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 A B S T R A C T

As power systems continue to evolve, the demand for effective collaboration among institutions has grown, 
driven by the challenges of balancing production and consumption, as well as by the increasing need for 
redispatch. Despite this, achieving interoperability in such a complex landscape is often hindered by concerns 
regarding data privacy. In response to these challenges, our paper presents a novel approach: a multi-agent 
system (MAS)-based AC optimal power flow (AC-OPF), empowered by machine learning (ML), designed for 
safeguarding data privacy and promoting interoperability. In the proposed method, the technical operator 
agent creates an effective dataset using n-ball, multivariate Gaussian distribution (MGD), and perturbation 
techniques. It also formulates valid inequalities to reduce the search space. Then, neural network (NN) 
models are developed to map the feasible space of the AC-OPF by utilizing only active power. Notably, these 
models conceal both the grid topology and sensitive data before transmission to another agent. Subsequently, 
the market operator agent integrates these NN models and valid inequalities into a mixed-integer linear 
programming (MILP) problem. This resulting MILP can be solved with various market based objective functions 
and constraints considering the power system limits. Thus, if there are private market-based data, they are kept 
confidential without being shared with the other agent. In addition, mapping is performed using the effective 
dataset generation technique that ensures a balanced representation of feasible and infeasible data points 
around the boundary. Furthermore, this effective dataset contributes to achieving remarkable accuracy in NN 
models, even with a relatively small volume of data points. The results on 30-, 57-, and 162-bus benchmark 
models of PGLib-OPF demonstrate that the proposed method can be effectively conducted while concurrently 
enhancing data privacy, and thus interoperability among institutions.
1. Introduction

Over the years, the electricity grid has undergone significant trans-
formations for various reasons, including the reduction in fossil fuel 
usage and the emergence of new technological developments as power 
electronics. However, the increasing uncertainties and complexities of 
the grid owing renewable energy resources have made it challenging 
to maintain a balance between electricity production and consumption. 
Consequently, there is a growing need for flexibility and redispatch in 
the system to ensure optimal operation. To manage the electricity mar-
ket effectively and prevent energy bottlenecks, it is crucial to resolve 
AC optimal power flow (AC-OPF) and make dispatch decisions [1]. The 
use of the AC-OPF and dispatch mechanisms in the electricity market 
has the potential to generate significant economic gains. For example, 
in the United States, increasing market efficiency by 5% through AC-
OPF can result in annual savings of up to 6 billion dollars [2]. Given the 
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expected increase in uncertainty in the near future, the use of effective 
AC-OPF and dispatch mechanisms can lead to even greater economic 
gains.

In the transformed electricity grid, transmission system operators 
(TSOs), distribution system operators (DSOs), distributed energy re-
sources (DERs) companies, and aggregators must work together. For 
instance, in Germany’s Redispatch 2.0, all conventional plants and 
DERs with an installed capacity of 100 kW or more, as well as DSOs, 
are required to participate in redispatch [3]. Additionally, in the future 
Redispatch 3.0, private customers will be allowed to participate in the 
market via aggregators [4]. Therefore, AC-OPF and redispatch should 
now be realized with the participation of different stakeholders, not 
only by system operators, as in the past. This will increase the need for 
cooperation among the institutions. To this end, various institutions, 
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including universities, TSOs, DSOs, and consulting firms, are working 
together on research and development projects, such as Digiplat and 
Enera, to develop and implement effective cooperation mechanisms for 
flexibility and redispatch decisions [5,6].

Data privacy is one of the most important factors that complicates 
cooperation between industry partners. For instance, in a project that 
plans to establish a common platform for the redispatch mechanism, a 
TSO needs to share sensitive data, such as grid topology, voltage, and 
current magnitudes, with other partners that perform market research. 
Therefore, there is a need for a mechanism that protects data privacy 
between the model owner and other parties. To protect data privacy, 
institutions have developed various methods such as sharing simplified 
"light models" of the grid [7]. Nevertheless, these light models may still 
contain sensitive data, and it remains unclear to what extent simplified 
models can accurately represent the underlying power system. In the 
present study, a framework that prevents the sharing of sensitive data 
between institutions, who own grid models and do not own grid 
models, is the main objective to increase cooperation by providing data 
privacy.

