stored in batteries by sending it back to the grid to meet demand which reduces the
transmission and capacity expenses (Jones et al., 2022). Another demonstrated benefit
of this system was supplying approximately 2901 hours of backup power using the
Powerwall batteries during a major storm in 2018 (Jones et al, 2022). Enabled by
advances in data analytics, artificial intelligence, communication technologies, smart grid
protocols, VPPs have evolved from theoretical constructs into practical tools for grid
operators and market participants.

Aotearoa New Zealand has a high penetration of renewable energy sources, which is also
increasing every year as indicated in Figures 1 and 2, which show a clear upward trend
for both solar photovoltaic installation at the distribution level and electric vehicles
adoption. The pilot projects such as those conducted by Meridian, Genesis, Contact Energy
and Wellington Electricity; demonstrate that VPPs can provide cost-effective alternative
to network upgrades. A large-scale Virtual Power Plant has the potential to play a lead
role in New Zealand’s decarbonization journey, increase grid resilience, help the system
manage peak loads effectively increase electrification, and also provide financial benefits
to customers (Meridian Energy, 2023).

However, there is limited practical application in aggregating high DER at the distribution
level. The proven international success in managing distributed resources and
maintaining grid stability shows potential application in a New Zealand context. Inspired
by these international cases, this study analyse a VPP through a IEEE test distribution
system, representative of typical Aotearoa New Zealand feeder characteristics, to
simulate VPP performance, and assess its ability to alleviate voltage and peak load
management challenges arising from high DER penetration using an iterative control
strategy using python scripting. Ultimately, the results from this study aim to provide
insights into scalable DER integration and support the development of flexible and
resilient electricity networks.
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Figure 1. Growth in Solar PV installations in Aotearoa New Zealand |
(Source: EMI, 2025)
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Figure 2. Projected EV adoption in Aotearoa New Zealand
(Source: EECA, 2024)

1.1. Objective of the paper

While VPP and DER technologies are essential for achieving Aotearoa New Zealand’s
decarbonisation goals, the resulting strain on distribution networks cannot be
overlooked. However, the practical application and technical evaluation of VPPs within
the country remain limited.

The overall problem this study aims to address is:
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Can Virtual Power Plants (VPPs) effectively improve voltage regulation and peak load
management in Aotearoa New Zealand’s distributed energy networks?

To address this, the study evaluates the effectiveness of a supervisory iterative VPP
framework implemented through Python-PowerFactory co-simulation. The analysis is
performed on a modified IEEE 13-bus network, representative of New Zealand
distribution characteristics, under varying DER penetration levels and seasonal variation
to assess the ability of coordinated control to maintain voltage levels to improve overall
network performance and asset longevity.

2. Literature review

This literature review explores the concept of VPPs, their evolution from theoretical
concepts to basic aggregation of resources, and now sophisticated service-oriented
systems. Additionally, the review also includes the operational challenges of the grid with
high penetration of DERs like the unreliable power supply nature of renewables. The
review covers the voltage stability issues and reduced inertia in distribution networks.
The literature analysis then progresses to the role of VPPs as a flexible and decentralized
solution capable of local generation (peak demand), load balancing (shaving demand
response loads), and hence providing grid stability.

2.1. Virtual power plants: Concept and framework

The concept of VPPs was introduced by Awerbuch and Preston in 1997 and set a
transformative change from regulated electricity markets to a deregulated environment
(Marzbani et al., 2025). There is no universally accepted definition for a virtual power
plant framework in the literature. From the mid-2000s, onwards, the scope of VPP-related
steadily expanded in complexity and focused on micro-units distributed generation, and
basic market participation (Venegas-Zarama et al., 2022). One perspective of VPP is
defined as an autonomous micro-grid in (Naval and Yusta, 2021). Further VPP is defined
as a cloud-based platform that integrates distributed energy resources (DERs), flexible
loads and storage systems through two-way communication network (Panda et al., 2022).
Recent studies conceptualize it as a collection of different types of DERs that are spread
across the distributed networks with emphasis on artificial intelligence, blockchain,
vehicle-to grid technologies, and multi-agent coordination (Dai et al., 2025).

A VPP is a layered energy management system that aggregates DERs, demand response
loads, and BESS, enables coordinated decision-making, and energy trading through
communication, infrastructure, and decision layers (Rouzbahani et al, 2021). VPP
technology keeps evolving to encompass different types of distributed energy resources
that have inherent uncertainty and manage them efficiently as a whole (Lee and Won,
2021).

Figure 3 illustrates the structural framework of a VPP, showing interactions among
distributed energy resources, end users, grid operators, and energy markets.

The EU Fenix project and Sattar and Ghaoud (2024) divide VPPs into two different
categories: CVPP, and TVPP. The technical virtual power plants (TVPPs), provides the
system management, operation, balance and auxiliary service for distribution system
operators (DSO) as well as the transmission system operators (TSO) (Wang et al., 2022).
TVPPs coordinate organically clustered DERs by collecting static and dynamic operational
data, interacting with the DSO for safety regulation, dynamically adjusting controllable
outputs to balance RES fluctuations, and forwarding optimized dispatch results to the
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CVPP for profit allocation and system-level coordination (Aboelhassan et al, 2024).
Overall, while CVPPs emphasize market participation and economic returns, TVPPs
extend the framework by ensuring technical stability, system reliability, and secure
integration of DERs. This research focuses on TVPP and its contribution to network
performance.

