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ABSTRACT The rapid development of distributed generators (DGs) has increased the complexity of
distribution system (DS), creating a need for advanced solutions to maintain operational constraints. This
paper introduces a novel distributed decision-making algorithm that models DS operators and DGs as distinct
entities, addressing the growing complexity of DSs while accounting for realistic operational constraints. The
proposed approach utilizes the reactive power support of DGs to minimize energy curtailment through an
adaptive piecewise Voltage/Reactive Power (Volt/VAr) control strategy. The proposed algorithm is tested
on both the IEEE 33-bus test system and a real-world distribution network, which includes an existing
battery-based energy storage system (BESS) and is extended with an electrolyzer to capture additional
operational flexibility. This is achieved using Mixed-Integer Nonlinear Programming (MINLP) modeling,
which identifies dynamic operating regions for smart inverters and ensures compliance with network
requirements. This study contributes to the existing knowledge by addressing network complexity via
modeling the DS operator and DGs as distinct entities, considering real-world limitations and privacy
concerns, while also providing an adaptive Volt/VAr control strategy to enhance network performance and
DG integration. The effectiveness of the proposed algorithm is demonstrated by a significant reduction in
active power curtailment compared to default voltage settings.

INDEX TERMS Distributed optimization, inverter-based resources, multi-agent systems, Volt/VAr control.

NOMENCLATURE E  Set of electrolyzers.
The sets, parameters, and variables are stated below. vV Setof tube trailers. ) . )
Z  Set of DG-side local copies of coupling variables.
SETS Q;  Set of buses connected to bus i associated with line /.
Z  Setof all buses in the distribution network.
IC  Set of iteration numbers.
N Set of all sub-problems or agent PARAMETERS, .
ctol all sub-problems or agents. o Coefficient for penalty parameter update.
Z ge: Oif? DlGi b i Efficiency of the inverter of the PV system at
et of slack buses. .
bus i.
T Setof time periods. nele Power-to-kilogram ratio of electrolyzer at bus
x  Set of DSO-side local copies of coupling variables. ! i [ke/MW]
B Setof BESS. CE Charging efficiency of BESS at bus i.
DE Discharging efficiency of BESS at bus i.
The associate editor coordinating the review of this manuscript and € h—essins SITlE'IH coefficient. ) )
approving it for publication was Xiaodong Liang . i Initial hydrogen level in the HSU at bus 7.
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Minimum allowable hydrogen in the HSU at
bus i.

Hydrogen level of tube trailer v upon arrival.

Desired hydrogen level of tube trailer v.
Large coefficient.
Active power demand of bus i in period ¢ [pu].

Maximum active power generation from the
slack bus [MW]/[pu].

Reactive power demand of bus i in period ¢
[pu].

Maximum reactive power generation from the
slack bus [MW]/[pu].

Maximum allowable reactive power injection
limit.

Minimum allowable reactive power injection
limit.

Resistance of branch (i, j) [pu].

Maximum state-of-energy for the BESS at
bus i.

Minimum state-of-energy for the BESS at
bus i.

Initial time of the simulation period.

Arrival time of tube trailer v at bus i.

Departure time of tube trailer v from bus i.
Penalty parameter.
Nominal voltage.

Hydrogen produced at bus i and time 7.

Hydrogen stored in the HSU at bus i and time #
(kg].

Hydrogen transmitted from HSU to tube trailer
v at time ¢.

Active power used for charging the BESS at bus
i and time ¢ [pu].

Active power used for discharging the BESS at
bus i and time ¢ [pu].

Active power decision of DS operator at itera-
tion k.

Active power decision of DG i at iteration k and
time 7.

Active power consumed by the electrolyzer at
bus i and time 7.

Flexible demand connected at bus i and time .

Active power transferred from the grid to the
electrolyzer at bus i and time ¢.

Curtailed active power of the PV at bus i and
time ¢ [pu].

Active power supplied from PV to the elec-
trolyzer at bus i and time 7.

Active power loss along the line between bus i
and j at time ¢ [pu].

Pf ; Total active power transferred from the substation
bus i in period 7 [pu].

Plf’ it Active power flow of branch (i, j) in period ¢ [pu].

Pfl[“d‘ Active power supplied from the slack bus at time 7.

Q’; it Reactive power flow of branch (i, ) in period ¢
(pul.

Qf‘;‘i Reactive power losses of branch (i, j) in period ¢
[pul.

Qf' ; Total reactive power transferred from the substa-
tion bus i in period ¢ [pu].

Qf)ks . DS operator reactive power decision at iteration k.

Qf)kG , DG reactive power decision at iteration k.

Vit Voltage of bus i in period ¢ [pu].

vi—a;  Volt/VAr control setpoint voltages in period ¢ [pu].

uy,_,: Binary variables for the setpoint area selection in
period .

ufﬁ“’ Binary variable; 1 if the BESS at bus i is charging

at time ¢, otherwise 0.

Binary variable; 1 if electrolyzer demand at bus i is

met via PV-to-grid route, otherwise from the grid.

)fy kot Dual variable for the active power of DG bus i in
period ¢ at iteration k.

elc
it

AZ kot Dual variable for the reactive power of DG bus i in
period ¢ at iteration k.
Ok Penalty coefficient for the local equality boundary

conditions.

I. INTRODUCTION
A. MOTIVATION
The growing urgency to address greenhouse gas emissions,
in alignment with commitments under the Paris Agreement,
has positioned distributed generators (DGs) as a pivotal
solution for decarbonizing the power sector. However,
the intermittent nature, location-specific challenges, and
unpredictability of DGs introduce significant operational
concerns. These include breaches of operational thresholds,
voltage fluctuations, and power quality issues within distribu-
tion systems (DSs). Effectively addressing these challenges
requires the development and deployment of advanced
control techniques to mitigate their negative impacts.
Among the promising solutions, the reactive power support
of inverter-based resources such as DGs stand out as an
effective mechanism to alleviate these issues. Industrial
projects have demonstrated the potential of reactive power
support to enhance network performance [1], [2] For instance,
one project [1] explored the use of reactive power from
inverter-based technologies, including photovoltaics (PVs),
to align with the UK’s ambitious net-zero targets. Similarly,
the Power Potential Project [3] leveraged DG reactive power
to manage voltage and thermal constraints, thus reducing the
need for costly network reinforcements. Another study [2]
demonstrated the ability of reactive power support to enhance
network stability and reliability within a short project
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span. These examples underscore how reactive power not
only mitigates operational challenges, such as voltage limit
violations, but also offers cost savings for customers by
reducing infrastructure reinforcement requirements [4].

