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Abstract—This study proposes a hierarchical optimization
model to coordinate Distributed Energy Resources (DERs)
dispatch between Transmission System Operators (TSOs) and
Distribution System Operators (DSOs), aiming to minimize op-
erational costs, enable multi-period economic dispatch, optimize
storage operations, and facilitate clean energy markets. In this
regard, the TSO-DSO coordination is formulated as a bilevel opti-
mization problem, where medium-voltage distribution networks
(MV-DNs) act as leaders, optimizing DER operation based on
load consumption and defining energy requirements for the TSO.
The high-voltage transmission network (HV-TN) functions as a
follower, dispatching DERs to meet the energy demands set by
the MV-DNs. The DC optimal power flow (OPF) formulation
is used to model HV-TN constraints, while the second-order
cone relaxation of AC-OPF represents the MV-DN limitations. To
address the nested complexity of the model, the Karush-Kuhn-
Tucker (KKT) conditions and the Big-M method are applied to
convert the bilevel problem into a single-level problem, making
it computationally tractable. The model is tested on the IEEE
30-bus system for the HV-TN and the IEEE 33-bus system for
the MV-DNs. The results demonstrate the model’s effectiveness
in minimizing operational dispatch without voltage or congestion
issues, with boundary variables satisfying equality constraints.

Index Terms—Hierarchical optimization, Energy market op-
timization, Distributed energy resources, Transmission network,
Distribution network

I. INTRODUCTION

The ongoing decarbonization of the energy sector, driven
by the need to reduce CO, emissions and mitigate climate
change, demands a rapid and large-scale integration of zero-
carbon energy sources [1], [2]. To meet global climate goals
and limit global warming to 1.5°C, renewable generation must
grow at an annual rate of 16.4% by 2030, with wind and solar
expected to contribute at least 30% of electricity production
[3], [4]. As Distributed Energy Resources (DERSs), particularly
renewable sources, are increasingly integrated into the power
grid [1], they introduce new operational complexities. Their
variability and decentralization challenge conventional plan-
ning and operation paradigms for both Transmission System
Operators (TSOs) and Distribution System Operators (DSOs),
leading to issues such as voltage deviations and congestion
(51, [6].

These challenges are further exacerbated by sector elec-
trification and the increasing interconnection between trans-
mission and distribution levels, underscoring the need for
improved TSO-DSO coordination [5]. DERs, however, also
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offer significant flexibility, especially when integrated with
storage and demand-side management systems. This flexibility
has fostered the development of new mechanisms such as
flexibility markets, where aggregators and energy communi-
ties support overall grid operation [7]. Yet, several research
challenges remain: how to efficiently integrate DER flexibility
into energy markets, how to coordinate decentralized DER
operation, and how to design optimization models that ensure
feasible and cost-effective coordination between TSOs and
DSOs [5].

Thus, coordination schemes between TSOs and DSOs have
been broadly classified as centralized, hybrid, and decentral-
ized [8] to tackle these issues. Among them, decentralized
and hierarchical structures have gained attention for reducing
computational complexity while preserving operator auton-
omy [6]. These models often use linear or mixed-integer
nonlinear programming, with Optimal Power Flow (OPF)
constraints embedded to represent the physical characteristics
of power networks. In this regard, recent literature emphasizes
the potential of hierarchical optimization models, particularly
those based on bilevel structures, where decision-making is
distributed across multiple layers [9], [10]. These frameworks
can incorporate both deterministic and stochastic elements
depending on system uncertainty [11], [12], and are well-
suited for scenarios with high DER penetration. Common
solution techniques include the use of Karush-Kuhn-Tucker
(KKT) conditions and the Big-M method to reformulate bilevel
problems into single-level equivalents for tractable implemen-
tation [11], [13], [14].

This paper contributes to this growing body of work by
proposing a hierarchical, multi-leader single-follower opti-
mization model for coordinating the dispatch of DERs across
interconnected TSO-DSO networks. In this setting, multiple
DSOs act as independent leaders, optimizing their DER dis-
patch over multiple time periods, while the TSO, acting as
the follower, adjusts the transmission-level dispatch to meet
the aggregated energy requirements from the DSOs. This
structure captures the decentralized decision-making logic of
modern power systems while ensuring coordinated and feasi-
ble operation at the transmission level. The proposed model
enables multi-period economic dispatch, incorporates storage
operation, and serves as a foundation for more advanced
market coordination schemes involving DERs.