In the literature, to preserve data privacy, a distributed OPF ap-
proach is used. In this approach, the problem is divided into sub-
problems to prevent complete grid model sharing. However, the com-
plex voltage and/or active and reactive power of tie-lines are shared 
between neighboring regions [8,9]. Despite being less sensitive, this 
data could still pose privacy risks due to potential re-identification 
issues [10]: a privacy-preserving distributed OPF algorithm is devel-
oped and various encryption techniques are used to prevent viola-
tions. In [11] an encryption step is added to differentially private 
projected subgradient algorithm to preserve data privacy. With the 
added encryption step, OPF’s accuracy remains the same, but it af-
fects computation negatively by increasing the number of iterations. 
A privacy-preserving quadratic optimization algorithm is introduced 
in [12] to address security-constrained OPF in the smart grid. Although 
the number of iterations remains relatively unchanged, this method 
is 24 times slower compared to the non-privacy-preserving approach. 
In [10] a differentially private distributed algorithm is proposed to 
preserve re-identification of shared data. This method ensures the 
feasibility of the solution while adhering to constraints. However, its 
computation time is notably long; for instance, the 118-bus and 189-bus 
systems require 82.160 and 86.908 min, respectively. A partially homo-
morphic encryption technique is proposed in [13]. With this method, 
the OPF can be solved with several iterations, and the optimality gap 
is very small. While the paper presents an innovative approach to data 
privacy through encryption, its implementation may pose significant 
challenges, as the method cannot be readily solved through commercial 
solvers and lacks flexibility in accommodating additional constraints 
beyond standard optimal power flow constraints. As can be seen, there 
are trade-offs between data privacy and efficiency of the AC-OPF in the 
literature. However, for an effective privacy-preserving OPF, the com-
putational burden should be low, the model and solution performance, 
and the flexibility of the method should be high. Therefore, innovative 
methods are needed. The method proposed in the present study ensures 
that all these requirements are satisfied.

Instead of using distributed optimization methods, an alternative 
approach for achieving privacy-preserving OPF involves employing ma-
chine learning models. Specifically, the party with access to the system 
model can train a machine learning model to obtain an equivalent 
representation of the system model. This trained model can then be 
shared with other parties instead of the original model, which can be 
used within the OPF framework to seek optimal power dispatch without 
requiring sensitive data. Establishing such a framework is the primary 
objective of the present study. In recent years, numerous studies have 
explored the use of machine learning-based approaches in the context 
of OPF problems. In general, these models are employed for ‘‘end-
to-end’’ prediction, wherein they are trained to output the optimal 
generation dispatch for a given input of load distribution [14,15]. These 
2 
methods are generally used to reduce the computational burden of OPF. 
In [16], an integration of deep NN and Lagrangian duality is proposed, 
enabling OPF to be solved in milliseconds for systems with up to 3400 
buses while accounting for system constraints. A physics-informed, 
data-driven OPF approach utilizing a stacked extreme learning machine 
is introduced in [17], which improves the algorithm efficiency by 
simplifying the time-consuming parameter tuning process. Addition-
ally, [18] develops a deep NN for high-dimensional load-to-solution 
mapping to solve the OPF, resulting in a significant acceleration of 
computation time. However, because these end-to-end approaches do 
not account for data privacy and their ML models are challenging 
to adapt to varying constraints and objective functions, they are not 
directly applicable to privacy-preserving OPF.

In order to achieve privacy-preserving OPF using an ML-based 
representation of the power system model, two essential components 
are required. Firstly, the ML model should accurately represent the 
underlying system model to ensure that the OPF results obtained via 
the ML-based representation do not differ significantly from the results 
obtained using the actual system model. Secondly, an efficient inte-
gration of the trained ML-model within an optimization formulation is 
necessary to ensure that the problem can be solved to (near-) optimality 
without undue computational expense.

The accuracy of the ML-based representation is largely contingent 
upon the representational power of the employed ML model, as well 
as the quality of the training data [19,20]. To ensure effectiveness, 
datasets should feature a balanced ratio of feasible/infeasible data 
points, including high-quality samples around decision boundary. Con-
sequently, there is considerable research emphasis on effective dataset 
generation techniques. Recent advancements in this domain are sum-
marized in [21]. Despite considerable efforts, many existing methods 
only represent a small portion of the feasible space, impacting overall 
model accuracy. Addressing these challenges, a new split-based method 
proposed in [21] aims to generate diverse data samples covering the 
entire feasible space, however it does not adequately address class im-
balance. Another approach, outlined in [22], offers an efficient dataset 
generation method leveraging hyperplanes to eliminate large portions 
of the input space and create a balanced dataset. However, the required 
data points to produce a balanced dataset are too many and ML model 
accuracies are poor. Moreover, these methodologies do not guarantee 
the acquisition of high-quality data, particularly around the decision 
boundary, thereby hindering the accurate representation of the power 
system model using ML models.

In light of the aforementioned considerations, the present work 
presents a novel privacy-preserving multi-agent system (MAS)-based 
framework for solving the AC-OPF problem with the help of ML. Within 
the designed framework, the technical operator agent (TOA) creates NN 
models and a set of valid inequalities to represent the feasible set of AC-
OPF of the power system model and its operational limits only with 
active power. Unlike existing approaches in the literature, these NN 
models are trained using an effective dataset generated through n-ball, 
multivariate Gaussian distribution (MGD) and perturbation techniques. 
These techniques are employed to ensure the creation of a balanced 
dataset containing high-quality data points around the boundary. Then, 
the NN models and set of valid inequalities are integrated into a mixed-
integer linear programming (MILP) formulation by the market operator 
agent (MOA). Moreover, the MOA can incorporate various market-
based objective functions and constraints into these MILP formulations. 
The resulting MILP enables the computation of AC-OPF without ex-
posing sensitive power system data. In this approach, the TOA is not 
required to disclose any sensitive grid-related data, while the MOA does 
not need to share any special cost data and constraint with the TSO, if 
any. As a result, data privacy is ensured for both parties.