Smart inverters enable the deployment of various reactive
power control techniques, which can operate based on
voltage, active power, or a constant reactive power mode [5].
Among these techniques, Voltage/Reactive Power (Volt/VAr)
control stands out as an effective approach to address voltage
limit violations by dispatching reactive power based on
the measured voltage levels. However, despite its advan-
tages, reactive power support must be carefully managed
to prevent unintended consequences, such as increased
power losses within the network [6]. This underscores the
importance of developing efficient control techniques to
optimize reactive power utilization. In addition to advanced
control techniques, the integration of flexibility sources plays
a key role in addressing the challenges associated with
high DG penetration. Energy storage systems, deployed
by both DS operators and end users, provide short-term
operational flexibility, while hydrogen emerges as a promis-
ing long-duration energy carrier with storage capability.
In this context, the integration of additional flexibility
sources, such as hydrogen as an emerging energy carrier
and battery-based energy storage systems (BESSs), provides
new opportunities to enhance network operation. These
technologies complement reactive power control by offering
both short- and long-term flexibility, enabling more efficient
energy management and supporting the accommodation of
high renewable penetration. Motivated by these challenges
and opportunities, numerous studies have proposed advanced
control algorithms that utilize the reactive power capabilities
of DGs through Volt/VAr strategies, aiming to minimize
operational constraint violations in DSs.

B. LITERATURE REVIEW

Reactive power control techniques can be divided into three
main categories based on their communication structure as
centralized, distributed, and local approaches. Centralized
control systems consolidate decision-making into a single
central structure, utilizing global information to optimize
performance of the entire system. Distributed control systems
strike a balance by dividing the primary problem into smaller
sub-problems, each handled by a subset of controllers. These
controllers make decisions based on local information while
collaborating with one another to achieve overarching system
objectives.

Majority of the current literature focuses on centralized
approaches for reactive power control of inverter-based
resources and optimal power allocation across the entire
network. For example, [7] proposes a mixed-integer linear
programming model to achieve proportional reactive power
sharing among DGs while minimizing line losses in a
droop-based micro-grid. Similarly, [8] presents a convex
second-order cone programming-based AC optimal power
flow (OPF) model for three-phase unbalanced DSs. This
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model incorporates smart inverters and Volt/VAr controllers,
characterizing the reactive power-voltage behaviour of smart
inverters and co-optimizing the Q-V characteristics of
Volt/VAr control to ensure system stability through dynamic
analyses. Despite their advantages, centralized approaches in
DSs, where a single controller, typically the DS operator,
oversees the entire system, including DG control, face signif-
icant limitations. These include vulnerability to incomplete
or inaccurate information at any point in the network and
the impracticality of direct DS operator control over DGs
beyond their network connection. These challenges underline
the need for alternative and more decentralized, mainly
distributed strategies, to provide global solution.

Such distributed approaches decompose the main prob-
lem into smaller sub-problems, each solved independently.
To achieve a global optimal solution, only limited informa-
tion is exchanged between subsets of these sub-problems.
Additionally, distributed optimization enhances robustness
by ensuring the system can tolerate the failure of indi-
vidual agents. It also preserves privacy by minimizing the
need for extensive information sharing across the entire
network. Studies such as [9] and [10] provide compre-
hensive reviews of distributed optimization methods in
power systems, highlighting their benefits and various use
cases in the literature. These advantages have driven a
growing research focus on distributed approaches in reactive
power control in power systems rich in inverter-based
resources.

Numerous studies in the literature propose distributed
optimization methods for reactive power control, consid-
ering the minimum and maximum reactive power support
capabilities of inverter-based resources. For instance, [11]
decomposes the distribution system into multiple areas to
minimize network losses, while [12] integrates column-and-
constraint generation with Alternating Direction Method of
Multipliers (ADMM) to handle the non-convex Volt/VAr
problem and improve convergence. Similarly, [13] models
each node as an independent agent in low-voltage systems
to reduce grid power exchange, and [14] introduces a
robust online Volt/VAr control formulation with a regularized
Lagrangian to enhance convergence stability. In addition,
[15] incorporates long short-term memory to accelerate
ADMM by regressing primal and dual variables, while [16]
proposes an accelerated ADMM framework targeting loss
and voltage deviation minimization. The approach in [17]
employs a consensus-based secondary controller for wind
turbines; however, coordination is limited to wind plants
and does not extend to the broader distribution system.
These studies demonstrate efficient distributed optimization
solutions for reactive power control, leveraging the reactive
power capabilities of DGs to address challenges in power
systems. However, they only consider the minimum and
maximum limits for reactive power control mechanisms. This
limitation can lead to excessive reactive power penetration,
which may cause significant issues, such as increased power
losses and the need for costly network reinforcements.
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In addition to the proposed advanced techniques, standards
have been introduced to ensure the interoperability of
inverter-based resources. Among them, the IEEE standard
1547 plays a pivotal role in providing a framework for
piecewise Volt/VAr control that considers the reactive
power capacity of inverters. It has been widely adopted in
several countries, including the USA [18], Thailand, and
Vietnam [19]. The standard specifies voltage set points for
Volt/VAr control and defines adjustable ranges for these
settings, allowing for flexibility in implementation. In [20],
an incremental Volt/VAr control approach is applied to low-
voltage DSs, adopting the recommended voltage settings.
However, when voltage violations occur, the reactive power
of each DG is adjusted based on their sensitivity factors rather
than following the incremental Volt/VAr control mechanism.
The optimization of Volt/VAr control settings and its effect in
DS are explored in [21] and [22]. In [21], a genetic algorithm
is proposed to minimize voltage deviation, power loss, and
peak reactive power. The settings for the Volt/VAr rule
are adjusted seasonally for summer and winter. The results
indicate that while only adjusting the dead band minimizes
power loss, modifying both the voltage set points and reactive
power yields the smallest voltage deviation. In [22], the
effects of piecewise Volt/VAr settings are tested on a real
DS, the Maui Smart Grid in Hawaii. By varying the voltage
settings, the inductive and capacitive behaviour of Volt/VAr
control is observed. The findings demonstrate that employing
Volt/VAr control effectively mitigates voltage violations.
Moreover, the voltage settings significantly influence the
reactive power absorbed or injected by inverters and the DS
transformer.

There are some studies considering other flexibility tech-
nologies along with Volt/VAr control, where allocation of the
demand and operation of BESS of prosumers are considered
in addition to the Volt/VAr control of PVs [23]. A reactive
power allocation algorithm is developed for distribution
networks incorporating electrolyzer connections and BESS
in [24]. Reference [25] proposes a decentralized framework
that partitions the distribution network into multiple sections,
enabling the integration of hydrogen-based energy storage
systems for effective voltage regulation. In [26],the reactive
power capability of electric vehicles is utilized for voltage
regulation within a centralized framework; however, the
approach does not account for the reactive power contribution
of PV systems.

