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Abstract—Prosumers’ deployment of distributed energy re-
sources (DER) is shaped by market incentives and budget
constraints. Effective DER integration can reduce the long-term
need for distribution network infrastructure, thereby diminishing
overall electricity costs. Nevertheless, it may negatively impact
cost allocation among users from different socioeconomic back-
grounds. To analyze the efficiency and distributional aspects
of DER deployment across different socioeconomic groups, this
study employs a novel equilibrium model based on Stackelberg
games. The model simulates interactions between a proactive low-
voltage distribution network planner and prosumers who may
invest in photovoltaic systems and batteries. Prosumers aim to
minimize expenses based on tariffs, without knowledge of their
peers’ decisions. Due to the non-linearities introduced by the
tariff structure, a Gauss-Seidel algorithm is employed to reduce
model complexity. The study examines six tariff combinations,
revealing that cost allocation varies significantly depending on the
tariff design. In this regard, the results show the risks associated
with certain tariff designs, including potential losses in efficiency
or unfair cost allocation. Likewise, the results highlight the value
of cost-reflective tariffs in reducing unintended cross-subsidies.
These findings underscore the importance of thoughtful tariff
design and network planning in promoting both a distributional
fairness DER deployment and system-wide efficiency.

Index Terms—bilevel programming, distributed generation,
electricity tariffs, prosumer, Stackelberg games.

NOMENCLATURE

Sets
I Set of users (i.e., prosumers and consumers)
K Set of hyperplanes to approximate P-Q feasible area

of transmission lines
L Set of lines
N Set of nodes
T Set of times
Parameters
AB

i Annuity of residential BESS of user i [$/kW-yr]
AR

n Annuity of compensator in node n [$/kVAr-yr]
As

i Annuity of residential PV panels of user i [$/kW-yr]
Al Annuity of line l [$/kW-km-yr]
CA

t Marginal cost of active energy at time t [$/kWh]
CR

t Marginal cost of reactive energy at time t [$/kVAr-h]
DA

i,t Static active demand of user i at time t [kW]
DR

i,t Static reactive demand of user i at time t [kVAr]
Hi BESS energy-to-power ratio [h]

In,l Matrix indicating if line l enters to node n {1,0}
Ki Budget to invest in DER assets of user i [$]
Ni,n Matrix indicating if user i belongs to node n {1,0}
On,l Matrix indicating if line l departs from node n {1,0}
Rl Resistance of line l [Ω]
Xl Reactance of line l [Ω]
∆t Time step [h]
ηBi BESS charging efficiency [p.u.]
ψs
i,t Solar PV generation rate of user i at time t [p.u.]

Prosumer variables
echi,t Charging power to BESS of user i at time t [kW]
edsi,t Discharging power from BESS of user i at time t [kW]
eini,t Active power exports by user i at time t [kW]
esi,t Solar PV generation by user i at time t [kW]
ewi,t Active power imports by user i at time t [kW]
pBi BESS inverter capacity of user i [MW]
psi Solar PV installed capacity by user i [kW]
rini,t Reactive power exports by user i at time t [kVAr ]
rwi,t Reactive power imports by user i at time t [kVAr]
SoCi,t State of charge of BESS of user i at time t [kWh]
ψB
i,t BESS usage rate of user i at time t [p.u.]

Distribution system variables
cinn,t Reactive exports in node n at time t [kVAr]
cwn,t Reactive imports in node n at time t [kVAr]
cn Reactive compensator capacity in node n [kVAr]
dAn,t Active demand in node n at time t [kW]
dRn,t Reactive demand in node n at time t [kVAr]
il,t Square of the current in the line l at time t [A2]
pwt Systemic active imports at time t [kW]
pint Systemic active exports at time t [kW]
pl,t Active power in the line l at time t [kW]
qwt Systemic reactive imports at time t [KVAr]
qint Systemic reactive exports at time t [kVAr]
ql,t Reactive power in the line l at time t [kVAr]
sl Power capacity of line l [MW]
vn,t Square of the voltage at node n at time t [V 2]
Network linearization
p̃hl,t Active power solution in the line l at time t during

iteration h [kW]
q̃hl,t Reactive power solution in the line l at time t during

iteration h [kVAr]
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ṽhn,t Square of the voltage solution in node n at time t
during iteration h [V 2]

αk Linearization parameter for P-Q feasible area
Tariff schemes
τ̂Di,t Distribution tariff for user i at time t utilized to

execute DIM model during Gauss-Seidel algorithm
[$/MWh,$/MW]

τDi,t Distribution tariff for user i at time t [$/MWh,$/MW]
τEi,t Energy tariff for user i at time t [$/MWh]
τRi,t Reactive energy tariff for user i at time t [$/MVAr-h]
φ Reduction factor for energy tariff for exports

I. INTRODUCTION

Distributed energy resources (DER) play a pivotal role in
the decarbonization of the energy sector. DER contribute to
decarbonization by enabling the electrification of traditionally
non-electric sectors, such as transportation, and by utilizing
renewable energy sources for distributed generation. A key
characteristic of these resources is that their deployments
are decentralized and typically undertaken by consumers or
prosumers who respond to economic incentives, with tariffs
being the primary economic lever guiding DER development.
Studies have also highlighted that socioeconomic factors and
budget constraints can significantly influence DER deployment
[1], particularly for capital-intensive resources like distributed
PV generation and battery equipment. Thus, it is paramount
to study the effects of these factors on DER deployments.

The growing integration of DER into electricity distribution
networks (DN) presents significant technical and economic
challenges. One major concern is that the increased penetration
of DER, particularly in distribution networks, can lead to
issues such as over voltage, potentially requiring substantial
investments in network infrastructure [2]. Nonetheless, with
proper planning and management, DER could also alleviate
network stress and reduce investment costs by up to 70%
[3]. Furthermore, the widespread deployment of DER may
disproportionately increase the cost of electricity for con-
sumers without DER installations, as the costs associated
with reinforcing DN could be borne by all users, including
those who have not adopted DER technologies [4], [5]. This
shift challenges the traditional view of electricity as a public
good, positioning it increasingly as a marketable commodity
[6], [7], and transforming the conventional structure of power
systems, where energy flows unidirectionally from generators
to demand centers [8].

The challenges associated with DER integration have been
widely recognized in academic literature, which examines
the effects on prosumers, distribution networks, and upstream
power systems. According to [9], local energy markets can be
structured in various ways, such as peer-to-peer (P2P) models
without a central coordinator, or community-based structures
with a coordinating entity, or interconnected community-based
markets. In [10], different local energy trading structures are
reviewed, ranging from cooperative pricing schemes to non-
cooperative frameworks where prosumers interact with a cen-
tral coordinator and modify their net demand by investing in
solar PV or energy storage. A key question is how coordinators

can provide effective economic signals to incentivize local
market participation, often through tariffs, though subsidies
and taxes are also employed.