The key contributions of the present paper are as follows:

• The use of an NN representation in combination with a set of valid 
inequalities to represent the feasible set of AC-OPF in the MILP 
formulation prevents the sharing of sensitive data.
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• An effective dataset generation methodology, which uses only 
active power, enables the training of an NN with accurate rep-
resentation capability of the feasible set of an AC-OPF, even with 
a relatively small dataset and shallow NN architecture.

• The incorporation of the trained NN into a MILP formulation, 
which can be efficiently solved using commercial solvers. The 
resulting MILP is highly flexible, allowing for modifications to the 
objective function of the AC-OPF and the integration of additional 
constraints, as needed.

The rest of the paper is organized as follows: In Section 2, we 
describe the structure of the proposed MAS. In Section 3, we present 
the proposed methodology. In Section 4, we introduce an effective 
dataset creation technique. Subsequently, in Section 5, we detail the 
structure of the NN models and their transformation to the MILP. 
Then, we benchmark the proposed method with the AC-OPF, which 
does not consider data privacy, to evaluate its effectiveness through 
different case studies in Section 6. Finally, we provide our conclusions 
in Section 7.

2. Structure of the proposed multi-agent system

In the present paper, a multi-agent system (MAS) is introduced 
to ensure data privacy among institutions. The primary agents within 
this framework include the technical operator agent (TOA) and market 
operator agent (MOA).

The TOA is equipped with a comprehensive grid model and is 
responsible for the secure operation of the grid. Consequently, the 
TOA must adhere to various technical constraints, including voltage 
thresholds, line and transformer loading limits, as well as the active and 
reactive power constraints of the generators. The TOA can accurately 
estimate the active and reactive power requirements of the demand 
load at each bus by using its access to the complete grid model and 
historical grid data.

Based on this information, the TOA can define the feasible opera-
tional space of the power system. However, due to sensitive data such 
as the power system’s topology and customer load information, sharing 
this data raises concerns about data privacy. Therefore, to safeguard 
data privacy, the feasible space of the power system is defined using NN 
models. Additionally, the TOA generates valid inequalities to reduce the 
search space and enables the MOA to solve the optimization problem 
more accurately and efficiently. These valid inequalities and NN models 
can be shared with the MOA conveniently, preserving the sensitive 
data.

The MOA lacks a grid model, but has bid/cost data and market 
constraints. This agent leverages this information to minimize dis-
patch or redispatch costs and maintain a balance between demand and 
generation through optimization techniques.

The MOA must consider the limits of the power system when 
conducting market based optimization. In this regard, the NN models 
developed by the TOA are used. Leveraging the structure of NNs, 
the MOA can integrate these models as constraints into its own opti-
mization problem. By integrating these constraints alongside its own 
objective functions and constraints, the MOA can effectively solve the 
optimization problem while respecting the limits of the power system. 
The schematic representation of the proposed method is shown in Fig. 
1.

Fig.  1 illustrates the process flow: The TOA begins by constructing a 
dataset to train the NN models and formulating valid inequalities. It is 
important to note that generic cost functions are employed during the 
training of these models, and an efficient dataset generation technique 
is designed. Following this, the trained NN models and valid inequal-
ities are transferred to the MOA. Subsequently, the MOA integrates 
these NN models and valid inequalities as constraints within its own 
optimization problem.
3 
As a result of this approach, the AC-OPF problem can be effec-
tively addressed by considering both the power system and market 
constraints. Notably, by transmitting power system data to the MOA 
in the form of NN models, it guarantees the privacy of sensitive data. 
Furthermore, there is no requirement to share special constraints and 
cost data, if any, belonging to the MOA with the TOA, thereby further 
supporting data privacy. In this proposed method, the roles of the TOA 
and MOA can be fulfilled by various institutions, including universities, 
TSOs, DSOs, and consulting firms. Detailed information regarding the 
proposed method will be provided in the subsequent sections.

3. Overview of the proposed methodology

To set the notation in this study, parameters are denoted by stan-
dard letters (e.g., 𝑎, 𝐴), and variables are represented using boldface 
letters (𝒂, 𝑨), while sets are indicated by calligraphic letters, such 
as . Functions are expressed by 𝐴(⋅). Scalar and (column) vector 
variables/parameters are presented in lowercase, while matrices are 
referred to by uppercase letters. The 𝑛th element of a vector 𝑎 is 
denoted as 𝑎(𝑛), whereas 𝑎(−𝑛) represents all elements of a vector except 
the 𝑛th element, and the 𝑛th row of a matrix 𝐴 is denoted as 𝐴(𝑛,∶). 
Furthermore, ⊙ is the Hadamard product, and ⊘ is the Hadamard 
division.