Given the critical importance of voltage settings for
reactive power control, more advanced methodologies have
emerged in the recent literature. For instance, [27] and [28]
propose deep learning-based approaches for Volt/VAr con-
trol, showcasing the potential for enhanced performance in
managing reactive power in modern DSs. Reference [29]
proposes a data-driven approach for Volt/VAr control in
PV-integrated distribution networks. The network is parti-
tioned into multiple zones, with a dedicated zone controller
assigned to each zone to coordinate the operation of multiple
PV units. A multi-agent reinforcement learning framework is
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proposed for distributed Volt/VAr control, where a centralized
training phase is employed prior to the deployment of
decentralized control strategies [30].

C. CONTRIBUTION AND ORGANIZATION

The literature clearly highlights the critical role of reactive
power support from DGs in addressing significant challenges
in DSs, such as voltage violations and power losses. This
study proposes a distributed optimization-based decision-
making algorithm that dynamically designs piecewise Volt/
VAr control rules while considering the complexity and
realistic limitations of the modern DSs. Recognizing the limi-
tation that DSOs have no direct control over DGs beyond their
connectivity, the network is decomposed into sub-problems,
represented by distinct agents—namely, the DG owners and
the DS operator—each with its own objective functions. Each
sub-problem is solved independently while accounting for
interdependencies through dual variables. The distributed
solution is achieved using the ADMM, ensuring a coordinated
approach that respects the individual objectives of the agents
and addresses the interconnected nature of the DS.

The contributions of this study can be summarized as

follows:

o A distributed decision-making algorithm is proposed in
which the DS operator and DG owners are distinctly
modeled with their own objectives while effectively
addressing the boundaries and interactions between
these entities. While a limited number of studies
have explored similar distributed frameworks, existing
approaches do not explicitly model the DSO and DGs
as independent stakeholders with distinct objectives
under practical operational constraints. This distinction
is crucial for incorporating real-world limitations, such
as the lack of direct control by the DS operator over DG
operations and the increasing complexity of DSs as the
number of DG connections continues to grow.

o An adaptive piecewise Volt/VAr control strategy is
proposed for the reactive power support of DGs,
where voltage set points are dynamically dispatched
within a holistic framework to effectively address
breaches of operational constraints in the DS Unlike
conventional approaches, the Volt/VAr parameters are
determined in a distributed manner, enabling scalable
and privacy-preserving coordination among network
agents.

o The reactive power support of DGs is executed with
a new curtailment minimization oriented approach
where their Volt/VAr settings are dispatched to achieve
this objective, thereby enhancing their penetration into
the DS.

+ To demonstrate the robustness of the proposed algo-
rithm, it was tested on a real distribution network. Also,
this distribution network was further extended with
electrolyzer connection to reflect the future distribution
network network behaviour by considering a new energy
carrier, hydrogen.
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The reminder of the study is organized as follows:
Section II provides the mathematical background of the
framework. Section III outlines the anticipated outcomes
of the proposed management strategy. Finally, Section IV
presents the concluding remarks and offers suggestions for
future research.

Il. PROPOSED CONTROL STRATEGY

A. ADAPTIVE PIECEWISE VOLT/VAr CONTROL STRATEGY
Volt/VAr control plays a critical role in mitigating voltage
limit violations caused by the high penetration of DGs
and in reducing the energy curtailment of these generators.
Piecewise Volt/VAr control, as illustrated in Fig. 1, estab-
lishes the relationship between reactive power and voltage
at the point of connection, ensuring that voltage levels
remain within operational limits. Voltage settings are crucial
for efficient reactive power control, and the IEEE standard
1547 defines voltage setting ranges that consider the interop-
erability of DGs with the grid. Reactive power dispatch can
be achieved by tuning five parameters: vi, vz, v3, v4, and vyr.
Among these parameters, v| and v4 represent the minimum
and maximum operating voltage limits, respectively. The
parameter v,y defines the optimal voltage level, while v, and
vz allow for extended operation to support grid stability. The
IEEE standard 1547 also provides default voltage settings
where reference voltage is set equal to nominal voltage and
voltage settings are defined as v; = v—0.08 ¥, v, = $—0.02 ¥,
v3=740.029,v4 = v+ 0.08 V.

The proposed adaptive Volt/VAr control dynamically
fine-tunes these parameters and the control rules for Volt/VAr
control are provided in Egs. (1)-(7). Voltage settings are
adaptable within the ranges outlined in Eqs. (1)-(5) with
nominal and reference voltages denoted as v, and ¥,
respectively. The inverter switches to injection mode when
voltage drops below v, while it transitions to absorption
mode when voltage exceeds v3. The upper and lower limits
for reactive power injection are defined in Eq. (6) and Eq. (7),
where § represents the nameplate apparent power.

0.95% < < 1.057 (1)
5 —0.18% < v < vy —0.027 )
$—0.03v<v <9 3)
D<v3<?+0037 €))

<

- dead-band :

4

v

FIGURE 1. Piecewise Volt/VAr control curve with adjustable voltage
settings.
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FIGURE 2. Proposed strategy illustrating power and communication
interaction between DS operator and DGs.
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and adjacent variables

Solve
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No_
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FIGURE 3. Iteration process of the proposed distributed optimization
algorithm.
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G =044 (©6)
g =—0.445 )

B. CONSENSUS-BASED DISTRIBUTED NETWORK MODEL
WITH ADAPTIVE VOLT/VAr CONTROL
The increasing number of inverter-based resources connected
to the DS significantly enhances its complexity. Given
this growing complexity and the fact that DS operators
have no direct control over DGs beyond their connectivity,
this study proposes a decomposition of the DS into sub-
problems. By employing ADMM, the DS operator and DGs
are modeled as distinct sub-problems with their own objective
functions and constraints, allowing for a more effective and
decentralized approach to manage the network.

As illustrated in Fig. 2, the DS is partitioned into N
subsets, with each subset defined by its local variables and
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constraints. Variables that link two subsets, referred to as
complicating variables, are locally represented by adjacent
variables for coordmatlon purposes These local represen-
tations are denoted as Xl k[ for the DS subset, and Yfi’ ;
for the DG subsets. Each subset solves its own optimization
problem independently, using its specific objectives and
local variables. Once the local optimization is completed,
adjacent variables are shared with neighbouring subsets.
To ensure the distributed optimization algorithm achieves the
overall objective of the DS, the adjacent variables in each
subset must align with those in neighbouring subsets. This
consistency is enforced through iterative updates, allowing
the adjacent variables to converge toward a common solution
over successive iterations. The flow chart in Fig. 3 illustrates
the iteration process of the proposed algorithm, showing the
key steps from local optimization to convergence.

The partitioning of the DS into DS operator and DG subsets
introduces active and reactive power flow as complicating
variables between the two. The complicating variables for
the DS operator subset are defined in Eq. (8), while those
for the DG subsets are provided in Eq. (9). Achieving global
optimization requires that the adjacent variables in the DS
operator and DG subsets be equal, ensuring coordination
across the entire network as given in Egs. (10) and (11).