The remainder of this paper is organized as follows: Section
II describes the market framework and methodology. Section
IIT details the mathematical formulation of the proposed opti-
mization model. Section IV presents the case study and com-
putational results. Finally, conclusions are drawn in Section
V.

II. MARKET FRAMEWORK AND METHODOLOGY

This study assumes a hierarchical coordination framework
between the TSO and the DSO for the dispatch of DER. The
primary goal of the DSO is to optimize local DER operations,
enabling multi-period economic dispatch and maximizing the
utilization of distributed generation within distribution net-
works (DN). Meanwhile, the TSO focuses on integrating these
optimization outcomes into the transmission network (TN) to
maintain overall system stability. The coordination framework
follows a bilevel approach, where the DSO acts as the leader,
making operational decisions regarding DER management,
including photovoltaic generation dispatch, energy storage,
and demand response. In turn, the TSO adjusts TN dispatch
according to the constraints imposed by the DN. This structure
grants the DSO direct control over DERs within its area of
influence while preserving the TSO’s responsibility for system
reliability and balance.

The model implements a day-ahead scheduling scheme,
where the DSO transmits dispatch signals to the TSO. The
TSO then performs adjustments to ensure transmission con-
straint compliance and maintain system operational security.
Real-time information exchange between operators is essential
to maintain consistency in decision-making across hierarchical
levels. The proposed methodology for coordinating DER dis-
patch between the DSO and TSO is structured sequentially,
advancing the development of a hierarchical optimization
model focused on minimizing operational costs, enabling
multi-period economic dispatch, optimizing storage opera-
tions, and supporting clean energy markets. The key stages
of the methodology are as follows:

1) Deterministic Economic Dispatch Model: A bilevel op-
timization model is formulated to coordinate energy
exchange between the TSO and a single DSO for a
single time period. The DSO (leader) optimizes DER
operations, while the TSO (follower) adjusts dispatch
to meet the DSO’s energy demands. To simplify com-
putation, KKT conditions and the Big-M method are
applied, transforming the bilevel problem into a single-
level formulation. This model serves as the foundation
for further developments.

2) Extension to Multiple DSOs: The model is expanded
to consider two DNs, introducing the coordination of
multiple DSOs. This extension accounts for interactions
between distribution areas, enhancing the model’s real-
ism by reflecting the complexity of real-world power
systems.

3) Multiperiod Approach: The base model is adapted to
handle multiple time periods, capturing variations in

energy demand and supply while considering the inte-
gration of time-dependent DER operations.

4) Incorporation of DER Technologies: DERs such as
batteries and solar panels are integrated into the model,
enhancing flexibility and storage capacity within dis-
tribution networks. This inclusion also addresses the
variability of solar generation and battery charging,
enabling more accurate modeling of resource behavior.

III. OPTIMIZATION MODELS

The mathematical model presented below is an extended
version of the bilevel optimization problem, which is trans-
formed into a single-level problem. In this model, the DSO
acts as the leader, and the TSO as the follower. This structure
is possible because the problem can be represented as convex
at the TSO level, allowing it to be treated as a follower within
the optimization formulation. In this context, the DSO defines
the energy requirements and the operation of DERs based on
load consumption, while the TSO dispatches energy to meet
those requirements. To address the hierarchical complexity of
the model, KKT conditions and the Big-M method are applied
to convert the bilevel problem into a single-level problem,
making it computationally tractable. Additionally, constraints
are incorporated for batteries and photovoltaic panels inte-
grated into the distribution networks. In this formulation, the
superscript D denotes variables and parameters related to the
DSO, while the superscript 7" corresponds to those associated
with the TSO.

The sets used in the mathematical model can be seen in
Table 1. Since the model is being worked on in multiple
periods, the constraints will apply V¢ € T.