3.1. Formulation of the standard AC-OPF

The standard AC-OPF problem for a power system with 𝑛𝑏 buses and 
𝑛𝑔 generators can be formulated in a compact form as follows: 

min
𝒗,𝜽,𝒑𝑔 ,𝒒𝑔

𝐹 (⋅) (1a)

s.t. 𝐺𝑃 (𝒗,𝜽; 𝑌𝑏𝑢𝑠) + 𝑝𝑑 − 𝐶𝑔𝒑𝑔 = 0, (1b)

𝐺𝑄(𝒗,𝜽; 𝑌𝑏𝑢𝑠) + 𝑞𝑑 − 𝐶𝑔𝒒𝑔 = 0, (1c)

𝐺𝑆 (𝒗,𝜽; 𝑌𝑏𝑢𝑠) ≤ 𝑠𝑓 , (1d)

𝑣 ≤ 𝒗 ≤ 𝑣, 𝜃 ≤ 𝜽 ≤ 𝜃, (1e)

𝑝
𝑔
≤ 𝒑𝑔 ≤ 𝑝𝑔 , 𝑞𝑔 ≤ 𝒒𝑔 ≤ 𝑞𝑔 , (1f)

where 𝒗,𝜽 ∈ R𝑛𝑏  are the vectors of bus voltage magnitude, voltage 
angle, 𝒑𝑔 , 𝒒𝑔 ∈ R𝑛𝑔  are the vectors of active and reactive power 
generations, 𝐶𝑔 is the 𝑛𝑏 × 𝑛𝑔 generation connection matrix such that 
the element (𝑖, 𝑗) is one if generator 𝑗 is located at bus 𝑖, and zero 
otherwise. 𝑝𝑑 , 𝑞𝑑 ∈ R𝑛𝑏  are the bus active and reactive power demand 
vectors, respectively, and 𝑌𝑏𝑢𝑠 is the bus admittance matrix. In (1a), 𝐹 (⋅)
is the objective function. (1b) and (1c) represent the active and reactive 
balance equations, in which 𝐺𝑃 (⋅) and 𝐺𝑄(⋅) are the relevant functions. 
In (1d), 𝐺𝑆 (⋅) denotes the line apparent power flows, which is bounded 
by the line flow limit vector 𝑠𝑓 . (1e) and (1f) imposes the upper and 
lower bounds on the variables.

3.2. Formulation of the machine learning-driven multi-agent-based AC-OPF

In the present section, we formulate the proposed privacy-preserving
AC-OPF approach through collaboration between the TOA and MOA. 
Standard AC-OPF constraints (1b)–(1f) define a non-convex feasible set 
in 𝒗,𝜽,𝒑𝑔 , 𝒒𝑔-space . However, this formulation encompasses sensitive 
data, such as network topology. The goal is to find an alternative but 
equivalent representation of  without revealing sensitive data, thereby 
enabling the sharing of this model with the MOA.

We begin by noting that the objective function 𝐹 (⋅) in (1) typically 
depends only on 𝒑𝑔 , while 𝒗,𝜽, 𝒒𝑔 are involved only in constraints. 
Given this, the AC-OPF constraints (1b) - (1f) can be represented as 
a feasible set  ⊆ R𝑛𝑔 . The set  includes all 𝒑  values for which there 
𝑔
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Fig. 1. The schematic representation of the proposed method.
exists at least one pair of (𝒗,𝜽, 𝒒𝑔) that satisfies (1b) - (1f) [23,24]. No-
tably,  can be thought of as the projection of  onto the 𝒑𝑔-dimension. 
Then, (1) can be equivalently represented as: 
min
𝒑𝑔

𝐹 (𝒑𝑔) (2a)

s.t. 𝒑𝑔 ∈  . (2b)

For a general network, explicitly representing  mathematically is 
a complex task. In this work, our aim is to find an approximation of 
 , denoted as ̂ , which can be represented by a set of constraints 
that are functions of 𝒑𝑔 . These functions are designed to avoid explicit 
parameterization by sensitive data exclusive to the TOA, allowing them 
to be shared with the MOA without data privacy concerns. Specifically, 
we hypothesize that ̂ takes the following form: 
̂ =

{

𝒑𝑔 | 𝐴𝒑𝑔 ≤ 𝑏, 𝑀(𝒑𝑔) ≤ 0, 𝑁(𝒑𝑔) = 0
}

, (3)

where, 𝐴𝒑𝑔 ≤ 𝑏 is a system of linear inequalities, which defines a 
convex polytope in R𝑛𝑔  encompassing  . The values of the matrix 𝐴
and vector 𝑏 are determined using valid inequalities derived from the 
convex relaxation of the AC-OPF, which is detailed in Section 4.1.