Energy Storage Systems

Renewable Energy Sources
Grid Operator

Virtual Power Plant

Aggregation of Demand
Conventional Generation and Supply.
Load and Generation
(fossil fuels etc.,) Forecasting
Resource Dispatch
Market and Pricing )
Signals Energy
Market/Exchange
Electric Vehicles

(V2G Capability)

End Users

® Flexible Loads
e Residential, Commercial, Industrial
consumer/prosumers.

Figure 3. Basic schematic of a VPP; solid iines show the power/energy flow and the
dotted lines denote the control, coordination, feedback flow

Generally, a VPP has four fundamental components that enable smooth power flow
operations, namely: distributed energy resources (DERs), energy storage systems (ESS),
flexible loads, and Information and Communication technologies (ICT) (Bhuiyan et al,,
2021).

Distributed Energy Resource (DERs) is the backbone of VPPs and is a broad term that
includes both dispatchable sources, such as gas turbines, diesel units, and biogas/diesel
units, and non-dispatchable resources, which is predominantly renewable sources whose
output is inherently variable and weather-dependent (Wan Abdullah et al, 2021).
Flexible loads are those which are capable of adjusting their consumption in response to
grid requirements. Therefore, it serves as valuable component of VPPs through demand
side participation to enhance grid support and operational flexibility (Ibrar, 2023).
Finally, information and communication technology (ICT) acts as the nervous system of
VPPs that connects and coordinates its operations for seamless monitoring, control and
communication (Yang et al., 2022).
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Having outlined the fundamentals of a VPP, the following section examine how these
elements interact within a distribution grid facing high DER penetration, with focus on
uncertainties.

2.2. Uncertainties and challenges in high DER-networks

VPPs are an aggregation of various energy sources amongst which renewables is an
integral part. Renewable energy, especially solar PV and wind,is variable in nature due to
its dependency on weather and location. VPPs are employed to manage this variability
through robust scheduling and dispatch strategies (Marcelino et al, 2021). The
consumption pattern of residential, commercial, and industrial users is both diverse and
unpredictable which makes the stochastic nature of load demand more pronounced (Vafa
et al, 2025). Variable Renewable Energy (VREs) due to its nature and forecasting
constraints also contribute to load uncertainty. The fluctuations in demand, due to
Electric Vehicles (EVs) and smart appliance, require VPPs to adapt to changing load
profiles (Lin et al., 2020). The presence of cyber threats and the risk of communication
link failures further contribute to challenges, posing threats to grid security and stability
(Liu et al, 2023). The variability of distributed energy sources also complicates the
communication and coordination within the grid (Zhou et al., 2025). Uncertainties in
DER-rich distribution networks evolve into operational challenges that require
coordinated VPP strategies are mentioned below.

Operating VPPs solely for economic objectives can aggravate technical issues in a
distribution network, leading to voltage limit violations and thermal overloading lines
and transformers. Traditional voltage regulation methods rely on static points which are
inefficient in system high DERs, leading to unwanted reactive power flows and voltage
quality issues (Akbari et al.,, 2024; Padullaparti et al., 2023). These challenges necessitate
new control strategies and planning principles that coordinate to maintain network
compliance (Chihota and Bekker, 2020). The widespread integration of PV systems, EVs,
flexible loads such as heat pumps increase stress on distribution networks, which can lead
to current and voltage limit violations, which contribute to congestion (Shahzad and
Jasinska, 2024). The displacement of traditional synchronous generators by inverter
based DERs affects the system inertia by lowering it, posing frequency stability challenges
(Kabir et al.,, 2024). VPPs must address congestion also provide frequency support,
through coordination with DSO (Naughton et al., 2021). The spatio-temporal erraticism
of RES, such as different behaviors of solar and wind forecast errors, adds complexity to
forecasting. (Nadimi and Goto, 2025) suggests smoothing or accumulating errors based
on spatial correlation to improve the accuracy of forecasts.

The ability to mitigate the aforementioned constraints is closely tied to the temporal
resolution at which they operate and the performance metrics used to evaluate them.
Altogether these time-scale aware strategies and metrics provide a structured basis for
balancing reliability, efficiency, and flexibility in DER-dense distribution networks
(Akbari et al., 2024; Padullaparti et al., 2023). The flexibility of DERs can be harnessed to
mitigate uncertainties, but it requires sophisticated decision-making models that
consider inherent nature of loads and operational constraints of the grid (Riaz and
Mancarella 2021).

2.3. Role of VPPs in voltage regulation and peak demand

Studies have demonstrated that in wunbalanced distribution networks proper
management of VPPs can significantly reduce system unbalance by controlling active and
reactive power from aggregated DERs and adjustable loads, thereby effectively
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maintaining voltage stability (Piltan et al, 2022). Moreover, VPPs are capable of
regulating distribution network voltage by controlling both active and reactive power
from their aggregated resources and adjustable loads, thereby playing an effective role in
maintaining voltage stability (Park and Son, 2020).