Table 1
Sets Used in the Mathematical Model.
Symbol Definition
i€ Qr Set of transmission system buses.
1€Qp Set of boundary buses connecting the transmis-
sion and distribution systems; {5 C Q7.
i € Qp, Set of buses of the distribution system k, such
that k£ € Qp.
i€ Qp, Set of boundary buses of the distribution sys-
tem k, such that k£ € Qp.
(i,5) € L1 | Set of transmission system lines, such that
Lr={(7);i,j € Qr}.
(i,j) € Lp | Set of distribution system lines, such that
Lp={(7);i,j € QUp,}
teT Set of time.

Objective Function:

min z = Z Z Z C’ai(pvﬁ)? + C’bi(pvﬂ) + Ce;

teT keQp i€Qp,

+Y D Y wlpg?)

teT k€Qp i€Qp,
(1
In this model, the objective function, represented in
expression (1), aims to minimize the costs associated with



energy generation at the buses of each DN, as well as to
minimize the amount of energy transferred from one system
to another at each substation. The active power generated
by the photovoltaic panels (pv”) contributes to the local
energy supply, while the active power generated from the
boundary bus (pg?) represents the energy exchanged between
interconnected networks. The generation costs of the unit
are modeled as a quadratic function, where Ca, Cb, and Cc
represent the quadratic, linear, and constant cost coefficients,
respectively.

DSO Constraints:

Z pl?]}t - Z (ij,Z t RJDZEJ i, t)

(i,5)€L (J9)eL 2a)
pob, — ehP +dsP? — PLE, vie Qp 4
pgz,t VZ S QB

Z qil?jyt - Z (qu,i,t - Xj?ing,i,t) = qgi?t - QLft
(i,)€L (§)EL
(2b)
U]L,)t = (Rz ]pz,] t + Xz Jq7‘7]) ) (2C)
2 2 o
+ (RDi + X7 )ngzt V(i,j) € Lp

Y(i,j) € Lp (2d)
Vie Qp (2e)
VieQp (21)
W(i.j) € Lp (g)

Constraint (2a) represents the active power balance at the
bus, which varies depending on whether it is at a DN bus or
a connection bus. The active power in the line between buses
(pP) captures the power transferred through the network, while
the resistance between buses (R”) and the current in the line
(¢P) influence the power losses. The active power load at the
bus (PLP) reflects the energy demand, while the charge and
discharge power in the battery (chP%, ds%*) account for the
storage dynamics.

Constraint (2b) represents the reactive power balance at the
DN bus Vi € Q2p, considering the reactive power in the line
between buses (¢”) and the reactance between them (XP).
The reactive power generated at the bus (gg”) contributes to
meeting the reactive demand, while the reactive power load
(QLP) accounts for the consumption at the bus.

Constraints (2¢) and (2d) represent the power flow re-
laxation, while constraints (2e) and (2f) establish the limits
for reactive power and voltage at the bus, respectively. The
voltage of the bus (v”) must remain within the minimum and
maximum allowable limits (VP mm, vD mm). Similarly, the
reactive power generated at the bus is bounded by the min-
imum and maximum values (QGP™", QGP™""). Finally,
constraint (2g) defines the current capacity of the line, ensuring

(piDjt)2 + (qiDj t) < Ejztvzt
min
QGD < qg5; < QGP;

D Dm(LT
g'l]f S I

Dmaa:

that the current between buses does not exceed the maximum
limit (IDmaw)

Photovoltaic Panel Constraint:
pof, < PV VieQp (3)

Constraint (3) represents the photovoltaic generation at
the node, where the maximum active power (PVP Y s
limited by the panel capacity (vP"").

Battery Constraints:

1
socPpty = socPPt + (Pt eh Dt — DT dsPPh At (4a)
SOCTIAPY < soclP < SOCHM AP (4b)
chftbt < pBP bt(wftbt) (4¢)
dsPP < PBPY (1 — wPP') — PBPY (1 - vP™) (4d)
wpt < v (4e)

Constraints (4a) and (4b) represent the battery state of
charge and its stored charge limits, respectively. Meanwhile,
constraints (4c) and (4d) represent the limits for charge and
discharge. On the other hand, constraint (4e) allows deciding
whether the battery charges or discharges if it is installed
at the node. The battery state of charge (socP?!) reflects
the stored energy level, while the charging and discharging
efficiencies (pP°", ©P9%) determine the effectiveness of
each process. The minimum and maximum battery charge
states (SOCDY — SOCDY ) define the operational limits.
The battery capacity (y”%*) indicates the maximum energy
storage potential, and the maximum charging/discharging
power (PBP) limits the power exchange rate. A binary
variable (wP?") indicates whether the battery is discharging
(1) or not (0), while another binary variable (v°%) denotes
the presence of an installed battery. Constraints (4) apply
Vi € Qp.