X, = PRS0 ) ®)

?‘Iijz_{szt’szt} 9
PP, =PPF, (10)
0%k, = 0 (1

1) OBJECTIVE FUNCTION

The objective of the main problem consists of two compo-
nents, as given in Eq. (12). The first term represents the
objective of the DS operator, which is to minimize total power
losses within the network. The second term corresponds to
the objective of the DGs, namely the minimization of total
curtailment in their active power injection.

F(x,5) =D Pl 4> pry—u (12)
it

it

2) LAGRANGIAN FUNCTION

Replacing the coupling variables with their local copies
enables the decoupling of the DSO and DG models, apart
from the constraints defined in Eq. (10) and Eq. (11), where
the local copies must be equal. These equality constraints
re-establish coupling between the DS operator and DG
subsets. However, they can be effectively addressed by
incorporating them into the Lagrangian function through
the introduction of dual variables. The Lagrangian function
for the problem is defined in Eq. (13). The first term
represents the objective of the DS operator and DGs. The dual
variables A enforce the coupling constraints by penalising
the discrepancy between the duplicated local variables.
The parameter o introduces a penalty term that enhances
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robustness, as it remains differentiable under relatively mild
conditions [31].

=F(x,2)

DG _ pDS) , P (pDG _ pDS)>
+Z|:)‘€,z(Pi,t _Pi,t)—}_E(Pi,t _Pi,t)]
it

P 2
+2 [xi’,z (0P —0PF) + £ (oPf - o) } .
it

(13)

L(x,2)

3) SUBSET—DS OPERATOR

DS is modelled as Mixed-Integer Quadratically Constrained
Program and the OPF equations are shown in (14)-(25).
Equations (14) and (19) represent the active and reactive
power flows in the system, respectively. In Eq. (14), the
right-hand side captures the total network demand, including
electrolyzer load and power losses, whereas the left-hand
side represents the available supply from local generation
and BESS resources. The second and third terms on the
left-hand side denote the incoming and outgoing power
flows, respectively. The nonlinear power losses for active and
reactive power are defined in Egs. (15) and (21), respectively.
Power generation at a bus is restricted to the slack and DG
buses and this constraint is ensured via Eq. (16). For the slack
bus, the total power is supplied by the slack source. If a bus
accommodates an electrolyzer or a BESS alongside a PV
system, the generation is defined by the PV output. For buses
hosting standalone PV systems, generation is represented
by the corresponding local decision variable. At all other
buses, no active power generation is permitted. Eq. (17)
represents the power demand of the electrolyzer, provided
there is a connection at the corresponding bus. The net
power of the BESS is defined in Eq. (18). When an BESS
is present at bus i, it is defined as the difference between
charging and discharging power. Positive values indicate
discharging, while negative values represent charging. The
reactive power supply is limited to the slack bus and
standalone DG units, where standalone PVs denote PV
systems operating independently without associated ESS or
electrolyzer connections, as defined in Eq. (20).

zt+z i,j,t ZP;U_‘_PBESS

jio)
_Plos;+Plt+Pﬂtx Vi,jeZ, teT (14)
PLrvol)]
Jot >t ..
Pf(;Si:Ri,j'ljvflj Vl,]EI,tET (15)
nom
Pl jeSVeT
P»  ieP—{BEVieT
P;gt: PV : (16)
) P! ie{B&ELWVteT

0 i¢{S,P)VteT

ple _ | Pif i€ vreT an
il igENteT
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h dchi :
pBESS _ pehar _ pdehar ieB.VieT as)
0 i¢B,VieT
0+ 200, -2 =0l vijeTieT
i) J
(19)
Qlak ieSvieT
0f, =10 ieP—{BELVIeT (20)
0 i¢{S.PLVteT
P}f. 2+Qf 2
o = X % Vi,jeI,teT 1)

nom

The active and reactive power generation limits at the
substation bus are defined by Eqs. (22) and (23), which are
set according to the transformer capacity. The voltage drop
between buses is captured by Eq. (24), while Eq. (25) defines
the lower and upper voltage limits at each bus.

0 < pilack < pslack  je SVt eT (22)
Qslack < le'ltack < Qslack7 iceSVeT (23)
Vie=Vii—2(Ry Pl +%;-0;,) lijteTVieT

(24)
V<Vi,<V ieI,VteT (25)

Hydrogen production via electrolysis depends on the sup-
plied electrical power and the power-to-hydrogen conversion
efficiency, as expressed in Eq. (26). The power demand
of the electrolyzer can be met by solar generation at the
corresponding bus or supplemented by the grid when solar
output is insufficient, as shown in Eq. (27). Any surplus
solar power, after meeting the electrolyzer’s demand, can be
injected into the grid, as described in Eq. (28). Egs. (29)
and (30) ensure that power is not simultaneously transferred
from the PV to the grid and from the grid to the electrolyzer.
The binary variable uflf = 1 indicates that power flows from
the PV to the grid, whereas uflf = 0 signifies that grid power
is being used to supply the electrolyzer.

z,tprod — Pldtc . ﬂflc, Vie€. teT 26)

Pde = pOE L PPYVIE VieE 1eT (27)

PftV = PftVZE +P,1;V2G _i_PftVfcurt’ VicEteT
(28)

PIYPO <N-uf, Vie€ teT (29)
szzESN%l—uﬁf, VieE teT (30)

The dynamics of the hydrogen storage unit (HSU) are
modelled in Eq. (31). The HSU is initialized with a given
hydrogen level and updated based on the balance between
hydrogen produced via electrolysis and the quantity delivered
to tube trailers. Capacity limits are enforced by constraints
on the minimum and maximum allowable hydrogen levels,
ensuring that storage remains within operational boundaries.
The total amount of hydrogen supplied from the HSU to the
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tube trailers is defined in Eq. (32).

h—esSinit

: s Vie &, t = ti
_ hprod  h. .
= mf’t_esls—l—m. Pro —m}.’tszT"”, i€& teT —{tm}

I_z—ess 1,1 i,
it f m?—essmax’ Vl S 5, e T
Z m?*essmin’ Vl S E, t e T
€29)
2T, ]
ltS2Tir WS e & veV,teT — {tii)
T

(32)

The hydrogen transfer to tube trailers and the associated
operational constraints are formulated in Eq. (33). Each
trailer is initialized with a predefined quantity of hydrogen
and must depart with a specified target level. The hydrogen
content of each trailer increases through supply transactions
from either electrolyzer production or the storage system.

harr __ garr
mZ’i N t = t‘:ji
h _ des _ ep
My it m,; wod  hso r=t,; .
h ,Pro 82T arr ep
My tmg s Ly S

(33)

The BESS is described by the state-of-energy balance
in Eq. (34). At the start of the simulation the battery
is set to its minimum state-of-energy, and throughout the
optimization horizon its state-of-energy is forced to remain
within the prescribed lower and upper limits. The state-of-
energy rises when the battery is charging and falls when
it is discharging. Maximum charge and discharge rates are
enforced by Egs. (35) and (36), and an additional binary
constraint prevents the battery from charging and discharging
in the same time step.