VPP ensures that supply matches demand conditions by dynamically coordinating energy
generation and consumption across diverse energy resources (Oshnoei et al., 2022). This
allows excess energy to be stored during low demand and released during peak hours,
which eases grid stress and also enhances voltage stability (Zhong et al., 2022). VPP
balances energy flows and also delivers a range of ancillary services. For instance, rapid
adjustment of DER outputs keeps the grid frequency within acceptable operational
bounds (Liu et al., 2023). These functions show that VPPs not only aggregates DERs- they
play an active and vital role in maintaining power quality and operational security across
modern grids. By aggregating resources such PV systems, BESS and flexible loads, VPPs
enable coordinated control that enhances system flexibility reliability and overall
network performance. This framework allows DERs to operate as unified system capable
of supporting grid operation under varying conditions, thereby improving operational
efficiency (Riaz and Mancarella, 2019).

A key contribution of VPPs lies in voltage regulation, particularly in networks with high
PV penetration. Zecchino et al. (2019) show reactive power support from BESS can be
used to regulate voltage levels by absorbing or injecting reactive power as required.
Nakmura et al. (2021) also suggests Battery Energy Storage Systems (BESS) can
effectively regulate voltage in low-voltage distribution networks with high PV
penetration by mitigating voltage rise and maintaining nodal voltages within safe limits.
Building on these capabilities, control strategies within VPP frameworks further enhance
voltage regulation performance. Rule-based control strategies within VPP frameworks
utilise BESS to perform real-time voltage regulation through coordinated active and
reactive power dispatch, offering a deterministic and low-complexity solution that can
effectively mitigate voltage deviations and enhance power quality in distribution
networks while remaining suitable for practical implementation in embedded energy
management systems (Costa et al.,, 2025). BESS offers dispatchable active and reactive
power control which enables compensation for the intermittency and variability of
renewable sources (Caretta et al.,, 2023).

The traditional approach usually treat peak shaving and voltage control separately.
However, Zhang et al. (2021) show that peak shaving and voltage regulation are
inherently interdependent processes and can reshape load profiles directly influencing
voltage behaviour within distribution networks. In addition to DER dispatch, peak
demand can be reduced through conservation voltage reduction (CVR), where controlled
voltage lowering leads to a proportional reduction in load demand (Padullaparti, 2023).
Effective voltage regulation in high penetration DER distribution networks require
coordinated control of multiple devices, including transformers, energy storage systems,
and distributed generation resources. Rule-based control strategies, implemented
through expert systems, provide a practical and interpretable approach to voltage
regulation by translating operator knowledge into structured control actions (Dandea
and Gheorghe, 2023). Electric vehicles, when integrated within VPPs act as a distributed
and flexible energy storage resource capable of providing grid support through controlled
charging and vehicle-to-grid (V2G) operation, enabling peak load reduction, voltage
regulation, and improved load profile smoothing across distribution networks (Alden et
al.,, 2026).
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However, the implementation of VPPs is not without challenges. The effectiveness of
coordinated control relies on accurate forecasting of generation and demand, which
remains inherently uncertain in systems with high renewable penetration. Artificial
intelligence (AI) based approaches, including machine learning and reinforcement
learning, have been increasingly applied in VPP control to enable adaptive, data-driven
coordination of distributed energy resources; however, their practical deployment is
constrained by high computational complexity, extensive data requirements, and
challenges in real-time implementation (Zare et al, 2025). Overall, the literature
highlights that although VPPs offer significant potential for enhancing grid flexibility and
coordinating DERs, their implementation remains constrained by technical and
operational challenges. These findings emphasise the need for scalable, interpretable, and
computationally efficient control frameworks capable of simultaneously addressing
voltage regulation, peak demand management, and system stability, forming the basis for
the methodology adopted in this research project.

3.  Research methods

The aim of this research is to simulate and analyse a Virtual Power Plant (VPP) in a
representative distribution feeder. A modified IEEE 13-bus distribution feeder is used as
the test system, adapted to reflect Aotearoa New Zealand distribution characteristics
through appropriate load, EV, and PV datasets. This study strategy is shown in Figure 4
and adopts a simulation-based research design to allow controlled and repeatable
evaluation of VPP operation under different scenarios.

~
Step 1: System Modelling
IEEE 13-bus system
DER integration in PowerFactory
T >
~N

Step 2: Supervisory Control
Strategy
Python-based DER control
Iterative analysis and setpoint
update
W

v

Step 3: Simulation Scenario
DER Penetration levels
Seasonal Variations

v

Step 4: Performance Evaluation
Voltage Regulation

Peak Load Reduction
Transformer Loading

v

Figure 4. Strategy of the research project

The coordinated operation of DERs as controllable loads is examined in the study to
provide services such as voltage regulation, and improved renewable integration. A co-
simulation framework links DigSILENT PowerFactory with Python scripting that allows
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supervisory control and iterative analysis. The control framework follows an iterative
run-analyse-update-rerun approach to evaluate the impact of coordinated DER control.