Research on low-voltage (LV) network congestion due to
increased demand and distributed generation highlights the
need for further exploration in network modeling and conges-
tion management mechanisms. Equilibrium models based on
Stackelberg games (SG) have emerged as a prevalent frame-
work for analyzing local market interactions, both between
prosumers and central entities such as distribution system oper-
ators (DSOs) [11]–[19] and in the context of larger generation
and flexibility markets [20]–[25]. In the former framework,
central entities, often acting as leaders in the game, interacting
with prosumers who either have fixed DER capacities or can
adjust their installations to reach market equilibrium [13], [14],
[18].

In terms of network modeling, different studies show vary-
ing levels of complexity. Some equilibrium models simplify
network representation, focusing on the broader system effects
while neglecting detailed physical network constraints [11],
[12], [19], [21]–[24]. Other studies incorporate DC power
flow models, though these may not accurately capture physical
issues such as voltage limits and reactive power manage-
ment in LV networks [16], [20], [25]. More sophisticated
approaches use AC power flow models to account for op-
erational constraints, although the focus remains on fixed
network capacities [15], [17], which means that the capacity
of the network is not an optimization variable. While research
at the transmission level has advanced in addressing these
concerns [26], the LV level remains underexplored, especially
with regard to the simultaneous expansion of DN and DER
capacities in long-term equilibrium models.

In most jurisdictions, tariffs are the primary economic lever
for guiding DER development. Studies have established a
clear connection between academic models of DER integra-
tion and practical regulatory frameworks [9]. However, many
developing countries still rely on regulated volumetric tariffs
that do not adequately reflect actual DN usage or energy
availability, limiting the efficiency of DER deployment [27].
As a result, understanding the effects of tariff structures on
DER integration and the associated social impacts is critical.

The distributional impacts of tariffs, particularly in relation
to cost allocation, have gained increasing attention in recent
literature. While efficiency has been the focus of most studies,
there is a growing need to address the equity implications
of different tariff structures. In this line, the authors in [4]
provide a comprehensive review on how justice consideration
can be included into energy optimization framework. Likewise,
research in [6] has highlighted the importance of comparing
policies and tariff schemes, while [5] has examined the distri-
butional effects of 11 different tariff structures, though their
analysis is limited to historical data and does not account
for prosumers’ ability to adjust their demand in response to
economic signals.

This study adopts a decentralized framework involving a
coordinator (e.g., a DSO), prosumers, and consumers. Pro-
sumers determine their DER investments, and the central entity
adjusts LV network capacity accordingly, ensuring a long-
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term equilibrium. Notably, this approach integrates network
capacity expansion with AC power flow models, providing
a more accurate representation of physical constraints in a
decentralized market structure. Additionally, this work eval-
uates various combinations of energy and distribution tariffs,
examining their distributional impacts across socioeconomic
groups characterized by different capacities to invest in DER.
This enables a nuanced comparison of tariff structures and
their long-term effects on DER deployment and distributional
aspect through society, advancing beyond previous studies that
did not explicitly consider these factors.

Considering the identified gaps in the current literature, the
main contributions of this work are:

• A long-term equilibrium model where both network
capacity and DER investments are determined through
equilibrium conditions. The model incorporates an AC
power flow suitable for LV networks, thereby avoiding
physically infeasible solutions and, unlike previous for-
mulations, considers the network capacity as part of the
equilibrium problem.

• A pioneering study that considers the long-term equilib-
rium between distribution networks and DER investments
takes into account the varying purchasing power of dif-
ferent socioeconomic groups as a factor limiting DER
deployment. This study contributes to the field by com-
paring the impacts of long-term tariffs on both prosumers
and network investments. The findings underscore and
quantify the crucial role that tariffs play in achieving
fair cost allocation across different customer segments,
showing how certain tariffs may offer a fair solution
without compromising efficiency.

The remainder of this article is structured as follows. Section
II describes the investment models. Section III describes the
case study and their results. Section IV offers a discussion and
analysis of results. Finally, Section V summarizes the main
findings and concludes the article.

II. METHODOLOGY

This section describes the modeling framework proposed in
this article. A high-level overview of the proposed modeling
framework is presented in Figure 1, illustrating the inter-
connections between inputs, models, and outputs analyzed
throughout this paper. Note that the figure highlights the
equations involved in each model, as well as the figures that
describe specific methodologies.

Thus, a Centralized Planning Model (CPM) that mini-
mizes the total cost of the system, including DN, energy
exchanges with the bulk power system and DER investment.
The CPM considers idealized conditions where planner has
perfect knowledge of all agents, including prosumer budgets,
energy demands, and relevant parameters such as investment
costs and solar radiation. Thus, the planner centralizes every
investment decision on behalf of every agent.

Next, a Decentralized Investment Model (DIM) is intro-
duced, which is an equilibrium model where prosumers invest
in DER to minimize their electricity charges. Analogously, the
DN is planned considering the prosumer investment. In this

equilibrium model, prosumers are subject to tariffs, including
energy and distribution network charges. In this regard, the
DIM captures more realistic conditions in comparison with
the CPM, due to prosumers seeking to minimize their annual
expenses without access to information about their peers’
decisions. Notably, the DIM features a proactive distribution
planner, inspired by the proactive transmission planner [28],
who anticipates DER investments made by prosumers based on
distribution network investments. This contrasts with a reactive
distribution planner, who relies on exogenous forecasts of DER
investments independent from the actual distribution network
investments. Also, in this paper, the proactive distribution net-
work planner adopts a social perspective, aiming to minimize
total system costs.

Thus, while the CPM serves as a benchmark model that
provides reference equilibrium conditions, the DIM model
provides a tool to support the tariff-setting process led by
the regulator, whose social perspective on cost aligns with
the formulation proposed here. It is also worth noting that the
DIM model can be customised to better capture the role of
the DSO.

The proposed resolution algorithm, based on Gauss-Seidel
to solve the non-linear formulation through successive linear
problems, as well as the tariffs studied, are discussed in detail
below.

A. Centralized Planning Model (CPM)

The CPM, (1) - (26) is formulated as a single-level linear
programming (LP), aimed at minimizing total system costs.
The objective function considers DN costs, DER investments
(solar PV and BESS), and energy exchanges with the bulk
system. The DN costs are divided into the capacity of the
lines and the cost of reactive compensator that can be added
to each node.

Equations (2) and (3) denote power balance. Note that PV
and BESS do not provide reactive power in this formulation,
which aligns with most practical applications. Equation (4)
limits capital expenditures in PV and BESS (i.e., budget
constraint).