The function 𝑀(⋅) is designed to represent the feasibility condition 
of a generation dispatch 𝒑𝑔 . In this regard, 𝑀(⋅) is constructed such that 
𝑀(𝒑𝑔) ≤ 0 holds only if 𝒑𝑔 ∈  . To obtain 𝑀(⋅), we train a ML-based 
binary classifier model that classifies a given 𝒑𝑔 as feasible (Class 0) if 
𝒑𝑔 ∈  , and infeasible (Class 1) otherwise.

Lastly, the function 𝑁(⋅) is aimed at capturing the power balance in 
the system. Specifically, 𝑁(𝒑𝑔) = 0 holds only if the generation dispatch 
𝒑𝑔 meets the total load demand and system losses. To obtain 𝑁(⋅), we 
train a ML-based regressor model. This model takes 𝒑(−𝑠𝑔 )𝑔  as the input, 
where 𝑠𝑔 is the slack generator of the system, and outputs 𝒑

(𝑠𝑔 )
𝑔 . In 

particular, the regressor model can be represented as 𝑁 ′(𝒑(−𝑠𝑔 )𝑔 ) = 𝒑(𝑠𝑔 )𝑔 , 
therefore 𝑁(𝒑𝑔) = 𝑁 ′(𝒑(−𝑠𝑔 )𝑔 ) − 𝒑(𝑠𝑔 )𝑔 .

To represent the functions 𝑀(⋅) and 𝑁(⋅), we propose using NN 
models for classification and regression, respectively. The reason of 
this choice is two-fold: on one hand, NNs have high generalization 
capabilities; on the other hand, the NN models can be exactly repre-
sented by a set of mixed-integer linear constraints [25], which enables 
us to integrate them into a mixed-integer linear programming (MILP) 
problems.

Indeed, the accuracy of approximation of ̂ for  , particularly in 
terms of the NN-based functions 𝑀(⋅) and 𝑁(⋅), is contingent upon the 
quality of the training dataset. In Section 4, we introduce a rigorous 
workflow for creating the dataset consisting of highly informative sam-
ples. Using this workflow, within the proposed methodology, the TOA 
4 
creates the dataset and trains the models for obtaining 𝑀(⋅) and 𝑁(⋅). 
As these functions are not explicitly parametrized by sensitive data, but 
rather by the weights and biases of the NN, they, as well as 𝐴 and 𝑏, can 
be shared with the MOA without data privacy concerns. Additionally, 
even if an attempt is made to reconstruct the feasible space by reverse-
engineering the NN models, it is important to note that these models 
are solely based on the active power outputs of the generators. As 
such, sensitive data, such as load demand, voltage profiles, and system 
topology, are not directly accessible through these models. Then, the 
MOA can solve the machine learning-driven multi-agent-based AC-OPF 
problem for the dispatch decisions, which is formulated as: 
min
𝒑𝑔

𝐹 (𝒑𝑔) (4a)

s.t. 𝐴𝒑𝑔 ≤ 𝑏, (4b)

𝑀(𝒑𝑔) ≤ 0, (4c)

𝑁(𝒑𝑔) = 0, (4d)

𝐾𝑖(𝒑𝑔) ≤ 0, ∀𝑖, (4e)

𝐿𝑗 (𝒑𝑔) = 0, ∀𝑗, (4f)

where, (4b)–(4d) represent ̂ as given in (3). As indicated earlier, the 
NN-based functions in (4b) and (4c) can be represented as mixed-
integer linear constraints, as detailed in Section 5. In (4e) and (4f), 
the functions 𝐾𝑖(⋅) and 𝐿𝑗 (⋅) represent the additional inequality and 
equality constraints, respectively, defined by the MOA, if any. These 
constraints, for example, may stem from such as bilateral agreements, 
contracts, and market rules that the MOA wishes to keep confidential. 
Thanks to the proposed privacy-preserving formulation, the MOA does 
not need to disclose these constraints to the TOA and can incorporate 
them into the dispatch decisions. Furthermore, the MOA can freely 
define the objective function 𝐹 (𝒑𝑔) without revealing it to the TOA, 
allowing for flexible and privacy-preserving adjustments based on bid 
or cost data. Moreover, the MOA can still reach the optimal solution of 
the freely defined objective function by leveraging the valid inequalities 
and NN models generated by the TOA, ensuring that the technical 
constraints are respected while maintaining privacy.