3.1. Network modelling

This section describes the modified IEEE 13-bus feeder as shown in Figure 5 that is
adopted as the baseline model because it is a well-established benchmark for
distribution-level studies, with sufficient complexity to capture unbalanced loads-
combination of single-phase, two-phase, and three-phase loads and short lines, but still is
compliant for co-simulation. This characteristic of the model is preserved in the model to
reflect realistic low-voltage distribution behaviour. The network is used as an analytical
platform to simulate a range of scenarios involving distributed energy resources (DERs),
electric vehicle (EV) loads, and time-varying demand, enabling assessment of the VPP’s
capability in managing voltage regulation and peak load conditions. In the modified
model, DERs including photovoltaic (PV) systems, battery energy storage systems (BESS),
and EV loads are integrated at selected buses (634, 646, and 671) to represent distributed
energy participation within the feeder. The feeder is adapted to represent a realistic
distribution network configuration with mixed residential, commercial, and community
loads. The system is modelled in DIGSILENT PowerFactory, with Python used to
implement a supervisory control framework. This allows an iterative analysis of system
behaviour and coordinated DER control under varying operating conditions.

DIgSILENT
GmbH

BESS, and EV loads

In Table 1 the load categories (A-D) represent different demand profiles used to capture
diversity in residential consumption patterns. These profiles reflect variations in
household behaviour, enabling a more realistic representation of aggregated load across
the distribution feeder.
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Table 1. Distribution of residential households across buses in the modified IEEE
13-bus network

Bus LoadTypeA | LoadTypeB | LoadTypeC | LoadTypeD Total houses
645 15 13 13 9 50

646 15 13 12 10 50

652 3 2 5 0 10

671 20 16 17 12 65

675 21 18 18 13 70

692 18 14 14 14 60

634 10 15 15 20 60
TOTAL 115 103 103 89 365

3.2. DER modelling and data inputs

3.2.1. Load modelling

Residential load demand is modelled using half-hourly time-series profiles obtained from
Green Grid Study (2019) representing typical daily consumption patterns under New
Zealand conditions. The baseline demand profiles are primarily derived from the Green
Grid project datasets. Additionally, Transpower and Electricity Authority load
curves/peak demand curves are further reviewed to validate and compare overall
demand trends, ensuring consistency in peak timing and daily load behaviour.

Four distinct load profiles (A-D) are developed to represent variability in household
demand, including differences in peak magnitude and timing. Rather than assuming a
single baseline profile to represent all households, these profiles are proportionally
distributed and scaled across buses based on the household allocation presented in Table
1. This enables a more realistic representation of spatial demand distribution within the
network. This approach reduces potential bias associated with uniform load assumptions
and aligns with distribution-level modelling practices.

Furthermore, temporal variation is introduced by applying demand shifting to the base
load profile, to account for differences in occupancy patterns and appliance usage that
influence peak demand timing. This allows the model to capture both magnitude and
timing diversity in residential consumption. The resulting load profiles for summer and
winter conditions are illustrated in Figures 6 and 7, respectively, demonstrating variation
in demand behaviour across the different load types. This modelling approach ensures
that aggregated demand curves accurately reflect realistic operating conditions in
modified IEEE 13-bus network.

10
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Winter Load Profiles (A-D)
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Figure 6. Representative winter load profiles for residential demand (A-D)

Summer Load Profiles (A-D)
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Figure 7. Representative summer load profiles for residential demand (A-D)

3.2.2. School and commercial modelling

The load profiles for the school in Figure 8 are derived from typical daily electricity
demand patterns observed in school buildings, based on the study conducted at Remuera
Intermediate School, which analysed temporal variations in energy consumption and
peak demand behavior (Wong & Byrd, 2011). Commercial electricity demand profile as
shown in Figure 9 is informed by Aotearoa New Zealand-specific studies such as the
BRANZ Building Energy End-Use Study (BEES), which provides realistic load patterns and
operational schedules for commercial buildings, including offices and retail spaces, based
on measured energy use data (Cory et al,, 2015).

11
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School Load Profiles
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Figure 8. Representative school load profiles for summer and winter conditions

Commercial Load Profile
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Figure 9. Load curve for small commercial in a distribution network

3.2.3. EV modelling

Electric vehicle (EV) charging demand is strongly influenced by user behaviour,

particularly the timing of charging events. A study conducted by University of Canterbury

in Aotearoa New Zealand shows that many EV users tend to charge their vehicles upon

returning home, typically between 17:00 and 18:00, which coincides with existing

residential peak demand periods. This can significantly increase peak loading on
distribution networks depending on charging strategies and penetration levels (Williams

etal, 2023). A EECA study (2024) on residential EV chargers was also studied to validate

the EV load curve which also shows pronounced evening peak to realistically capture

their impact (see Figure 10).

12
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Electric Vehicle Charging Profile
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Figure 10. EV base load curve which is also then scaled up for different
penetration scenarios

3.2.4. PV modelling

The PV generation time-varying curves were developed using the global irradiance data
obtained from NIWA, with location set at Wellington under four representative scenarios:
summer good day, summer bad day, winter good day, and winter bad day. As reported by
BRANZ (2024), residential PV systems in New Zealand are generally installed with
capacities in the range of 5-6 kW per household. The active power output of PV at each
time step was calculated by scaling the installed PV capacity at the corresponding bus by
the irradiance value and dividing by 1000, as shown in equation (1). This formulation
assumes that 1000 W/m? represents full solar availability, allowing the irradiance profile
to scale the PV output relative to the installed PV system at each bus. Lower PV
penetration levels, such as 30% and 50%, were then obtained by proportionally scaling
the 100% PV curve.