MODEL Centralized Planning Model (CPM) [LP]

Objective function
min

∑
l∈L

Alsl +
∑
n∈N

AR
n cn +

∑
i∈I

(As
ip

s
i +AB

i p
B
i )

+
∑
t∈T

CA
t (pwt − pint )∆t +

∑
t∈T

CR
t (rwt − qoutt )∆t (1)

Power balance
DA

i,t = ewi,t + esi,t

−eini,t − echi,t + edsi,t : λAi,t ∀i ∈ I, t ∈ T (2)

DR
i,t = rwi,t − rini,t : λRi,t ∀i ∈ I, t ∈ T (3)

Budget
As

ip
s
i +AB

i p
B
i ≤ Ki: βi ∀i ∈ I (4)
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Models

Input data

Output

• Network data, loads and prosumers
• Network investment options and costs
• BESS investment options and costs
• DER investment options and costs

Centralised Planning Model (CPM)
Prosumer investment model (PIM) Prosumer operation model (POM)

Proactive distribution system planner:
Bilevel Distributed Investment Model (DIM)

Single-level Distributed Investment Model (S-DIM)

Gauss-Seidel algorithm

• Analysis of the DER and network investments 
• Comparison of the centralized and decentralized solutions

• Cost allocation across different socioeconomic groups 
• Analysis of fairness vs. efficiency
• Impacts of tariffs on prosumers and network investments

Eq. (1)-(14)

Eq. (15)-(26)

Eq. (2)-(8), (27), (28) Eq. (2)-(13), (29)

Eq. (53)-(55)

Regulatory factors:
 Tariff schemes

Regulatory factors:
• Tariffs

Model initialisation,
formulation of network constraints

AC-OPF iterative linearization algorithm

Techno-economic parameters:

Fig. 2

Fig. 3

Eq. (1), (15)-(26), (31)

Eq. (1), (2)-(8), (15)-(26), (32)-(52)

Socio-economic factors:
 • Consumer budgets

Decentralized modeling

Fig. 1. Modeling framework overview.

Solar PV
esi,t ≤ psiψi,t : ϕsi,t ∀i ∈ I, t ∈ T (5)
Non-negativeness
ewi,t, e

in
i,t, r

w
i,t, r

in
i,t, SoCi,t

esi,t, e
ch
i,t, e

ds
i,t ≥ 0 : σ∗

i,t ∀i ∈ I, t ∈ T (6)
psi ≥ 0 : σs

i ∀i ∈ I (7)
pBi ≥ 0 : σB

i ∀i ∈ I (8)
CPM BESS operation
echi,t ≤ pbi ∀i ∈ I, t ∈ T (9)

edsi,t ≤ pbi ∀i ∈ I, t ∈ T (10)

SoCi,t ≤ Hip
b
i ∀i ∈ I, t ∈ T (11)

SoCi,t+1 =

SoCi,t + ηBi e
ch
i,t − edsi,t ∀i ∈ I, t ∈ T \ {T}(12)

SoCi,1 = SoCi,T∆T ∀i ∈ I (13)
Reactive compensator
cwn,t, c

in
n,t ≤ cn ∀n ∈ N , t ∈ T (14)

Equation (5) limits PV generation, considering solar pro-

duction availability ψi,t. Equations (6), (7), and (8) prevent
some variables from taking negative values. Finally, note that
the dual variables of (2) - (8) are used in this model, as will
be discussed in greater detail in Section II-B2.

Additionally, (9) - (13) denote the operation of BESS in
the CPM. Equations (9), (10), and (11) represent the upper
limits for charging, discharging, and the state of charge of
the BESS, respectively. The energy inventory of the BESS is
represented by (12) , and (13) imposes that the state of charge
at the initial time and at the end of every day is the same.
Finally, (14) represents the compensator limits.

The DN modeling incorporates a DistFlow approach pro-
posed in [29], which introduces a convex non-linear formula-
tion. To handle these non-linearities, the proposal presents an
iterative algorithm for linearization studied in [30].

Consequently, the DN equations are represented with (15)
- (26). Equations (15) and (16) depict the aggregated power
injections of all users i connected to a bus n. Equation
(17) establishes the upper and lower voltage limits. Current
limits are defined in (18), whereas (19) and (20) address
the nodal balance for active and reactive power, accounting
for losses. Ohm’s law for each node is represented in (21).
Lastly, (22) and (23) depict the interconnection between the
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distribution and bulk power systems. Equations (24) to (26)
present the linearized version of the equations proposed in
[30]. Specifically, (24) and (25) denote the feasible operational
region of every line (conceptualized as a circumference with
a radius of sl within the P-Q plane), a concept explored in
detail in [31].

Network constraints
dAn,t =

∑
i∈I

(ewi,t − eini,t)Ni,n ∀n ∈ N , t ∈ T (15)

dRn,t + cwn,t − cinn,t =∑
i∈I

(rwi,t − rini,t)Ni,n ∀n ∈ N , t ∈ T (16)

vn ≤ vn,t ≤ vn ∀n ∈ N , t ∈ T (17)

il,t ≤ il ∀l ∈ L, t ∈ T (18)∑
l∈L

pl,tOn,l + dAn,t

=
∑
l∈L

(pl,t −Rlil,t)In,l ∀n ∈ N , t ∈ T (19)∑
l∈L

ql,tOn,l + dRn,t

=
∑
l∈L

(ql,t −Xlil,t)In,l ∀n ∈ N , t ∈ T (20)∑
n∈N

vn,t(On,l − In,l) = 2Rlpl,t

+2Xlql,t − (R2
l +X2

l )il,t ∀l ∈ L, t ∈ T (21)∑
l∈L

pl,tO0,l = pwt − pint ∀t ∈ T (22)∑
l∈L

ql,tO0,l = qwt − qint ∀t ∈ T (23)

ql,t ≤
−αkpl,t + sl√

1− a2k
∀l ∈ L, t ∈ T , k ∈ A(24)

−−αkpl,t + sl√
1− a2k

≤ ql,t ∀l ∈ L, t ∈ T , k ∈ A(25)

Iterative cuts
(
∑
n∈N

ṽhn,tOn,l)il,t ≥

(p̃hl,t)
2 + 2p̃hl,t(pl,t − p̃hl,t)

+(q̃hl,t)
2 + 2q̃hl,t(ql,t − q̃hl,t) ∀l ∈ L, t ∈ T (26)

Equation (26) imposes restrictions on apparent power
through a line. The left-hand side encapsulates apparent power
in relation to voltage vn,t and current il,t. Meanwhile, the
right-hand side represents the operational boundary p2l,t + q2l,t
in the P-Q plane. These terms are linearized using an iterative
approach explored in [30].

Figure 2 presents a high level algorithm of the iterative pro-
cess used to solve the AC-OPF problem. The iterative process
begins with results obtained without considering constraint
(26). Since this constraint serves as a lower limit for current,
neglecting it implies that the variable is 0. Therefore, according
to (21), this result indicates a lossless power flow. After this
initialization, the algorithm proceeds to add cuts given by (26)

Solve CPM without iterative cuts
Eq. (1)-(14), (15)-(25), without (26)

Linearization
algorithm

Obtain

0

Add iterative cuts (26)

Solve CPM with iterative cuts
Eq. (1)-(14), (15)-(26)

Update

No

Yes

End

Fig. 2. Scheme of LP AC-OPF iterative algorithm.

on each iteration h. Note that cuts are given by the results
of the CPM given by p̃l,t, p̃l,t, ṽn,t. Convergence is achieved
with an accuracy determined by the tolerance ϵ for the voltage
variation between successive iterations.