Feasibility Conditions:

Z pfj,t *pgiqjt + PLZt =0 tA1i6 ER (52)
(4,5)€L

> pli+pll =0 :Apis €R (5b)
(4,5)€L
ngng‘t - eth + 9] = Azt €R (5¢)
pr— ST <0 Cpaige >0 (5d)
pgt, — PGT <0 i >0 (5¢)
pl, — PLE" <0 S pizi >0 (50)
VT?“" vl <0 e >0 (52)
ol — VTW <0 s >0 (5h)

Constraints (5) arise after deriving the Lagrangian equation
with respect to the vectors of KKT multipliers (¢ and ).
The bus angle (67) represents the voltage phase angle at
the transmission bus, while the maximum apparent power
(ST™™") defines the upper limit of power transfer between



buses. Constraints (5a), (5e), (5g) and (Sh) apply Vi € Qrp.
Constraints (5b) and (5f) apply Vi € Qp. Finally, constraints
(5¢) and (5d) apply V(i,j) € L.

Stationary Conditions:

2Cai(pg}y) + Cbi — Mgy + p2,ie =0 L P9y (6a)
Ao+ pzie =0 : plft (6b)
Al + A2 + M1+ AS,i,j,tXZj =0 pz:j’t (6¢)
M5t — fat =0 : vin (6d)

Z A3t — A3,ije =0 : 9sz ¢ (6e)
(i,5)eL

Constraints (6) arise after deriving the Lagrangian equation
with respect to the variables of the problem. Constraints (6a)
and (6d) apply Vi € Q. Constraint (6b) applies Vi € Qp.
Finally, constraints (6¢) and (6e) apply V(i,7) € Lr.

Boundary Constraints:

Pl = gl Vk € Qp, YieQp, (7)

Constraint (7) represents the condition where the demand at
the connection bus must be equal to the power supplied by the
substation at that connection bus. The active power load of the
distribution network (pl”) ensures that the power balance is
maintained between the substation and the connected network.

Big-M Slack Conditions:

Pl — ST < M(1—an,) g €[0,1] (8a)
Pt < Mo ) s €[0,1] (8b)
pgt, — PGT] < M(1— az,) tagig €10,1] (8¢
Py < M(oot) tagge €[0,1] (8d)
plP, — PLE™™ < M(1 - a3,) tazie €10,1]  (8e)
pzie < Masiyt) tagig €0,1) (8
VT;nm — vgt <M(1—aqq) tagg €10,1 (8g)
pair < M(out) taa;y €[0,1]  (8h)

— VI < M(1 - as,i4) tasie €10,1] (8
Msie < M(as,it) tasgy € [0,1] (&)

Constraints (8) arise after applying the Big-M method to
linearize the original balance conditions. The Big-M constant
(M) is a large positive number used to enforce the activation or
deactivation of specific constraints. Continuous variables ()
take values within the interval [0,1], representing proportional
factors that influence the linearization process.Constraints (8a)
and (8b) apply V(¢,j) € L. Constraints (8c), (8d), and (8g)
to (8j) apply Vi € Q. Finally, constraints (8¢) and (8f) apply
Vi € Qp.

IV. CASE STUDY AND COMPUTATIONAL RESULTS

The model was implemented in Python-Pyomo using the
Gurobi 10.0.3 solver and executed on an AMD Ryzen 5 7600X
(4.70 GHz, 32 GB RAM).

Transmission System

Distribution System

Distribution System

15

Fig. 1. Case Study. Schematic Representation TSO-DSO.

The model was tested on the IEEE 30-bus HV-TN and IEEE
33-bus MV-DNs (Fig. 1), with DNs connected at TN nodes
4 and 21. Each DN includes 20 batteries and 28 photovoltaic
panels, with a 24-hour operation period.