G(t

va(t) = Ppys * % M
To account for the diversity and spatial distribution of solar installations, an aggregated
PV model is used at each bus. Equation (1) ensures that the PV generation scales
proportionally to the total connected PV system size, representing a scenario where solar
penetration is distributed across the residential clusters (Buses 646,634, 675) relative to
their peak demand.

13
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Photovoltaic Generation Profiles (NIWA Wellington Data)
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Figure 11. Normalized PV output (p.u.) for Wellington showing representative
curves showing seasonal and weather-based variability using SolarView
irradiance data.

3.2.5. BESS modelling and assumptions

Presently, there is limited public data available to quantify the adoption of residential
battery energy systems in New Zealand. Transpower (2019) highlights the importance
of BESS in supporting future grid operations. The reports from Electricity Authority
(2023) and EECA (2022) also indicate that the battery deployment is still at an early stage.
Although there is increased discussion on the role of BESS there is a lack of clearly defined
statistics with existing literature generally describing battery uptake as emerging and in
early adoption stage.

Therefore, the battery energy storage system (BESS) capacity is modelled as 0.15 MWh,
which represents an aggregated resource across multiple households. This reflects partial
adoption of residential battery systems rather than full penetration for the purpose of
evaluating VPP performance under increased storage participation.

3.3. Simulation framework

The simulation framework developed in this study integrates DIgSILENT PowerFactory
with Python-based control to evaluate the performance of a Virtual Power Plant (VPP)
under varying distributed energy resource (DER) conditions. A quasi-dynamic simulation
(QDS) approach was used to capture the time-varying behaviour of loads, photovoltaic
(PV) generation, and electric vehicle (EV) charging over a 24-hour period with a 30-
minute resolution. The overall workflow follows a supervisory run-analyse-update-
rerun approach, as illustrated in Figure 12.

Input Data PowerFactory QDS ) VPP Control ) Re-run QDS Compare Results
(Load, PV, EV) (Uncontrolled) Bgger Bl oAl (BESS, EV, PV) kit S (Controlled) M (Voltage, Loading)

Figure 12. Simulation of the PowerFactory-Python workflow

Time-varying profiles for load, EV charging, and PV generation were implemented in
DIgSILENT PowerFactory using time characteristic curves. These profiles were developed
externally in Python/Excel based on representative datasets, including residential (A-D),
commercial, school, EV, and PV profiles. The half-hourly values were imported into
PowerFactory and assigned to the corresponding elements (loads, PV systems, and EV
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loads), enabling realistic temporal behaviour within the quasi-dynamic simulation
framework.

Within each study case, a set of operating scenarios was developed to evaluate the impact
of different levels of DER penetration. These scenarios are defined based on varying EV
and PV penetration levels, ranging from low to high adoption. The combination of study
cases and operating scenarios enables systematic analysis of network behaviour under

increasing DER integration and varying generation conditions.

Table 2. Summary of operating scenarios

Scenario EV Penetration PV Penetration Notes
1 10% 10% Present-day low DER (baseline)
2 10% 30% Low EV, medium PV
3 10% 50% Iggnwdﬁi\é;];ugh PV (overvoltage
4 30% 5% Medium EV, low PV
5 30% 50% Medium EV, high PV
6 50% 5% High EV, low PV (loading stress)
7 50% 30% High EV, medium PV
8 50% 50% High EV, high PV (high DER case)
9 10% 10% Low EV, low-moderate PV
10 100% 100% Extreme DER stress-test scenario

Table 2 encapsulates the operating scenarios considered in this research. The scenarios
range from present-day low DER conditions to high penetration cases, including
intermediate combinations to capture low, medium, and high adoption levels of EVs and
PV systems. Although multiple scenarios were simulated to capture a wide range of
operating conditions, the results discuss the most representative and critical cases. These
include scenarios that demonstrate significant voltage deviations and clearly illustrate
the impact of increasing DER penetration, as well as the effectiveness of the proposed VPP
control strategy. Particularly, scenarios with high PV penetration analyse potential
overvoltage conditions, while higher EV penetration levels provide insight into demand-
side impacts and load variability. Together, these scenarios form the basis for evaluating
the effectiveness of coordinated VPP control strategy.

The Battery Energy Storage Systems (BESS) were included within the simulation
framework as locally controlled resources rather than predefined time-varying profiles.
Unlike load, EV, and PV models, which were implemented using time characteristic
curves, the operation of BESS in the uncontrolled case, was a built-in QDSL-based BESS
model available in DIgSILENT PowerFactory was used to represent baseline battery
behaviour. Alternatively, for the controlled case, BESS active and reactive power outputs
were generated externally from Python-based VPP controller based on network
conditions identified from the simulation results. These outputs were then converted into
time-dependent setpoint curves and applied in PowerFactory for subsequent simulation
runs.

3.4. VPP Control Strategy

The operational behavior of the VPP control strategy is governed by a supervisory, rule-
based framework built on the results of quasi-dynamic simulations in DIgSILENT
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PowerFactory. Rather than acting within each simulation time step, the controller
evaluates system-wide voltage conditions after an initial simulation run and determines
coordinated control actions for distributed energy resources (DERs), which are then
applied in subsequent simulation to observe the effect.