B. Decentralized investment model (DIM)

The DIM is formulated as a bilevel problem, which corre-
sponds to a Stackelberg game between a proactive distribution
planner (leader) and the prosumers (followers). The objective
of the model is to identify an economic equilibrium between
DER and DN investments. This section will describe the differ-
ent components of the DIM, namely the lower level model, the
upper level model, and reformulation of both models within a
single level problem by means of Mathematical Programming
with Equilibrium Constraints (MPEC).

1) Lower level (prosumer) model: This model represents
the lower level, wherein there is one optimization model per
prosumer i, and their outcomes include the investments psi and
pBi , as well as the operational variables ewi,t, e

in
i,t, e

ch
i,t, e

ds
i,t, r

w
i,t,

and rini,t.
Each prosumer is characterized by their demand patterns

DA
i,t and DR

i,t, their location in the network given by Ni,n,
and their budget to invest in DER devices Ki. These features
are often correlated with socioeconomic factors. For instance,
different demand patterns DA

i,t and DR
i,t are associated with

varying socioeconomic conditions [32], [33]. Similarly, the
quality of a given distribution network is influenced by the
socioeconomic characteristics of the households [34]. In this
article, the focus is on the impact of the budget Ki, nev-
ertheless, future work can analyze additional socioeconomic
features mapped into the mentioned features.

The tariff schemes are represented with three arrays: τEi,t,
τDi,t, and τRi,t, denoting the energy, distribution, and reactive
power tariffs, respectively. Their detailed definitions depend
on the specific regulatory framework being modeled.
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MODEL Prosumer investment model (PIM) [NLP]

Objective function for prosumer i
minAs

ip
s
i +AB

i p
B
i +

∑
t∈T

(τDi,t + τEi,t)e
w
i,t∆t

−
∑
t∈T

(τDi,t + φτEi,t)e
in
i,t∆t+

∑
t∈T

τRi,t(r
w
i,t − rini,t)∆t (27)

Constraints : (2) - (8)
Prosumer BESS Operation
echi,t − edsi,t = pBi ψ

B
i,t : ϕBi,t ∀i ∈ I, t ∈ T (28)

MODEL Prosumer operation model (POM)

Objective function for prosumer i
min

∑
t∈T

(τDi,t + τEi,t)e
w
i,t∆t

−
∑
t∈T

(τDi,t + φτEi,t)e
in
i,t∆t+

∑
t∈T

τRi,t(r
w
i,t − rini,t)∆t (29)

Constraints : (2) - (13)

The objective function is defined by (27), which incorpo-
rates DER investment, the energy bill calculated based on
energy and DN tariffs, and revenue from energy exports. This
revenue is valued at the energy tariff reduced by a factor φ.
Finally, the objective function includes the reactive energy
balance.

It is noteworthy that tariffs vary for every user and time,
thus they can be adjusted to a specific tariff definition.
In addition, distribution tariff τDi,t definitions are non-linear
functions (usually defined in several regimes that originate
non-linearities). Moreover, when equilibrium is reached, τDi,t
becomes a function of all prosumers’ decisions, capturing
economic relations among agents. Consequently, the prosumer
model is a Non-Linear Programming (NLP) model.

Finally, the BESS operation is determined in (28) according
to a power profile given by ψB

i,t, which is a time series
with values in the interval [-1, 1] representing normalized
charging and discharging rates. From the POM perspective,
this profile is defined exogenously. This methodology, unlike
eqs. (9) - (13), reduces the number of variables (no need
to use SoCi,t) and equations (replacing five inter-temporal
constraints with a single intra-temporal constraint), thereby
reducing the computational complexity.

In this regard, this article updates the profile ψB
i,t, optimizing

the profile through a Prosumer Operation Model (POM). Note
that the POM model considers a fixed amount of DER (pSi
and pBi ), and the BESS modeling utilizes the same equations
used by CPM in (9) - (13). Thus, the battery profile ψB

i,t is
the normalized charging and discharging rates given by (30).

ψB
i,t =

echi,t − edsi,t
pBi

∀i ∈ I, t ∈ T (30)

2) Upper level (proactive distribution planner) model:
The model considers a proactive distribution planner with a
social perspective, meaning that it minimizes both network

and prosumers cost. For this approach the planner considers as
objective function the equation(1), with the key difference that
optimal prosumer decisions from PIM are taken into account.
Note that in other contexts, where a DSO minimizes only the
network cost but keeping the prosumers decision decentral-
ized, a similar approach can be found in [14]. Accordingly,
the DIM is a bilevel NLP due to (31) (considering optimal
prosumers’ decisions).

It is noteworthy that, in this paper, the distribution network
does not include the installation of BESS as part of its portfo-
lio. While current regulations, particularly within the EU, may
permit grid operators to own BESS for specific grid-support
functions, they are generally prohibited from participating
in energy markets with these assets to avoid conflicts of
interest and ensure fair competition [35]. Future regulatory and
infrastructure planning should account for these limitations
and consider frameworks that enable the integration of BESS
into the distribution network in a manner that supports grid
reliability without compromising market integrity.

Unlike the CPM, the DIM represents the case where pro-
sumers aim to minimize their energy bills without considering,
or having knowledge of, the decisions of their peers.

MODEL Bilevel Distributed Investment Model (DIM) [NLP]

Objective:(1)
Constraints : Network constraints: (15) - (26)
psi , p

B
i , e

w
i,t, e

s
i,t, e

in
i,t, e

ch
i,t, e

ds
i,t, r

w
i,t, r

in
i,t ∈ argmin(PIM) (31)

C. Solving DIM: Gauss-Seidel algorithm

The bilevel DIM structure must be reformulated into a
single-level problem to be solvable by commercial solvers
[36]. However, this process is complicated by the distribu-
tion tariff, whose value depends on the prosumer’s decisions
making the problem non-linear. In fact, even in simple cases
(for instance a tariff with linear dependence), the variable
distribution tariff may introduce non-linearities to the problem
formulation as the tariffs are multiplied by the net energy
consumption which is also variable (27). Consequently, the
single-level formulation becomes a mixed-integer nonlinear
programming (MINLP) problem, which may lead to multiple
Stackelberg equilibria.

To address this challenge, the article proposes an iterative
Gauss-Seidel algorithm that solves the MINLP problem by
breaking it into multiple mixed-integer linear programming
(MILP) problem that can be solved iteratively whereas manag-
ing the non-linear components. The principles of this algorithm
are similar to those in [37], which was applied in the context
of generation market equilibrium under different carbon tax
definitions. Likewise, authors in [38] explored the Gauss-
Seidel algorithm for generalized Nash equilibrium problem.