4. Valid inequalities and dataset creation

In the present section, our objective is to construct an effective 
dataset that enhances the performance of the NN models and el-
evates the accuracy of the proposed methodology. In the AC-OPF 
problem, the feasible space has a high-multidimensional non-convex 
structure and it is therefore quite complex to be analyzed [26,27]. In 
some networks, disconnected feasible spaces may even emerge [28]. 
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Fig. 2. The projection of the multi-step dataset creation methodology in two dimensions. a) Firstly, valid inequalities are established using SOCP relaxation, effectively delineating 
the area within which feasible data points reside. The region outside these valid inequalities is guaranteed to contain infeasible data points, effectively narrowing down the search 
space. Additionally, 𝑝𝑔,𝑚𝑖𝑛 and 𝑝𝑔,𝑚𝑎𝑥 are derived from these valid inequalities (see Algorithm 1). b.i) The relaxed convex space is restricted using 𝑝𝑔,𝑚𝑖𝑛 and 𝑝𝑔,𝑚𝑎𝑥. b.ii) All 𝒑𝑔 values 
are normalized to fall within the range of 0 to 1, effectively confined within a hypercube. b.iii) A ball encompassing the hypercube is constructed, with a center located at 0.5 and 
a radius of 𝑟𝑏𝑎𝑙𝑙 . b.iv) Points are sampled from this ball, and through an optimization, the nearest feasible data points on the boundary of non-convex feasible space are determined 
(see Algorithm 2). c) Using MGD, feasible samples are acquired from the boundary, which cannot be sampled with the ball approach due to the complex non-convex nature of 
the feasible space. Additionally, data points within the feasible space are obtained through MGD (see Algorithm 3). d) Feasible data points are perturbed to generate infeasible 
data points around the boundary (see Algorithm 4).
Additionally, besides the non-convex structure of the AC-OPF, non-
convexities also arise on the market side [29]. The inherent challenge 
is that data-driven approaches face significant barriers without a well-
suited dataset. Methods developed without a suitable dataset generally 
map only a small portion of the feasible region, which causes the mod-
els to produce accurate results only in these regions [30]. However, for 
a good ML training process, it is essential to thoroughly map the feasi-
ble space and maintain a balanced dataset (feasible/infeasible) [21,31]. 
In particular, the errors made by the NN tend to increase near the 
boundaries, as expected [22]. Therefore, creating a dataset requires 
high-quality samples to map these boundaries appropriately [32].

Considering the aforementioned challenges, in the present paper 
we introduce a novel approach to dataset creation. As detailed in 
the previous section, the dataset is constructed using only the active 
power outputs of the generators 𝒑𝑔 . Our first step involves employing 
second-order cone programming (SOCP) relaxations to formulate valid 
inequalities, thereby reducing the search space (see Section 4.1). It is 
important to note that the SOCP relaxation is employed exclusively for 
generating valid inequalities, while all subsequent related calculations 
in this study are performed using the non-linear AC-OPF formulation. 
Subsequently, we advocate the utilization of the n-ball approach to 
generate feasible samples on the boundary of the  (see Section 4.2). 
Then, we apply multivariate Gaussian distribution (MGD) to the data 
points obtained in the previous section to generate samples within 
the  , including undefined regions of the boundary (see Section 4.3). 
Finally, we introduce a perturbation approach to generate infeasible 
samples around the boundary by using feasible samples, generated in 
the previous steps (see Section 4.4). The projection of the multi-step 
dataset creation methodology is outlined in two dimensions in Fig.  2.

4.1. Generating valid inequalities

In the present section, we illustrate the methodology for formulating 
valid inequalities crucial for the optimization problem (4) solved by 
the MOA. It is worth noting that these valid inequalities are devised by 
the TOA in the form 𝐴𝒑𝑔 ≤ 𝑏. Indeed, the definition of space by valid 
inequalities plays a pivotal role in reducing the search space. In [22], 
the authors show that a significant portion of the search space in the 
AC-OPF problem comprises infeasible data points, which do not provide 
significant value. Instead, high-quality data points from the boundary 
between the feasible and infeasible regions should be prioritized. There-
fore, narrowing down the search space using valid inequalities and 
focusing on the region bounded by these valid inequalities is crucial. 
This approach facilitates the attainment of quicker and more precise 
results in the optimization problem (4) addressed by the MOA. To 
achieve this, we employ the SOCP relaxation technique [33]. It is 
5 
essential to note that the relaxed feasible space is used exclusively in the 
formulation of valid inequalities. The detailed process for generating 
valid inequalities is explained in Algorithm 1.

Algorithm 1 Valid inequalities generation
Input: Power system data
Output: 𝐴, 𝑏, 𝑝𝑔,𝑚𝑖𝑛, 𝑝𝑔,𝑚𝑎𝑥

1: Define an optimization problem according to SOCP relaxation 

min
𝒑𝑔

𝑐⊤𝒑𝑔 (5)

s.t. SOCP relaxation.
2: 𝐴 ← [ ]; 𝑏 ← [ ];
3: for 𝑐 in {𝑒𝑑 ,−𝑒𝑑 , 𝑜𝑑 ,−𝑜𝑑} do
4:  for 𝑑 ← 1 to 𝑛𝑔 do
5:  Solve (5) and obtain 𝑝∗𝑔
6:  𝐴 ← [𝐴; −𝑐⊤]; 𝑏 ← [𝑏; −𝑐⊤𝑝∗𝑔];
7:  end for
8: end for
9: for 𝑐 in {𝑢,−𝑢} do
10:  Solve (5) and obtain 𝑝∗𝑔
11:  𝐴 ← [𝐴; −𝑐⊤]; 𝑏 ← [𝑏; −𝑐⊤𝑝∗𝑔];
12: end for
13: 𝑝𝑔,𝑚𝑖𝑛 ← −[𝑏(1) ∶ 𝑏(𝑛𝑔 )];
14: 𝑝𝑔,𝑚𝑎𝑥 ← [𝑏(𝑛𝑔+1) ∶ 𝑏(2𝑛𝑔 )];