The control process begins by extracting bus voltage profiles over the 24-hour simulation
horizon- 48 setpoints. For each time step, the controller identifies the bus with the highest
voltage magnitude, representing the most critical overvoltage condition in the network.
Control actions are first applied at this location to ensure that the most severe violations
are addressed before considering the remaining buses. The controller then sequentially
evaluates other buses and applies additional control actions where required, based on
their local voltage conditions. A hierarchical control structure is adopted to utilise
available DER flexibility efficiently. Battery Energy Systems are prioritised as the primary
control resource due to their ability to absorb excess generation i.e., provide both active
and reactive power support. During periods of high voltage, the BESS operates in charging
mode to reduce net power injection at the corresponding bus. The battery state of charge
(SOQC) is updated at each time step according to equation 2.

(Pgess(t) x At)

SOC(t+ 1) = SOC(t) +
Erated

(2)

Where, Pgess(t) represents the battery power (charging is indicated with -ve sign), At is
the simulation time step (0.5 hours), and Eraced is the battery energy capacity.

The active power of the BESS is controlled based on local voltage conditions using a rule-
based formulation mentioned in equation 3.

_Pmax: V(t) > Vupper
0, otherwise

Pggss(t) = { (3)

Where, V(t) is the bus voltage and V.pper is the upper voltage threshold.

If the available BESS capacity is insufficient to improve/mitigate the voltage level, the
controller utilises demand-side flexibility through EV charging by increasing local
consumption during high-voltage periods. As a final measure, photovoltaic (PV)
curtailment is applied when necessary due to its intermittent nature, expressed as
equation 4.

PPV,controlled (t) = O((t) X PPV (t) (4)
Where, a(t) is a time-dependent curtailment factor bounded between 0 and 1.

The operation of the BESS is constrained by both power and energy limits to ensure
realistic behaviour within the simulation. Equation 5, 6 and 7 show the constraints that
ensure the battery operates within its physical limits while responding to voltage
conditions identified by the control strategy.

_Pmin < PBESS (t) < Pmax (5)
_Qmin < QBESS (t) < Qmax (6)
—SOCpin < SOC(t) < SOCpmay (7)
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The control actions determined for BESS, EV, and PV are translated into time-dependent
active and reactive power setpoints and implemented in PowerFactory as updated time
characteristic curves. The simulation is then re-executed to evaluate the impact of
coordinated control on network voltage performance.

It is noted that the control strategy is implemented as a supervisory iterative approach
rather than real-time closed-loop control. This is mainly due to limitations in directly
integrating step-by-step Python control within the quasi-dynamic simulation
environment in DIgSILENT PowerFactory. As a result, control actions are applied through
an external run-analyse-update-rerun process. While this approach does not represent
fully real-time operation, it provides a scalable, practical and computationally efficient
framework for evaluating coordinated DER control and its impact on efficient network
performance.

4.  Results and discussion

This section presents the results of quasi-dynamic simulations for both uncontrolled and
controlled scenarios, representing system operation before and after implementing the
VPP control strategy. The results are used to evaluate the impact of DER penetration and
the effectiveness of the proposed Virtual Power Plant (VPP) control strategy. The analysis
is structured in a systematic manner. The base case in Figure 13 represents the bus
voltages for the load-only scenario, and Figure 14 shows the effect of introducing PV and
BESS. This is followed by additional scenarios with increasing PV generation and EV
adoption levels, and finally the implementation of coordinated VPP control. This
structured approach demonstrates how the proposed control strategy enhances
performance in terms of voltage regulation and transformer loading.

To maintain clarity and avoid redundancy, only representative scenarios are presented
in this section. While multiple combinations of PV and EV penetration under different
seasonal and solar generation profiles were simulated, the results exhibited consistent
trends across cases. Therefore, selected scenarios are used to highlight key system
behaviours, including a high PV-high EV scenario and a low PV-high EV scenario in
winter, representing a more critical, grid-stressed condition.

1.005

1
2026-02-18 2026-02-18 2026-02-18 2026-02-18 2026-02-18 02-1 02-18 02-1
00:00:00 03:00:00 06:00:00 09:00:00 12:00:00 15:00:00 18:00:00 21:00:00

634: Positive-Sequence Voltage, Magnitude

646: Positive-Sequence Voltage, Magnitude

675: Positive-Sequence Voltage, Magnitude

Figure 13. Voltage profiles of selected buses (634, 646, and 675) under the base
case load-only scenario with minimal distributed energy resource (DER)
penetration
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Figure 14. Comparison of bus voltage profiles under load-only (solid) and

PV+BESS (dashed) conditions

The voltage profile across the selected buses is observed to remain relatively high, within
the range of 1.025 - 1.045 p.u. This is due to the default voltage regulator settings in the
IEEE 13-node feeder. The default regulator settings have not been changed, as they
ensure that the voltage at the end of the feeder remain within acceptable limits under
varying conditions. Additionally, the use of line drop compensation results in the
regulator maintaining a higher upstream voltage to compensate for expected voltage
drops along the feeder. This characteristic baseline behaviour is therefore considered
when interpreting the impact of DER integration and the effectiveness of the proposed
VPP control strategy.