For this purpose, it is initially assumed that τDi,t is constant,
which renders the POM linear and allows it to be replaced
with the MPEC equations, which are given by the first-order
conditions (Eqs. (32) to (40)), and the linearized complemen-
tary slackness associated with (2) - (8) and (28) according
to the Fortuny-Amat & McCarl linearization [39] using the
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MODEL Single-level DIM (S-DIM) [MILP]

Objective function:(1)
Constraints:(2) - (8)
Network constraints: (15) - (26)
First order conditions
As

i +As
iβi −

∑
t∈T

ψs
i,tϕ

s
i,t − σs

i = 0 ∀i ∈ I (32)

AB
i +AB

i βi −
∑
t∈T

ψB
i,tϕ

B
i,t − σB

i = 0 ∀i ∈ I (33)

τEi,t + τDi,t − λAi,t − σew

i,t = 0 ∀i ∈ I, t ∈ T (34)

−φτEi,t − τDi,t + λAi,t − σein

i,t = 0 ∀i ∈ I, t ∈ T (35)

ϕsi,t − λAi,t − σes

i,t = 0 ∀i ∈ I, t ∈ T (36)

ϕBi,t − λAi,t − σeds

i,t = 0 ∀i ∈ I, t ∈ T (37)

−ϕBi,t + λAi,t − σech

i,t = 0 ∀i ∈ I, t ∈ T (38)

τRi,t − λRi,t − σrw

i,t = 0 ∀i ∈ I, t ∈ T (39)

−τRi,t + λRi,t − σrin

i,t = 0 ∀i ∈ I, t ∈ T (40)
Linearized complementary slackness
As

ip
s
i +AB

i p
B
i −Ki ≥Muβi ∀i ∈ I (41)

βi ≤M(1− uβi ) ∀i ∈ I (42)

esi,t − psiψ
s
i,t ≥Muϕ

s

i,t ∀i ∈ I, t ∈ T (43)

ϕsi,t ≤M(1− uϕ
s

i,t) ∀i ∈ I, t ∈ T (44)

ewi,t, e
in
i,t, r

w
i,t, r

in
i,t,

esi,t, e
ch
i,t, e

ds
i,t ≤Muσ

∗

i,t ∀i ∈ I, t ∈ T (45)

σ∗
i,t ≤M(1− uσ

∗

i,t ) ∀i ∈ I, t ∈ T (46)

psi ≤Muσ
s

i ∀i ∈ I (47)
σs
i ≤M(1− uσ

s

i ) ∀i ∈ I (48)

pBi ≤Muσ
B

i ∀i ∈ I (49)

σB
i ≤M(1− uσ

B

i ) ∀i ∈ I (50)

uβi , u
σs

i , uσ
B

i ∈ {0, 1} ∀i ∈ I (51)

uϕ
s

i,t , u
σ∗

i,t ∈ {0, 1} ∀i ∈ I, t ∈ T (52)

big M technique (Eqs. (41) -(52)). Thus, the resulting model
becomes a single-level MILP.

Figure 3 presents a schematic representation of the algo-
rithm used to find the economic equilibrium, where boxes
represent models and ovals represent parameters derived from
model outputs. The process begins with a CPM execution,
which serves as a benchmark of the Stackelberg equilibrium
(see Figure 1 ). This provides initial estimates for key pa-
rameters such as the distribution tariff τ̂Di,t and BESS usage
profile ψB

i,t. Note that those parameters may be initialized
exogenously without the needs of CPM execution. These are
then refined through an iterative Gauss-Seidel loop. If the
recalculated distribution tariff τDi,t converges (within a toler-
ance ϵ), the Stackelberg equilibrium is achieved. Otherwise,
the algorithm continues with updated parameters via a POM
execution. The full iterative flow is illustrated in the Figure 3.

CPM execution

S-DIM execution

Initial tariff
estimates

BESS usage
profiles 

Linearized
network

constraints

POM execution

Gauss-Seidel loop

Recalculate
tariffs

Update tariff
estimates

Update BESS
profiles 

No

Yes

Equilibrium found

Fig. 3. Gauss-Seidel algorithm flowchart.

It is important to note that, in this context, the Gauss-Seidel
algorithm serves as a practical approach to solve the original
bilevel DIM problem—formulated as a nonlinear program
(NLP)—through successive iterations of mixed-integer linear
programs (MILPs), thereby reducing the original problem’s
complexity. While the algorithm does not provide a theoreti-
cal guarantee of convergence in non-convex settings, several
factors can influence its practical convergence when applied
to network and prosumer investment problems, as in this
article. For instance, in small systems with limited prosumer
diversity, the iterative algorithm may oscillate between two
states, preventing convergence. In this regard, if the lower-
level problem is convex [36] , the equilibrium is unique; thus,
in the event of convergence, the Gauss-Seidel algorithm will
reach this unique equilibrium.

D. Tariffs explored in this work

Regarding the energy tariffs, this work explores three op-
tions. First, flat tariff during the whole year, corresponding to
the average marginal cost of energy (MgC), weighted by the
corresponding demand. Second, a 2-block tariff, or 2-b, which
has two values across the day: a low value between midnight
and 6:59 am, and a high value between 7:00 am and 11:59 pm.
This scheme is based on the UK’s economy seven tariffs [40].
In both time windows, τEi,t is equal to the average marginal
cost. Finally, the third tariff is directly the MgC in every hour.

In this article, the reactive power tariff τRi,t is assumed to
be zero, which aligns with classical residential tariff struc-
tures. This simplification helps streamline the analysis while
remaining consistent with practical tariff designs.
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TABLE I
TARIFF EXPLORED IN THIS WORK

Distribution tariff Vol 100 Peak 0 Vol 10 Peak 90
Energy tariff MgC 2-b Flat MgC 2-b Flat

V oli,t =
DN∑

t′ p
w
t′ − pint′

(53)

Peaki,t =


0 if pwt − pint ≤ P

DN∑
t′∈T P pwt′ − pint′

otherwise
(54)

τDi,t = δV oli,t + (1− δ)Peaki,t (55)

Regarding the DN tariff, τDi,t captures the network costs
associated with meeting different demand levels. In this work,
the combination of two mechanisms is explored. First, the
volumetric tariff divides the cost of the DN by the total
net electricity demand for the system as in (53). Second,
the peak tariff divides the cost of the DN by the sum of
the net electricity demand over a threshold P (i.e., when
pwt −pint ≥ P , see 54). Therefore, during those times when net
demand is lower than a threshold P , the peak demand is 0. In
this article, the threshold is defined as the 90th percentile of
net electricity demand during the peak day, which corresponds
to the three highest demand hours on that day. This assumption
aligns with practical applications, such as the five coincident
peaks used by the system operator in Pennsylvania, New
Jersey, and Maryland (PJM) [41], and the electricity triads
applied by National Energy System Operator (NESO) in Great
Britain [42]. In both cases, a set of peak hours is considered
rather than a single value.