= SoE"", Vie B, t =Mt

< SoE!"*, VieB,teT

> SoE"™, VieB, teT
SoE;, § = SoE; ;1 + (Pl?f;ur .CE - AT)

Pldihar AT
_ L Vie B,
DE
te T\ {tinit}
(34)

PO < CR-u"™, VieB,teT (35)
Plr < DR (1-ufl) VieBreT (36)

4) SUBSETS—DGs

The equations for the DGs are shown in (38)-(46). The
apparent power output of PV systems depends on the
inverter’s efficiency in converting generated solar power,
as expressed in Eq. (37). According to (38), the instantaneous
apparent power generated by the DG can be injected into the
grid either as active or reactive power, or can be curtailed.
Based on the Volt/VAr control, the DG inverter can operate in
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an inductive mode if voltage is high and draw reactive power
from the grid.

PV __ PVgen inv
Sip =P, mi,

ieP,VieT 37
2 o\ 2 2
SEY? = (PPO + PRV =) 4 QDO

The voltage settings, represented by Egs. (1)-(7), are
adjusted based on the Eqgs. (39)-(41). According to these
equations, if the voltage exceeds v3, the DG operates in
reactive power absorption mode, and if it falls below vy,
it operates in reactive power injection mode. When the
voltage remains between these two levels, the DG unit does
not interact with the grid in terms of reactive power. The
parameters v, and v3 are dynamically adjusted at each time
to minimize active power curtailment.

PG <0if Viy=vs, ieP—{BELVieT (39
QPS> 0if Viy<v, i€P—(BELVieT  (40)
ieP—(B.E)VieT

41)

ieP,VteT (38)

DG
ta =01if va; <Viir<v3;

The conditional statements including reactive power con-
trol introduce discontinuities and non-linearities. To handle
these discontinuities, a mixed-integer linear programming
formulation is required for the equations in (39)—(41).
Accordingly, these equations have been reformulated into
a mixed-integer linear programming model, as shown in
(42)—(46), by introducing binary variables, big-M notation,
and indicator constraints.

According to the reformulated equations, if the voltage at
the DG bus exceeds v3, the binary variable u,, is activated.
Conversely, if the voltage is below v;, the binary u,, is
activated. Based on these binary states, the reactive power
injection or absorption decisions are determined through
indicator constraints. The binary condition ensuring the
appropriate deadband, which applies when the voltage lies
between v, and v3 is defined in Eq. (46). The deadband is
only active when neither u,, or u,, is activated, which is
enforced by setting the sum of these binary variables to zero.
This formulation ensures precise control of the reactive power
support under varying voltage conditions.

Vie Z V3 — M (1 =y ) (42)
Vie v+ My, (43)
Vit = Vo —M-uy, (44)
Vie <va 4+ M (1 —uy, ) (45)
Upgp.t = Uyt + Ups s (46)

5) ITERATIVE PROCESS

Distributed optimization begins by assigning initial values
to the local variables at the first iteration. Once the local
variables have been computed, each agent exchanges its
updated values with neighbouring agents in preparation for
the next iteration. The local variables are then updated
according to Egs. (47) and (48). Subsequently, the dual
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variables are adjusted based on the discrepancies between the
updated values in adjacent subsets, as defined in Egs. (49)
and (50). The boldface terms in Egs. (47) and (48) indicate
the local variables that are computed and updated within the
update equations.

k+l

X = arg mm £(x &,k

)
_argmm F(X)+Z(Apk DGk P?ts)

k
p 2
+ (P P;Gk—PPtS))

DN CRCHE

k
P DG,k
+ 50 - Q) )). (47)

K= argmiél LK 7,00

= arg m1n F(z) + Z ()LP’ pDG PEfS,kH)

it

b - )
+ Z (qu Q?ts,k—&-l)
+—(Q DSk+1) ) (48)
Aﬁ}kﬂ _ )Lf,}k 1ok (P?tG,kH _ st,kﬂ) (49)
)Lz{,tk-i-l - ’\Z}k + ok (Q?tG,kH _ Q?tS,kJrl) (50)
P = o pF (51)

6) CONVERGENCE AND STOPPING CRITERIA

The stopping criteria are defined in terms of the primal and
dual residuals over successive iterations. The primal residual
measures the degree of constraint violation, whereas the
dual residual reflects the satisfaction of the dual feasibility
condition. The expressions for the primal and dual residuals
are given in Eqs. (52) and (53). The iterative process
terminates when both residuals fall below a sufficiently small
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FIGURE 5. (a) Daily solar power generation profiles for PVs connected to
the IEEE 33-Bus Network. (b) Daily solar power generation profiles for
PVs connected to the Braintree Network.

threshold, €, as specified in Eq. (54), indicating that a feasible
stationary solution has been achieved.
Pk [PDG‘k _ pbSik. QDG,k Ds,k] (52)

it it it Xt

DG, k+1 G,k DS, k+1 DS, k
Sk:zl:p(Pi,t + _PEt ),,O(P t_p )

it it

p (0P = 0P%) o (08541 - 024) | 59

Il <€ and s <e (54)
IIl. NUMERICAL RESULTS AND DISCUSSION

A. INPUT DATA

The proposed algorithm is firstly implemented on the
customized IEEE 33-Bus Distribution Test System [32],
incorporating real power demand data obtained from Iowa
DS smart meter readings [33]. To assess the impact of
distributed generation on operational constraints, PV systems
are connected at the end of the feeder at Bus-16 and Bus-17
in the IEEE 33-bus test system, hereafter referred to as
DG-1 and DG-2, respectively. Power generation data for
a summer period is sourced from [34] and is uniformly
applied across both PV systems. For further analysis of the
efficacy, a high PV generation scenario is considered, and
the algorithms are compared. PV generation under normal
and high generation conditions is visually represented in
Fig. 5(a). The analysis is then extended to a real distribution
network, the Braintree 33 kV system operated by UK Power
Networks, with assumed locations for PV units and a BESS.
To reflect future multi-energy system characteristics, the
network is further enhanced by integrating an electrolyzer
unit, as illustrated in Fig.4. The corresponding generation
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profiles for a representative summer period are derived
from historical Great Britain generation data published by
the National Energy System Operator [35]. The respective
generation profiles for each PV is illustrated in Fig.5(b).
A proton exchange membrane hydrogen generation system
is selected [36], and the number of electrolyzers is set to
three based on the hydrogen demand. Each electrolyzer
has a net hydrogen production rate of 492 Nm?/h, and
its power consumption at full capacity is 4.7 kWh/Nm>.
The electrolyzer unit is located to supply hydrogen for tube
trailers, which transport the hydrogen to a depot serving
fuel cell buses operating in London [37]. The hydrogen
demand for the tube trailers is determined based on the
specifications of the fuel cell buses, as well as their routes and
operational schedules. The capacity of the HSU is selected
as 530 kg and is scaled in proportion to the electrolyzer
capacity, as done in [38]. The minimum hydrogen level of
the HSU is set to 165 kg to ensure that sufficient hydrogen
is available to supply at least one tube trailer. The capacity
of the BESS is set to 6 MWh based on real network data.
The algorithm is evaluated in a Python environment using
the Gurobi commercial solver. The optimization is performed
over a 24-hour horizon with a time resolution of 15 minutes
for each computation interval.