However, despite the influence of the voltage regulator on the absolute voltage levels, the
relative trends in the voltage profile remain clearly interpretable, allowing meaningful
comparison between different scenarios as discussed in this section.

4.1. Scenario 1: High EV, high PV
In the uncontrolled case, voltage levels show larger fluctuations and approach operational
limits during both peak demand and high generation periods, as observed in Figures 15.

Figures 15 to 18 depict the system behaviour observed under uncontrolled operation for
both good and bad PV conditions in summer. The bus voltages show influence of PV
generation on voltage levels, with higher midday voltages observed under stronger solar
irradiance. The transformer loadings and active power flow further highlight this impact,
where consistent high solar irradiance reduces midday loading but leads to reverse
power flow. Furthermore, reduced PV availability results in higher reliance on the grid,
which leads to lower midday loading relief and a more pronounced evening peak. These
graphs collectively demonstrate the direct influence of PV variability on voltage profiles,
and power flow within the network.
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Figure 15. Uncontrolled bus voltage profiles at buses 634, 646, and 675 under
summer good PV conditions
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Figure 16. Uncontrolled bus voltage profiles at buses 634, 646, and 675 under
summer bad PV conditions
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Figure 17. Transformer loading profile under uncontrolled operation for summer
good and summer poor solar conditions
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Figure 18. Reverse power flow observed in summer good PV conditions

4.1.1. VPP- controlled operation

The uncontrolled scenario exhibit periods of reverse power flow during high PV
generation, contributing to increased transformer loading and voltage rise, as shown in
Figures 17 and 18. Under VPP control, this effect is mitigated through coordinated BESS
charging and demand-side flexibility. By absorbing excess generation locally, the VPP
reduces both the magnitude and duration of reverse power flow, during midday in this
case, where loading peaks are effectively flattened.

The VPP-controlled results maintain voltages closer to nominal values (around 1.02-1.03
p.u.), with reduced voltage deviations and improved stability. Another important
observation, as illustrated in Figure 19, is the unequal impact of the VPP controller across
the buses, which is consistent with the characteristics of the IEEE 13-bus feeder, where
voltage sensitivity depends on bus location, line impedance, and local loading conditions.

In this scenario, the uncontrolled case exhibits peak loading close to 88-90% (Figure 17),
while the controlled case reduces this significantly (Figure 20), achieving an approximate
20% reduction. In addition to peak reduction, the controlled loading profile is visibly
smoother, indicating improved load distribution and enhanced network stability. The
uncontrolled case exhibits higher loading levels, particularly during peak demand
periods, reaching value 90.73%. With the implementation of the VPP control strategy, the
loading is significantly reduced, demonstrating effective peak shaving and improved
utilisation of network capacity.
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Figure 19. Selected bus voltage profiles under VPP control demonstrating reduced
voltage variations and improved stability (summer good day)
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Figure 20. Comparison of transformer loading under uncontrolled and controlled
conditions
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Figure 21. Active power flow through transformer XFM -1 under both controlled
and uncontrolled condition
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The observed improvements are due to the rule-based control logic implemented in the
VPP controller. The strategy prioritises reactive power support and BESS charging under
elevated voltage conditions, while PV curtailment is only applied as a last-resort action
when voltage exceeds 1.035 p.u. Similarly, BESS discharge is prioritised during evening
peak periods when transformer loading exceeds 85%, with EV demand reduction applied
only as a secondary measure. These thresholds ensure that flexibility resources are used
before curtailing renewable generation or reducing demand. The resultant effect
demonstrates that coordinated control through a Virtual Power Plant (VPP) framework
significantly improves the operational performance of distribution networks with high
distributed energy resource (DER) penetration

4.2. Scenario 2: High EV, low PV

p.u.
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Figure 22. Uncontrolled bus voltage profiles at buses 634, 646, and 675 under
winter low-PV conditions
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Figure 23. Uncontrolled transformer loading percentage for a winter day with low
PV generation
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4.2.1. VPP-controlled operation
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Figure 24. Under VPP-controlled operation, the voltage profile across the selected

buses show improved regulation, with reduced voltage dips compared to the
uncontrolled case

As seen in Figure 22, in the winter low PV scenario, the uncontrolled voltage drops to
approximately 0.995 p.u., whereas under VPP control the minimum voltage remains
higher, indicating improved voltage regulation as seen in Figure 24.

A key outcome of the VPP control strategy is the reduction in transformer loading,
particularly during peak periods. In the winter high EV and low PV scenario, the
uncontrolled transformer loading reaches approximately 88-90%, as shown in Figure 23,
whereas the controlled case reduces this to around 80%, as illustrated in Figure 25,
corresponding to an absolute reduction of approximately 8-10%.

1 R A A B e A e e R e e EBE B e B EFME B R B, = Uncontrolled -

=== VPP Controlled
P 100% loading
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Figure 25. The comparison of transformer loading indicates that the VPP-
controlled case reduces peak loading compared to the uncontrolled scenario,
particularly during the evening demand period
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The role of BESS is significantly enhanced under VPP coordination. In the uncontrolled
case, BESS operation is largely passive and dependent on local conditions, resulting in
minimal charging during periods of low PV availability and limited contribution during
peak demand. In contrast, the VPP-controlled case demonstrates active and strategic
operation, where the BESS charges also during periods of elevated voltage and not only
excess PV generation and discharges during peak demand periods. This coordinated
behaviour enables effective energy shifting across time and improves the utilisation of
storage capacity. The VPP enables implicit energy transfer across the network by
coordinating DER operation, allowing surplus generation at one node to be absorbed by
flexible resources at another.