Thus, two linear combinations for the distribution tariff are
explored as stated in 55, with δ equal to 100% (namely Vol
100 Peak 0) and 10% (Vol 10 Peak90).

Finally, Table I shows the six different tariffs explored in
this work, considering three tariffs for energy and two for
distribution. Note that whereas the algorithm is capable of
handling tariffs with different prices for each prosumer, for the
sake of simplicity and to make the results more intuitive, in this
article, the tariffs are assumed to be uniform across all users.
However, future analyses could incorporate more sophisticated
tariff structures. For instance, distribution tariffs may reflect
zonal cost differences [43], [44] , or include reductions for
vulnerable groups to promote equity [45]. In such cases,
the distribution tariff τDi,t for prosumer i would depend on
the specific tariff definition, resulting in user-specific values.
Nevertheless, the proposed model remains applicable under
these more complex tariff scenarios.

III. RESULTS

A. Case studies definition

The studies presented in this work are conducted using
a modified version of the IEEE 37-bus feeder [46], which
includes 14 prosumers and 11 consumers. Four user classes are
defined: no-budget (consumers), low-budget, middle-budget,
and high-budget users. Three zones are arbitrarily defined to
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Fig. 5. Demand for every prosumer and consumer of the three representative
days. The x-axis represents 24 hours.

separate different neighborhoods where users have similar bud-
gets (i.e., low, mid, and high). It is worth noting that consumers
(no-budget users) are located in every neighborhood. Figure 4
illustrates the network topology and the users’ locations.

The energy needs of every user are represented by their
active and reactive power demand (DA

i,t and DR
i,t with a power

factor of 0.95 for every prosumer and consumer) for three
representative days, obtained using the CREST demand model
[47], which is a bottom-up model for simulating electricity
demand in residential dwellings. These days correspond to typ-
ical summer and winter profiles, and peak demand conditions
(see Figure 5).

Energy can be procured from the bulk power system through
the primary substation at the hourly marginal cost of energy
CA

t . Two different marginal cost sensitivities are studied, as
shown in Figure 6 The first sensitivity involves marginal
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TABLE II

LOCATION OF NETWORK USERS AND THEIR BUDGET PER ZONE

User Annuitized budget Tag
Consumers $0 No budget
Prosumers zone 1 $50 Middle-budget
Prosumers zone 2 $100 High-budget
Prosumers zone 3 $25 Low-budget

costs varying between 50 and 85 $/MWh, which are typical
cost ranges for thermal-based systems. The second sensitivity
considers a marginal cost series equal to 0 $/MWh during
the middle of the day (i.e., period with high solar generation
outputs), rising to 150 $/MWh in the evening to keep the
average marginal cost of the whole day. This case is inspired
in a system with excess of renewable generation (solar PV).
In both cases, the marginal cost has an average value of 65
$/MWh. Users purchase energy at the energy tariff τEi,t and
sell energy at a fraction φ = 0.1 of the energy tariff τEi,t.
Reactive power marginal costs CR

t are assumed to be 5% of
the marginal cost of energy. τRi,t is set to zero.

Additionally, the DN investment costs are set to Al = 90
$/kW-km-yr. For the l = 0, Al accounts for the transformer
cost. Additional information and technical parameters can be
found in the case study repository [48]. It is worth mentioning
that given the long-term view, the network is planned from
scratch in a greenfield fashion. This approach is utilized in
Chile and other Latin American countries [49].

The budget Ki per user is provided in Table II. The PV
investment costs As

i are set to 150 $/kW-yr according to
current conditions [50]. The BESS costs are set as AB

i at 120
$/kW-yr, and the capacity Hi is 4 hours.

B. Analyses performed

Tariff structures and non-cooperative strategies influence
system-level costs. However, these costs may not be evenly
distributed among users. At the user-level, some users may
benefit (comparing their costs with no DER installation), while
others bear higher costs due to inefficiencies (sub-optimal
solutions) and the benefits enjoyed by other users. This section
quantifies these effects through two analyses:

1) System-level analyses: This section demonstrates Stack-
elberg inefficiencies, defined as the difference between the
total costs of the CPM and DIM. Stackelberg inefficiencies
are quantified for six combinations of energy and distribution

tariffs, considering solar PV and BESS as DER technologies.
The equilibrium is compared against two benchmarks:

a) The scenario where no user invests in DER (No DER
installations).

b) The scenario where DER investment results from the
CPM (CPM costs).

2) User-level analyses: This section explores the distribu-
tion of costs among users with different budgets (no, low-,
mid-, and high-budget). Total billing costs and DN cost alloca-
tion for the six different tariffs are compared. Additionally, as a
benchmark, the scenario where there is no DER investment (all
users are charged the same amount) is considered. This allows
us to analyze if DER has improved the economic position
of specific users. Meanwhile, CPM is not considered as a
benchmark, as this is not an equilibrium.

3) Sensitivity of marginal cost of energy: This section
explores the robustness of the conclusions by analyzing the
equilibrium when marginal energy costs are driven by renew-
able generation (see Figure 6). In this context, the main trends
in efficiency and equity are compared with the base case,
where marginal costs are driven by thermal generation.

4) Computational performance: This section examines the
computational performance of the algorithm, highlighting key
variables affecting computational burden and presenting ex-
ploratory results of the proposal.

C. System-level analyses

Figure 7 shows the system-level costs. The CPM cost is
10.2 k$-yr (red dashed line), representing savings of 4.5%
compared to the no DER costs (green dashed line). Meanwhile,
DIM costs are approximately 1.9% higher than the CPM cost.
These results highlight the importance of a holistic review
of tariffs and the undesirable effects of updating only one
component of the tariff. For instance, with the distribution
tariff Vol 100 Peak 0 (Figure 7, left), total system costs remain
the same regardless of the energy tariff. Conversely, for Vol
10 Peak 90 (Figure 7, right), total system costs for the 2-b
and flat energy tariffs are higher compared to the volumetric
tariff. Thus, partial modifications of tariffs could lead to a
more inefficient equilibrium, even if the change is “in the right
direction”.

DER investment (Figure 8) strongly depends on the tariff
arrangement. When the distribution tariff is Vol 100 Peak 0,
Figure 8 shows a massive deployment of solar PV without
storage installation, regardless of the energy tariff.

The explanation lies in the comparison between the total
tariff paid by prosumers and the Levelized Cost of Energy
(LCOE) of solar PV technology. Figure 9 presents various
tariff structures throughout a typical day and during the peak
day. It is important to note that, in this study, tariffs are uniform
across all prosumers, as indicated by equations (53),(54),(55)
. Additionally, in each case, the LCOE associated with solar
PV is also shown.

In the scenario with a distribution tariff of Vol 100 Peak
0, prosumers choose to deploy solar PV because its LCOE
(42 $/MWh) is lower than both the import and export tariffs.
This is illustrated in the first column of Figure 9, where the
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LCOE—represented by the red dashed line—remains below
the tariff levels at all times.