B. SIMULATION AND RESULTS

1) IEEE 33-BUST DISTRIBUTION TEST SYSTEM

To evaluate the effect of distributed-based adaptive Volt/VAr
control algorithm, multiple cases are considered including
centralised-based algorithms with adaptive Volt/VAr control
and distributed-based algorithm with fixed Volt/VAr control:

o Case-1: A centralized AC OPF approach is employed,
where the DS operator acts as the central controller with
access to all DS information, including data from the
PV systems. The AC OPF is executed with the objective
of minimizing active power losses across the network
while dynamically adjusting the voltage settings of the
Volt/VAr control.

o Case-2: Similar to Case-1, the DS operator operates as
the central controller, accessing all information concern-
ing the DS, including DGs. However, in this scenario,
its objective function shifts towards minimizing active
power curtailment of PVs.

o Case-3: In this scenario, the DS operator and two
PV systems are modeled as three distinct agents, each
with its own objective. The DS operator focuses on
minimizing active power losses across the network,
using ACOPF to meet its objective while adhering
to network operational constraints. Meanwhile, each
PV system aims to minimize its own active power
curtailment by dynamically adjusting the voltage set-
tings of its Volt/VAr control. Unlike previous cases
that rely on centralized decision-making, this approach
allows each agent to independently determine its own
decisions. Convergence across the agents is achieved
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TABLE 1. Dynamic behavior of active power curtailment, Active power injection, and reactive power injection for PV systems on Bus-16 and Bus-17 across

all cases.

Nominal PV Generation High PV Generation

Case 1 | Case?2 | Case3 | Case4 | Case 1 | Case2 | Case3 | Case 4
Total Active Power Curtailment [MW] | 2.551 |0 1.103 | 1.307 | 19.264 | 1.060 16.032 | 15.942
Bus 16 0 0 0.050 | 0.060 | 3.003 | 0.061 6.441 | 6.347
Bus 17 2551 |0 1.050 | 1.246 | 16.260 | 1.003 9.594 | 9.594
Total Active Power Injection [MW] 21.181 | 22.607 | 22.279 | 22.252 | 25.264 | 40.336 | 28.209 | 28.069
Bus 16 11.866 | 11.289 | 11.604 | 11.722 | 19.262 | 20.657 | 15.678 | 15.666
Bus 17 9.315 | 11.318 | 10.675 | 10.531 | 6.002 | 19.679 | 12.529 | 12.403
Total Reactive Power Injection [MVAr] | 0.084 | -5.395 | -3.559 | -2.699 | 0.015 |-15.213 | -3.174 | -6.045
Bus 16 0.040 | -2.752 | -1.998 | -1.323 | 0.002 | -7.494 | -1.657 | -2.970
Bus 17 0.045 | -2.643 | -1.561 | -1.376 | 0.013 | -7.719 | -1.514 | -3.075
Total Active Power Loss [MW] 2978 |3.185 | 3.090 | 3.059 |2.856 | 4.085 2969 | 3.139
Total Reactive Power Loss [MVAr] 2.003 |2.173 |2.093 |2.070 | 1937 | 3.019 2.040 | 2.170

through the iterative exchange of dual variables, utilizing
a distributed optimization framework.

o Case-4: Similar to Case-3, the decision variables for
the three agents—the DS operator and two DGs—are
determined in a distributed manner. However, in this
scenario, the DGs utilize Volt/VAr control with the
default settings prescribed by the IEEE standard 1547,
rather than the optimal voltage settings employed in
Case-3. This distinction highlights the impact of using
standard versus optimized settings on the performance
of the distributed optimization framework.

Table 1 presents the numerical results across all cases

under nominal and high PV generation scenarios, with the
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FIGURE 6. (a) Dynamic behaviour of active power curtailment, Active
power injection, and Reactive power injection for DG-1, Alongside bus
voltage (Case-1) (b) Dynamic behaviour of active power curtailment,
Active power injection, and Reactive power injection for DG-2, Alongside
bus voltage (Case-1).
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corresponding generation profiles illustrated in Fig. 5(a).
The evaluation of the proposed distributed algorithm and
its comparison with centralized approaches are illustrated
through time-varying dynamics in Figs. 6 - 9. Fig. 6 and
Fig. 7 represent centralized methods. To assess the effect
of the distributed approach, Fig. 8 highlights the impact of
adaptive Volt/VAr control settings, while Fig. 9 compares it
with the distributed algorithm using default Volt/VAr settings,
providing a broader evaluation of the differences between
default and adaptive control strategies. Moreover, Fig. 10(a)
illustrates the total curtailment, active and reactive power
injection, and network losses over a full day, providing an
overall comparison across the simulation period. For a more
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FIGURE 7. (a) Dynamic behaviour of active power curtailment, Active
power injection, and Reactive power injection for DG-1, Alongside Bus
Voltage (Case-2) (b) Dynamic behaviour of active power curtailment,
Active power injection, and Reactive power injection for DG-2, Alongside
bus voltage (Case-2).
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in-depth analysis, Fig. 10(b) evaluates a high PV penetration
scenario, offering a further comparison of all cases to assess
the performance of the algorithms under more challenging
conditions.

The time-varying active and reactive power allocation for
DG-1 and DG-2 is illustrated Fig. 6. Reactive power is barely
utilized for both DGs when the objective is to minimize
power loss, as excessive reactive power increases network
losses. Among all cases, Case-1 achieves the lowest active
and reactive power losses at 2.978 MW and 2.003 MVAr,
respectively, as shown in Figure 10(a). However, the limited
use of reactive power leads to the highest curtailment,
with a total of 2.5 MW curtailed, representing 21.5% of
DG-2’s generation, as depicted in Figure 10(a). Fig. 7
depicts the dynamics under Case-2, where the objective
is to minimize curtailment. Reactive power absorption is
allocated during periods of PV generation, successfully elim-
inating curtailment. However, focusing solely on minimizing
curtailment results in excessive reactive power absorption,
leading to significant voltage profile fluctuations for both
DGs, as shown in Fig. 7(a) and Fig. 7(b). Furthermore,
as illustrated in Fig. 10(a), this case yields the highest active
and reactive power losses among all scenarios, with losses
reaching 3.185 MW and 2.173 MVAr, respectively.