The optimal objective value ranges from 51,876.4657 to
51,876.7795 [$], with a reported lower bound of 51,876.47
[$]. The problem, consisting of 42,528 constraints and 31,009
variables (binary, integer, continuous), was solved optimally
in 0.665 seconds, demonstrating excellent convergence and
scalability.

Power flows remain within capacity limits, indicating no
congestion, while voltage levels in both TN and DNs stay
within the 0.95-1.05 p.u. range, reflecting stable and efficient
operation. Solar generation helps stabilize voltage during peak
hours, while dips occur with high demand and low solar
output.

Figure 2 illustrates the energy generation and demand curves
for the DNs throughout the day. Energy generation follows a
characteristic solar capture pattern, starting to increase around
6:00 AM, reaching its peak between 11:00 AM and 3:00
PM, and gradually decreasing until it ceases around 7:00 PM.
However, the energy demand curves exhibit two significant
peaks: the first between 6:00 and 10:00 AM and the second
between 5:00 and 10:00 PM, with a maximum demand around
6:00 PM.

In the analysis of charging (CH) and discharging (DS)
power, the batteries begin charging between 10:00 AM and
3:00 PM, with a peak close to 0.2 MW. This coincides with
periods of high solar generation, suggesting that the batteries
store the excess renewable energy available during these hours.

Regarding discharge, two main peaks are observed: the
first around 7:00 AM, with both networks showing strong
discharges near 0.35 MW, indicating that the batteries provide
energy to the system to cover the initial demand peak. The
second peak occurs around 6:00 PM, coinciding with the



Active Power Generation (PG) and Active Power Load (PL) Variation

45 in DNs
——PG DN 4

——PG DN 21
PLDN 4
——PLDN 21

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Battery Charging (CH) and Discharging (DS) Power Varation in DNs

AN

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
HOURS

POWER [MW]

——CHDN 4

CHDN 21
03 |—psDN4
—DS DN 21

Fig. 2. Analysis of Power Variation in DNs: Active Generation, Demand,
and Battery Management.

second period of high electrical demand. After these discharge
peaks, the power gradually decreases.

This charging and discharging pattern reflects an efficient
use of energy storage, aligned with solar generation and
system demands. Batteries store energy when solar generation
is abundant and release it during peak consumption hours,
contributing to the stabilization of the electrical system.

Battery State of Charge (SOC) Variation in DNs
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The state of charge (SOC) of the batteries in the DNs
follows a daily pattern determined by the availability of solar
generation. During the night (12:00 AM - 6:00 AM), the
absence of solar radiation prevents battery recharging, leading
to a progressive discharge to meet system demand. At sunrise
(6:00 AM - 9:00 AM), the gradual increase in photovoltaic
generation reduces the need for discharge, stabilizing the SOC.
During peak radiation hours (10:00 AM - 3:00 PM), solar
generation is sufficient to cover the demand and charge the
batteries, resulting in an increase in SOC. Finally, in the
afternoon (4:00 PM - 6:00 PM), the decline in radiation

reduces generation capacity, causing the batteries to discharge
again to maintain energy supply, as illustrated in Figure 3.
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Fig. 4. Equality of Boundary Variables: Demand at DN Nodes 4 and 21
Matched with Generation at Substations.

Finally, as shown in Figure 4, the boundary variable equality
condition is satisfied, ensuring that the demand of the DNs
at nodes 4 and 21 matches the generation at their respective
substations. This suggests proper TSO-DSO coordination,
without imbalances.

V. CONCLUSIONS

The energy transition presents substantial operational chal-
lenges, primarily due to the intermittency of renewable en-
ergy sources and the limited preparedness of existing grid
infrastructure. This work proposes a hierarchical, multi-period
optimization model for coordinating DER operation between
TSO and DSOs, maximizing efficiency and resource utiliza-
tion. Preliminary results from IEEE test cases demonstrate
the model’s effectiveness in managing operational complexity,
ensuring grid stability, and preventing voltage and congestion
issues.

To enhance its applicability, future work should assess
scalability on larger networks, incorporate market prices and
regulatory constraints, and explore alternative optimization
techniques to address numerical challenges. Expanding the
model to include more diverse DERs and peer-to-peer trading
could further increase flexibility and resilience. This study con-
tributes to modern power networks by proposing an efficient
and adaptable framework for TSO-DSO coordination and DER
integration.
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