Conversely, for the Vol 10 Peak 90 distribution tariff, the
solar PV LCOE is between the total export and import tariffs.
In this case, prosumers are incentivized to install DER for
self-consumption only. Thus, BESS installation depends on
the energy tariff. With flat and 2-b energy tariffs, only a small
fraction of the total budget is invested in storage, driven by
the high peak of the distribution tariff during peak days. For
flat or 2-b electricity tariffs, there are no incentives for energy
arbitrage. Meanwhile, with the MgC energy tariff, incentives
for BESS investment increase because energy arbitrage can be
included in the prosumer’s revenue stream.

Finally, it is worth noting the higher peaks of Vol 10 Peak
90 during the peak day (see Figure 9, bottom right chart). In
this context, BESS systems receive the price signal to operate
accordingly, thereby helping the system defer DN investments.

Remarkably, in all the above-mentioned cases, the network
did not require reactive compensators to meet statutory voltage
limits, as the voltage remained within the feasible operating
range. To be specific, in this case study, node 1 presented a
voltage of 1.03 per unit, which is the node with the highest
voltage. Given the low demand levels, the voltage at the
extreme nodes (nodes 30 to 37) showed a maximum voltage
drop of only 0.1% during the peak day.
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Fig. 9. The charts depict the obtained tariffs after solving the DIM model
(Stackelberg’s equilibrium). The first column shows the Vol 100 Peak 0 dis-
tribution tariff, and the second column shows the Vol 10 Peak 90 distribution
tariff. The top row indicates the summer/winter period, and the bottom row
shows the peak day. Each chart displays the LCOE of solar PV (red dashed
line). For each energy tariff, the total tariff for imports is shown with a
continuous line, and the export tariff with a dashed line. Exports are valued
at φτEi,t + τDi,t. The x-axis represents the 24 hours of a day.

D. User-level analysis

The results of this section highlight that, even if the im-
pact on efficiency in terms of cost is limited, tariffs have a
significant impact on cost allocation among users.

Figure 10 shows the distribution of system costs for different
DER budgets and tariff schemes. Note that even though the
tariff values are uniform across prosumers, net energy demand
varies across socioeconomic sectors, driven by differences
in DER installation. As a result, the actual costs faced by
prosumers differ depending on their socioeconomic group.
Therefore, the figure presents the average cost, grouped by
budget level. The same applies to Figure 11 , which shows
the average distribution cost.

In Figure 10, the charts illustrate that the distribution
network tariff plays a key role in the equity of system
cost allocation. The most unequal solution occurs when the
distribution tariff is purely volumetric (Vol 100 Peak 0). In
this case, there is a cost gap between high- and no-budget
users, where high-budget users face costs 35% lower than no-
budget users.

This cost gap between high- and no-budget users is reduced
when Vol 10 Peak 90 is applied. With the 2-b or flat energy
tariffs, the gap is around 14%. For the MgC energy tariff, the
gap reaches 16%. This difference is due to the extra revenue
high-budget users earn through energy arbitrage with batteries.

Another aspect to consider is the additional costs paid by
no-budget (and in some cases, low-budget) users compared
to the no-DER installation scenario. For instance, no-budget
users have to pay $46 more per year when the Vol 100 Peak 0
distribution tariff is applied (see Figure 10, right), representing
10.9% more than the no-DER installation scenario. This extra
cost comes directly from the additional cost of distribution
charges. Figure 11 shows the DN charges under different tariff
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schemes. For Vol 100 Peak 0 (Figure 11, left), no-budget users
pay $46 more per year in DN charges compared to the no-
DER solution, demonstrating that the additional cost is due
to network charges. A similar analysis for high-budget users
shows that they save an average of $53 per year with the Vol
100 Peak 0 distribution tariff (Figure 10, left), representing
29.5% less than the no-DER installation scenario. Of this,
$35 per year are savings in distribution charges, while the
remaining $18 per year are related to benefits from the energy
tariff component.

Conversely, when Vol 10 Peak 90 is applied, there are minor
additional costs for no-budget users (around $5 per year, about
1% of no-DER costs), fully explained by distribution charges
(Figure 11, right). For other users, their savings are explained
by a mix of energy and distribution network charges.

These results underscore the importance of cost-reflective
tariffs in reducing cross-subsidies in the undesired direc-
tion—that is, from no-budget users to high-budget users. These
cross-subsidies arise from the way network costs are allocated
among all prosumers and consumers. Distorted tariffs, such
as the Vol 100 Peak 0 structure, lead to a cross-subsidy in
network charges, with no-budget users effectively subsidizing
high-budget users.
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Fig. 12. The figure illustrates the system-level cost for the case of marginal
cost driven by renewable generation. The distribution tariff is specified at the
top of each tariff. The x-axis represents the energy tariff. The red dashed line
indicates the CPM cost, while the green dashed line represent the system-level
cost in the absence of DER investment.

E. Sensitivity of Marginal Cost of Energy

To analyze the robustness of the conclusions presented
above, a sensitivity analysis of the results to the considered
marginal energy costs is performed. The system-level costs
results are shown in Figure 12. These results reinforce the
importance of a holistic approach to tariff design.

For instance, taking as a reference the scheme based on a
flat energy tariff combined with a Vol 100 Peak 0 distribution
network tariff, a partial change involves modifying either the
energy tariff or the distribution tariff, but not both. In this
case, a partial change in the energy tariff has a negligible
impact on system costs. Similarly, a partial adjustment of the
distribution tariff to a Vol 10 Peak 90 configuration reduces
costs by only 1.3%. In contrast, a holistic shift toward a cost-
reflective tariff—using a MgC energy tariff combined with a
Vol 10 Peak 90 distribution tariff—leads to a 13.1% reduction
in system costs.

Focusing on this sensitivity analysis, a noteworthy finding
is that certain tariff structures can lead to higher system costs
than in scenarios where prosumers do not install distributed
energy resources (DER). In such cases, the tariffs incentivize
prosumers to install solar PV even when the marginal cost of
energy during the day is zero, simply because the tariff remains
higher than the LCOE of solar PV. As a result, the LCOE of
energy injected by prosumers becomes more expensive than
the energy available from the bulk power system.

It is important to note that when tariffs are cost-reflective,
the incentives are aligned with system costs. Consequently, the
resulting equilibrium is less expensive compared to any other
studied tariff scheme.