An important observation is that coordinated control reduces the need for PV
curtailment. In local or uncoordinated control, PV systems respond to local bus voltage
only, often resulting in premature and excessive curtailment. In contrast, the VPP strategy
delays curtailment by first utilising available flexibility such as BESS charging and EV load
adjustment throughout the network. As illustrated in Figure 26, the centralised VPP
approach reduces curtailment compared to local control, particularly during later time
steps, allowing greater utilisation of available solar generation. While peak curtailment
values may appear similar in some instances, the overall duration and magnitude of
curtailment are reduced, indicating more efficient use of renewable energy.

= = Local control curtailment

= Centralised VPP curtailment
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Figure 26. PV curtailment comparison at Bus 675 under local and centralised VPP
control, showing reduced curtailment during peak generation periods with
centralized coordinated operation

Additionally, EV load control is applied selectively based on system conditions rather than
uniformly. In comparison with the summer scenario, the winter case (low PV) is more
strongly influenced by evening demand peaks due to reduced generation from PV panels;
this increases the reliance on coordinated BESS discharge and EV load management. By
reducing EV charging only when transformer loading exceeds defined thresholds, the
strategy avoids unnecessary demand reduction during periods such as midday, where
high loading may be driven by reverse power flow rather than actual demand stress. This
ensures that EV flexibility is utilised efficiently without compromising user demand
unnecessarily.
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5. Conclusion

The simulations confirm that the proposed rule-based supervisory VPP control strategy
successfully meets the research objective of enhancing distribution network performance
under high DER penetration. By enabling coordinated operation of PV, BESS, and EV loads,
the VPP framework effectively improves voltage regulation, reduces transformer loading,
and mitigates reverse power flow while ensuring optimum utilisation of available
renewable energy. The findings demonstrate that even a rule-based control approach can
deliver meaningful operational benefits, particularly through strategic BESS utilisation
and system-wide coordination. While these results highlight the effectiveness of the
proposed approach, certain assumptions have been made. Forecast uncertainty for PV
and EV behaviour is not explicitly modelled, and communication delays or data latency in
real-world VPP deployment are also not considered. In addition, BESS models are
simplified with fixed efficiency and power limits, and economic factors such as market
signals and operating costs are outside the scope of this work.

Overall, this study shows that VPP-based control provides a practical and effective
solution for managing future distribution networks with increasing levels of renewable
integration, supporting both network reliability and efficient energy use. Building on the
rule-based framework developed in this work, future research could explore more
advanced control approaches, such as the reinforcement learning (RL)-based framework
proposed in the recommendations, to enable adaptive and data-driven decision-making
under uncertain and dynamic operating conditions.

5.1. Recommendations

As highlighted in several studies (Zare et al., 2026) the implementation of Artificial
Intelligence for VPP control requires large volumes of data and significant computational
resources for training and convergence. These requirements, along with integration
complexity within the PowerFactory-Python environment, limit its practical
implementation within the scope of this study. While the proposed rule-based VPP
control strategy provides a structured and transparent approach for coordinating DERs,
its reliance on predefined thresholds and sequential decision logic limits its ability to
adapt dynamically to highly variable and uncertain operating conditions.

As a potential enhancement, future work could explore the integration of reinforcement
learning (RL) for adaptive VPP control. A framework is recommended, that makes use of
a suitable simulation environment, while the RL agent observes system states and
determines optimal control actions through continuous interaction. The state space
include key network variables such as bus voltages, load demand, photovoltaic (PV)
generation, battery state of charge (SOC), and line loading levels. Based on the observed
state, the RL agent selects control actions, including battery charge/discharge decisions,
flexible load shifting of EV demand, and PV curtailment. A reward function is defined to
guide the learning process, where improved DER utilisation is encouraged, and penalties
are applied for voltage deviations, thermal overloads, and constraint violations.

Over repeated an interaction with the simulation environment, the agent updates its
control policy to maximise cumulative reward, enabling more adaptive and coordinated
DER operation compared to fixed rule-based strategies.

Figure 27 illustrates the interaction between the PowerFactory simulation environment

and the RL agent. The agent observes system states, takes control actions, receives
feedback through the reward signal, and updates its policy iteratively. This closed-loop

25



WELLINGTON

TE HERENGA WAKA
https://www.wgtn.ac.nz/sustainable-energy-systems

VICTORIA UNIVERSITY OF - Archives of Sustainable Energy Systems

learning process enables the controller to adapt to changing system conditions and
improve decision-making over time. Compared to the rule-based approach, RL has the
potential to provide more flexible, scalable, and optimal control strategies, particularly in
distribution networks with high penetration of distributed energy resources.

State (Observations) Actions Rewards
> DER utilisation
Voltage T Charge/discharge J voltage deviation
% Load demand battery J overloads
# PV power "' Flexible load shift J constraint violations
Battery SoC & Curtail/dispatch
T* Line loading

Figure 27. Conceptual reinforcement learning (RL) framework for VPP control
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