For this, 𝐴 ∈ R(4𝑛𝑔+2)×𝑛𝑔  represents the matrix of coefficients, while 
𝑏 ∈ R4𝑛𝑔+2 is the vector of constants. To construct the 𝐴 matrix and 𝑏
vector we formulate an optimization problem as shown in (5) where 
𝑐 ∈ R𝑛𝑔  represents the coefficient vector. This optimization yields the 
optimal active power output of the generators, denoted as 𝑝∗𝑔 ∈ R𝑛𝑔

vector, based on the given 𝑐. We consider various linearly independent 
𝑐 vectors, namely 𝑒𝑑 , 𝑜𝑑 , and 𝑢. Here, 𝑒𝑑 ∈ R𝑛𝑔  denotes the standard unit 
vector, having a value of one at the 𝑒(𝑑)𝑑  element and zeros elsewhere; 
𝑜𝑑 ∈ R𝑛𝑔  is a vector, with a value of zero at the 𝑜(𝑑)𝑑  element and ones 
elsewhere; and 𝑢 ∈ R𝑛𝑔  is the vector of ones.

The 𝐴 matrix is constructed using −𝑐⊤, and the 𝑏 vector is created 
using −𝑐⊤𝑝∗𝑔 by leveraging the relaxation technique. When (5) is solved 
according to the SOCP relaxation, the optimal solution 𝑝∗𝑔 must satisfy 
𝑐⊤𝑝∗𝑔 ≤ 𝑐⊤𝒑𝑔 for all feasible 𝒑𝑔 due to the optimality condition of this 
convex problem. Therefore −𝑐⊤𝒑𝑔 ≤ −𝑐⊤𝑝∗𝑔 is a valid inequality for the 
AC-OPF. It is important to emphasize that there cannot be even a single 
feasible sample outside the region defined by valid inequalities. In 
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addition, any sample that is infeasible according to relaxation remains 
infeasible for AC-OPF. Thereby, by employing valid inequalities, the 
search space is significantly reduced. Moreover, we use the first and 
second 𝑛𝑔 elements of the 𝑏 vector, corresponding to the 𝑒𝑑 and −𝑒𝑑
vectors, to derive 𝑝𝑔,𝑚𝑖𝑛 ∈ R𝑛𝑔  and 𝑝𝑔,𝑚𝑎𝑥 ∈ R𝑛𝑔  vectors, respectively, 
according to SOCP relaxation. These 𝑝𝑔,𝑚𝑖𝑛 and 𝑝𝑔,𝑚𝑎𝑥 vectors are then 
utilized to tighten the boundaries of 𝒑𝑔 . Subsequently, these refined 
boundaries are employed in the generation of the datasets.

4.2. N-ball approach

After establishing valid inequalities and reducing the search space, 
the next step is to obtain high-quality samples at the feasible/infeasible 
boundary of the AC-OPF. This is crucial for effectively defining the 
boundary and increasing the success of ML models. To achieve this 
objective, in this section, we focus on generating feasible data points at 
the boundary of the  . We employ the n-ball approach for this purpose.

Our initial step involves normalizing each 𝒑𝑔 using 𝑝𝑔,𝑚𝑖𝑛 and 𝑝𝑔,𝑚𝑎𝑥, 
such that (𝒑𝑔 − 𝑝𝑔,𝑚𝑖𝑛) ⊘ (𝑝𝑔,𝑚𝑎𝑥 − 𝑝𝑔,𝑚𝑖𝑛). This normalization ensures 
that the  remains confined within a unit hypercube. Subsequently, 
we imagine a ball of dimension 𝑛𝑔 that entirely encloses this unit 
hypercube. It is essential to note that for the ball to encompass the 
unit hypercube, its radius 𝑟𝑏𝑎𝑙𝑙 must satisfy 𝑟𝑏𝑎𝑙𝑙 ≥

√

2∕2, and its center 
must be at 0.5. This configuration ensures that the ball covers the 
unit hypercube, thereby ensuring that the  remains inside the ball. 
Next, we project a sample taken from the surface of this 𝑛𝑔-dimensional 
ball onto the  . This approach enables us to sample points from the 
boundary of the  . To accomplish this, we formulate an optimization 
problem designed for identifying the closest feasible point on the AC-
OPF to the sample taken from the ball. By iterative solving of this 
problem a specified number of times, we compile a dataset comprising 
feasible data points from the boundary. Algorithm 2 describes the 
creation of this dataset using the n-ball approach.