The user-level analysis is shown in Figure 13. It is observed
that cost allocation across different socioeconomic groups
changes with the tariff design, thereby affecting the distri-
butional aspects of the resulting equilibrium. Using the Flat
energy tariff and Vol 100 Peak 0 distribution tariff as the
base case, high-budget prosumers pay, on average, 36% less
than no-budget prosumers (referred to as the cost gap). When
only the energy tariff is changed to the MgC energy tariff, the
cost gap decreases to 22%. Alternatively, modifying only the
distribution tariff to Vol 10 Peak 90 reduces the gap to 14%.
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TABLE III
EXECUTION TIME [S]. FOR SOLVING THE SINGLE LEVEL DSM WITH

GAUSS-SEIDEL ALGORITHM

Distribution network tarfff Vol 100 Peak 0 Vol 10 Peak 90
Energy tariff MgC 2-b Flat MgC 2-b Flat
Execution time [s] 62 58 56 692 133 105

Interestingly, in the case of a fully cost-reflective tariff (MgC
energy tariff combined with Vol 10 Peak 90), the attractiveness
of the results depends on the perspective of fairness or equity.
In this scenario, high-budget prosumers pay 44% less than
no-budget prosumers, indicating a highly unequal outcome.
However, it is important to note that even no-budget prosumers
benefit from reduced average energy costs, despite being
unable to invest in DER. This is due to reduced network
costs, as other prosumers install batteries to avoid network
reinforcements. Consequently, the fairness of the equilibrium
depends on the chosen social objectives and how fairness is
defined within the policy framework.

It is also worth noting that the user-level results highlight
how cost-reflective tariffs reduce cross-subsidies from no-
budget to high-budget prosumers, reinforcing the findings
obtained under marginal costs driven by thermal generation. In
fact, when the energy tariff is set to MgC and the distribution
tariff to Vol 10 / Peak 90, no-budget prosumers see a reduction
in their costs compared to the scenario in which no prosumers
install DER. This suggests the emergence of cross-subsidies
from high-budget to no-budget prosumers—an outcome that
may fulfill a valuable social role.

F. Gauss-Seidel algorithm performance

The studies were performed on an Apple M1 Pro laptop
with 16 GB RAM. Table III shows the time to converge for a
single-level DIM using the proposed Gauss-Seidel algorithm.
In general, the algorithm increases its complexity with the
granularity of the tariffs. In this sense, the peak tariff implies
higher computational times compared with purely volumetric
cases. The energy tariff also impacts the computational burden,
with the MgC energy tariff being the more complex (up to 5
times the computation times utilized by the 2-b energy tariff).

IV. DISCUSSION

In this article, the proposed DIM formulation corresponds to
a deterministic model, where a proactive distribution network
planner has perfect information, prosumers make rational
decisions to minimize their costs, and their investments are
limited by their budgets, which is the case in jurisdictions
without specific mechanism such as feed-in-tariff or special
subsidies to DER. In this context, the DIM solution represents
a Stackelberg equilibrium, allowing for an assessment of the
efficiency and fairness of the equilibrium under the stated
assumptions.

Focusing on the case study, rather than on the modeling
considerations, it analyzes DER deployment through a set of
homogeneous prosumers, distinguished by their location and
investment budgets for DER. This assumption is useful for
examining how income differences influence DER adoption
levels. However, the conclusions derived from the model
should be interpreted having in mind homogeneous prosumers
assumption and socioeconomic factors characterized by the
budget only. Therefore, rather than focusing on numerical
outcomes for specific individual, the presented results and
analysis emphasize general trends in how the Stackelberg
equilibrium is comparatively affected at both the system and
user levels.

The proposed model allows us to draw two main conclu-
sions that remain consistent across the sensitivity studies (i.e.,
variations in the marginal cost of energy). Firstly, it is essential
to analyze tariffs as a whole—including both energy and
distribution components—rather than treating them as isolated
elements. It is also crucial to assess their impacts at both the
system and user levels. Partial updates to either the energy or
distribution component carry the risk of unintended outcomes,
such as the integration of DERs without system-level benefits,
which may also negatively impact vulnerable users.

Secondly, cost-reflective tariffs can potentially reduce cross-
subsidies from low- to high-budget users. This is a significant
result, considering that volumetric distribution tariffs and flat
tariffs are distortive and still widely used (for instance, these
are common in Latin America [49]). When such tariffs are in
place, in the Stackelberg equilibrium, low-budget prosumers
bear additional costs associated with DERs (related to network
costs shared with other prosumers). A cost-reflective tariff
improves this situation by reducing the burden placed on low-
budget prosumers.

In this context, the role of the proposed model is to serve as
a tool to support the tariff-setting process, providing a means
to quantify the potential efficiency and fairness of a given
tariff scheme and to create benchmarks for comparing different
tariff options. Likewise, minor modifications to the objective
function can be made to allow the proposed model to only
capture the perspective of a distribution system owner (e.g.,
by removing the terms related to prosumer investments).

It is important to emphasize that this article the focus is
on the impact of budget distribution across different con-
sumers groups. However, other socioeconomic factors may
also influence the equilibrium. Prosumers may be motivated
to change their energy consumption patterns by various factors
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beyond their income. For instance, as explored in [32] some
factors that may influence electricity demand patterns include
economic capacity and energy costs, as well as climate and
dwelling location, physical dwelling characteristics, household
activities and services, and socio-demographic traits (e.g.,
education, age of inhabitants), among others. Consequently,
further analysis is required to incorporate a set socioeconomic
factors and to generate more comprehensive findings.

Likewise, Stackelberg models can be understood as a subset
of broader models in which prosumers may pursue objectives
beyond cost minimization. In this regard, agent-based models
[51] offer a framework for incorporating behavioral aspects.

V. CONCLUSIONS

This paper investigates the long-term equilibrium of DER
and DN capacity expansions, focusing on consumers with
varying budget constraints for DER investments. To support
this analysis, we propose a novel equilibrium model incorpo-
rating budget limitations while considering detailed AC power
flow calculations over the DN. This is critical, as the DN’s high
R/X ratio prevents the use of linearized power flow models.
Additionally, we propose a solution strategy employing a
Gauss-Seidel algorithm to address certain non-linear terms
within the model formulation. While this algorithm itself is
well-established, its application in this context is innovative,
enhancing its significance and contributing to the overall
methodological framework.

Through multiple case studies, we observe significant im-
pacts of tariff schemes and budget levels on long-term equi-
librium outcomes. In this regard, the conclusions highlight
the risk associated with tariff-setting process by quantifying
the efficiency and cost allocation among prosumers of the
long-term equilibrium. Likewise, through the analysis it is
possible to observe how cost-reflective tariffs tends to diminish
cross subsidies in unintended direction (from low to high-
budget prosumers), diminishing the relative cost of low-budget
prosumers.

Future studies could explore the inclusion of behavioral
elements in assessing the long-term equilibrium of prosumer
investments, as well as non-financial aspects, such as a more
detailed characterization of demand across different socioeco-
nomic groups.
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“Activating the potential of decentralized flexibility and energy resources
to increase the ev hosting capacity: A case study of a multi-stakeholder
local electricity system in Norway,” Smart Energy, vol. 3, p. 100034,
2021.

[14] M. Askeland, S. Backe, S. Bjarghov, and M. Korpås, “Helping end-
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