It is observed that utilizing reactive power significantly
affects curtailment and network losses. Therefore, it must
be carefully allocated, as the DS operator must efficiently
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FIGURE 8. (a) Dynamic behaviour of active power curtailment, Active
power injection, and Reactive power injection for DG-1, Alongside bus
voltage (Case-3) (b) Dynamic behaviour of active power curtailment,
Active power injection, and Reactive power injection for DG-2, Alongside
bus voltage (Case-3).
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manage the DS while minimizing curtailment to support DG
owners and reduce environmental impact. In Case-3, the pro-
posed distributed optimization-based algorithm facilitates the
attainment of optimal solutions for each agent—comprising
the DS operator and DG owners—by achieving convergence
through the consideration of each agent’s objective function
and individual decisions. The distributed algorithm with
adaptive Volt/VAr settings, illustrated in Fig. 8, shows a
balanced performance. Compared to Case-1, it achieves
lower curtailment, while the reactive power absorption is
significantly reduced compared to Case-2. This results in
less voltage deviation at DG-connected buses and lower
curtailment, with 0.05 MW for DG-1 and 1.05 MW for DG-2.
Fig. 9 illustrates the scenario where default Volt/VAr settings,
as recommended by the standard, are used with the distributed
approach instead of the adaptive settings applied in Case-3.
When default Volt/VAr settings are employed, curtailment
increases compared to Case-3, reaching 0.06 MW for DG-1
and 1.246 MW for DG-2.

Although Fig. 8 and Fig. 9 exhibit similar profiles, their
efficiency differs significantly under high PV penetration,
as shown in Fig. 10(b). The proposed adaptive Volt/VAr
settings in Case-3 outperform the default Volt/VAr settings in
Case-4 in terms of reducing network power loss. Specifically,
Case-3 results in active and reactive power losses of
2.969 MW and 2.040 MVAr, respectively, whereas Case-4
causes 3.139 MW and 2.170 MVAr of active and reactive
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FIGURE 9. (a) Dynamic behaviour of active power curtailment, Active
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Voltage (Case-4) (b) Dynamic behaviour of active power curtailment,
Active power injection, and Reactive power injection for DG-2, Alongside
bus voltage (Case-4).
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TABLE 2. Overview of case studies: Objectives, Volt/VAr control
approaches, and key outcomes.

Case 1(\)4'.’"?“3"“. Communication | Volt/VAr Control | Main Outcome
inimization
Case-1 | Loss Centralized Adaptive Volt/VAr | Minimum loss;
Control higher
curtailment
Case-2 | Curtailment | Centralized Adaptive Volt/VAr  |Zero curtailment;
Control higher losses
Case-3 | Loss and Distributed Adaptive Volt/VAr | Balanced
Curtailment N
Control performance;
improved voltage
Case-4 Loss {md Distributed Volt/VAr Control Higher
Curtailment X . .
with Default Settings |losses/curtailment
less efficient

power losses, despite providing similar curtailment. These
results demonstrate that the proposed algorithm in Case-3
achieves approximately 5.41% and 6.00% reductions in
active and reactive power losses, respectively. When compar-
ing power and loss dynamics across the four cases under high
PV generation, as shown in Figure 10(b), Case-1 achieves
the minimum power loss at 2.856 MW and 1.937 MVAr
by executing centralized AC OPF with the objective of
minimizing power loss. However, no reactive power is
allocated in this case, leading to the highest curtailment
rates, with 13.49% and 73.04% of DG-1 and DG-2 PV
generation curtailed, respectively. Conversely, the centralized
algorithm with curtailment minimization achieves the lowest
curtailment, with only 0.07% and 4.44% of DG-1 and
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FIGURE 11. Adaptive Volt/VAr settings in Case-3 under normal PV
generation conditions for DG-2: (a) v variable settings and corresponding
reactive power injection/absorption (positive for injection, negative for
absorption), (b) Deadband activation over time and voltage profile.

DG-2 generation curtailed. However, this comes at the cost of
excessive reactive power absorption, resulting in the highest
power losses, 4.085 MW and 3.019 MVAr.

Comparing centralized and distributed algorithms, the dis-
tributed algorithms provide a balanced solution, considering
both curtailment and power loss minimization. Among them,
the proposed distributed algorithm with adaptive Volt/VAr
settings outperforms the default settings by eliminating
unnecessary reactive power absorption, with only 0.57% and
0.39% of DG-1 and DG-2 PV generation absorbed as reactive
power. This reduction in reactive power absorption results
in lower network losses compared to the default settings,
while allowing for higher active power injection into the
DS, 70.47% and 56.47% of DG-1 and DG-2 PV generation,
respectively. Table 2 summarizes the performance of the
proposed centralized and distributed control strategies under
different objective functions and Volt/VAr settings.

A detailed analysis of the voltage setting decisions for
DG-2 made by the proposed adaptive Volt/VAr algorithm is
shown in Figs. 11 and 12. Fig. 11 presents the v3 setting,
reactive power absorption, voltage profile, and deadband
duration under normal PV generation, while Fig. 12 shows
these profiles under high PV generation. By examining the
voltage profiles in Fig. 11(b) and Fig. 12(b), the voltage
begins to rise with the PV generation. This increase is
more significant under high PV generation, causing the
deactivation of the deadband and triggering reactive power
absorption. As shown in Figs. 11(a) and 12(a), reactive
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absorption), (b) Deadband activation over time and voltage profile.
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FIGURE 13. Convergence of adjacent variables at time 12:30 throughout
15 iteration.

power absorption increases with rising voltage, peaking in
Fig. 12(a) when the voltage approaches the 1.05 pu limit.
These results confirm that adaptive reactive power allocation
effectively prevents voltage violations, ensuring stable and
reliable network operation.

Figs. 11(a) and 12(a) illustrate the evolution of the
v3 setting at 13:00 across iterations. As shown in Fig. 11(a),
following the initial step, the value converges to its final
setting in fewer than 10 iterations and remains stable
thereafter. A similar convergence pattern is observed in
Fig. 12(a) under high PV generation conditions. It is worth
noting that, in the high generation scenario, convergence
requires approximately 15 iterations, reflecting the increased
system stress and the more challenging coordination required
to satisfy voltage constraints.
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These results highlight the superior efficiency of the
proposed distributed adaptive Volt/VAr control compared
to distributed default Volt/VAr settings and centralized
approaches. Fig. 13 analyzes the convergence performance of
the proposed algorithm, showing the convergence of adjacent
variables at 12:30, when PV generation is at its peak, across
multiple iterations. With two DG connections in the network,
active and reactive power allocation—treated as adjacent
variables—is determined iteratively. Solid lines represent the
DS operator agent’s decisions, while dashed lines indicate the
DG agents’ decisions. The variables nearly converge within
eight iterations, satisfying the convergence criterion in fewer
than ten iterations.

Fig. 14 illustrates the evolution of voltage magnitude
and reactive power for DG-1 and DG-2 across iterations,
highlighting the convergence behaviour of the proposed
distributed algorithm. For both DG units, the most notable
variations occur during high PV generation periods, par-
ticularly between 08:00 and 18:00.In the initial iterations
(approximately iteration 1 to 5), voltage levels exhibit visible
fluctuations. This is primarily due to the initialization of
the algorithm, where variables start from predefined initial
values and progressively adjust towards the optimal solution.
However, as the iterations progress, the voltage values
stabilise and converge within a narrow band, remaining
within the operational limits. This indicates that the algorithm
effectively coordinates the control actions to achieve a
consistent voltage profile across the network.

A similar convergence pattern is observed for reactive
power. During the early iterations, up to iteration 5-8,
significant fluctuations occur, especially in the same high
generation window (08:00-18:00), where reactive power
absorption reaches its highest levels, up to approximately
-80 kVAr. As the iterations progress, these fluctuations
diminish, and reactive power values converge to steady levels
after approximately 10—15 iterations. During low generation
periods, reactive power remains close to zero across all iter-
ations, indicating minimal need for voltage support. Overall,
convergence is consistently achieved within 1015 iterations
for both DG-1 and DG-2 across all time steps. This
demonstrates the efficiency and robustness of the proposed
distributed algorithm in coordinating voltage regulation and
reactive power support under varying operating conditions.

2) BRAINTREE 33KV DISTRIBUTION NETWORK

To further evaluate the performance of the proposed algo-
rithm, it is applied to a real distribution network comprising
both standalone PV units and PV systems integrated with
an electrolyzer and a BESS. Specifically, two standalone PV
units are connected at Bus-6 and Bus-12, whose active and
reactive power outputs are controlled in a distributed manner
and modelled as independent DG agents. In contrast, the PV
systems connected at Bus-15 and Bus-11 are integrated with
an electrolyzer and a BESS, respectively, and are assumed to
be owned and operated by the DS operator. Consequently, the
active and reactive power allocation of these units is centrally
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FIGURE 14. Convergence behaviour of voltage and reactive power under
high PV generation conditions: (a) DG-1 and (b) DG-2.

managed by the DS agent. As detailed in Case-3, the objective
of the DS agent is minimizing the power loss within the
network and each DG agent aims to minimize their own PV
curtailment.

The dynamic behaviour of active and reactive power
flow adjustments under the proposed distributed control
strategy is illustrated in Figs. 15(a) and Fig. 15(b). Since
each agent operates locally with the objective of minimizing
active power curtailment, reactive power support is not
utilized before 08:00, as low PV generation does not lead to
any violation of operational constraints, particularly voltage
limits. As PV generation increases and voltage levels begin
to rise, reactive power absorption is activated to maintain
voltages within permissible limits and avoid curtailment.
However, during periods of high PV generation, reactive
power absorption alone becomes insufficient to regulate
voltage, leading to the initiation of active power curtailment.
For the PV unit connected to Bus-6, the total curtailed active
power is 62.243 MW, while 41.883 MVAr of reactive power
is absorbed, and 196.236 MW of active power is injected into
the network. Similarly, for the PV unit connected to Bus-12,
total active power curtailment reaches 242.569 MW, with
114.559 MVAr of reactive power absorbed and 213.532 MW
of active power injected into the network.

Fig. 16 illustrates the active power dynamics at Bus-15,
where an electrolyzer unit is connected alongside the HSU.
During the period from midnight to the early morning
hours, when PV generation is unavailable, the electrolyzer
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power injection alongside bus voltage profile.(a) for DG connected at
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FIGURE 16. Dynamic behaviour of active power flow and voltage profile
at Bus-15 where an hydrogen production plant and HSU is located.

power demand reaches its highest level. This behaviour is
driven by the requirement to satisfy hydrogen demand in
advance of scheduled tube trailer departures. During periods
of PV generation, however, the utilization of solar power for
electrolyzer operation is minimal. As shown in Fig. 16, the
hydrogen level in the HSU is maintained at its minimum
operating threshold of 165 kg throughout this period. Instead
of being consumed locally by the electrolyzer, the majority
of the generated solar power is injected into the grid, with
the remaining excess curtailed. This operational behaviour
reflects the objective of the DG agent, which prioritizes
minimization of network losses rather than maximization of
renewable energy utilization or curtailment reduction.

Fig. 17 illustrates the active power dynamics at Bus-11,
where a PV system operates in conjunction with an BESS.
The charging and discharging behaviour of the BESS is
influenced by the demand profile at Bus-10, which is located
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FIGURE 17. Charging and discharging power and state of energy of the
BESS connected at Bus-11.

on the same feeder, as shown in Fig. 4. Since the objective
of the DSO agent is to minimize network power losses, the
BESS supports local demand by discharging when sufficient
stored energy is available and charges during periods of lower
demand. As observed in the figure, during high demand
periods between 07:30 and 15:00, the BESS does not supply
power because its state of energy reaches the minimum
limit. Additionally, charging is not initiated during this
period, as doing so would increase network losses. When
demand decreases between 15:00 and 17:15, the BESS enters
charging mode. The stored energy is then utilized to support
demand during the remaining hours of the day.

IV. CONCLUSION

This study set out to develop a solution to address the growing
complexity of DSs caused by the increasing penetration
of DGs. Recognising real-life limitations in DS operations,
where the DS operator has no direct control over DGs
beyond their connectivity, and taking into account privacy
concerns, this research is the first to propose a decision-
making algorithm that addresses these practical constraints.
The proposed distributed algorithm models the DS operator
and DGs as distinct agents with separate objectives. The
DS operator makes decisions based on its own objective
function and the operational constraints of the network,
while DGs, equipped with adaptive Volt/VAr control, aim
to minimize their curtailment. Although each stakeholder
operates independently, their decisions are coordinated in a
distributed framework, ensuring convergence to a common
solution that reflects both perspectives.

The algorithm is evaluated through a comprehensive
comparison with centralized approaches under different
objective functions, as well as with a distributed algorithm
using default Volt/VAr settings. The performance of the
method is validated on both the IEEE 33-bus distribution
test system and a real-world network dataset, demonstrating
its applicability across different system scales and levels of
complexity. The real distribution network model includes an
existing BESS and is further extended with an electrolyzer
connection, enabling additional flexibility and the analysis
of multi-energy system interactions. The results validate the
effectiveness of the distributed approach, demonstrating its
superiority over centralized methods by providing a balanced
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solution that considers the objectives of all stakeholders.
The study also highlights the significant impact of reactive
power allocation on DG curtailment and overall network
operation. The proposed algorithm with adaptive Volt/VAr
settings achieves 5.41% and 6.00% reductions in active
and reactive power losses, respectively, compared to fixed
Volt/VAr control. In short, it can be stated that this study
makes a valuable contribution to the literature as the first
to model real-world challenges in DSs, including privacy
concerns and operational limitations in DG connections. The
findings emphasize the critical role of distributed approaches
and efficient reactive power allocation in achieving an
optimized, efficient, and sustainable DS.
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