Algorithm 2 Feasible dataset generation with n-ball
Input: Power system data, 𝑝𝑔,𝑚𝑖𝑛, 𝑝𝑔,𝑚𝑎𝑥, 𝑛𝑏𝑎𝑙𝑙, 𝑟𝑏𝑎𝑙𝑙
Output: 𝐷𝑏𝑎𝑙𝑙

1: Define an optimization problem according to standard AC-OPF 

min
𝒑𝑔

‖

‖

‖

𝑝𝑔,𝑏𝑎𝑙𝑙 − 𝒑𝑔
‖

‖

‖

2

2
(6)

s.t. (1b) − (1f).

2: 𝐷𝑏𝑎𝑙𝑙 ← [ ];
3: for 𝑖𝑑𝑥 ← 1 to 𝑛𝑏𝑎𝑙𝑙 do
4:  𝑝𝑔,𝑏𝑎𝑙𝑙 ← sample a vector of size 𝑛𝑔 from  (0, 1);
5:  𝑝𝑔,𝑏𝑎𝑙𝑙 ← 𝑟𝑏𝑎𝑙𝑙 × (𝑝𝑔,𝑏𝑎𝑙𝑙∕

‖

‖

‖

𝑝𝑔,𝑏𝑎𝑙𝑙
‖

‖

‖2
) + 0.5;

6:  𝑝𝑔,𝑏𝑎𝑙𝑙 ← 𝑝𝑔,𝑏𝑎𝑙𝑙 ⊙ (𝑝𝑔,𝑚𝑎𝑥 − 𝑝𝑔,𝑚𝑖𝑛) + 𝑝𝑔,𝑚𝑖𝑛;
7:  Solve (6) and obtain 𝑝∗𝑔
8:  𝐷𝑏𝑎𝑙𝑙 ← [𝐷𝑏𝑎𝑙𝑙; 𝑝∗𝑔

⊤];
9: end for

For this, we start by generating a random vector 𝑝𝑔,𝑏𝑎𝑙𝑙 ∈ R𝑛𝑔  using 
a standard normal distribution. Given that we have normalized all 𝒑𝑔 , 
it is necessary to normalize 𝑝𝑔,𝑏𝑎𝑙𝑙 by dividing its 𝐿2-norm. Afterwards, 
𝑝𝑔,𝑏𝑎𝑙𝑙 needs to be scaled to represent the ball surface. For this purpose, 
we scale this vector by multiplying it by 𝑟𝑏𝑎𝑙𝑙. Additionally, to ensure 
proper alignment with the center, we shift this vector by adding 0.5. 
This process yields a random point on the surface of the ball. Next, 
we denormalize this point using 𝑝𝑔,𝑚𝑖𝑛 and 𝑝𝑔,𝑚𝑎𝑥 to utilize it in the 
optimization problem. Finally, employing (6), we compute the feasible 
sample 𝑝∗𝑔 ∈ R𝑛𝑔  at the boundary of the AC-OPF that is closest to 𝑝𝑔,𝑏𝑎𝑙𝑙
with the assistance of the 𝐿2-norm. By iteratively repeating this process 
𝑛𝑏𝑎𝑙𝑙 times, we generate the dataset 𝐷𝑏𝑎𝑙𝑙 ∈ R𝑛𝑏𝑎𝑙𝑙×𝑛𝑔 , which includes 
feasible samples from the boundary.
6 
4.3. Multivariate Gaussian distribution

Following the sampling from the boundaries of the AC-OPF using 
the n-ball approach, our focus in this section is to sample from the 
boundaries that cannot be captured using the n-ball approach due to 
the intricate structure of the AC-OPF. Furthermore, we aim to obtain 
feasible samples from within the  . To achieve this, we employ the 
multivariate Gaussian distribution (MGD). We create a dataset consist-
ing of feasible samples using the MGD, leveraging the dataset generated 
with the n-ball approach and solving an optimization problem similar 
to the previous section. This process is explained in Algorithm 3.

Algorithm 3 Feasible dataset generation with MGD
Input: Power system data, 𝐷𝑏𝑎𝑙𝑙, 𝑛𝑚𝑔𝑑
Output: 𝐷𝑓

1: Define an optimization problem according to standard AC-OPF 

min
𝒑𝑔

‖

‖

‖

𝑝𝑔,𝑚𝑔𝑑 − 𝒑𝑔
‖

‖

‖

2

2
(7)

s.t. (1b) − (1f).

2: 𝜇 ← mean(𝐷𝑏𝑎𝑙𝑙);
3: 𝛴 ← cov(𝐷𝑏𝑎𝑙𝑙);
4: 𝐷𝑚𝑔𝑑 ← [ ];
5: for 𝑖𝑑𝑥 ← 1 to 𝑛𝑚𝑔𝑑 do
6:  𝑝𝑔,𝑚𝑔𝑑 ← sample a vector of size 𝑛𝑔 from  (𝜇,𝛴);
7:  Solve (7) and obtain 𝑝∗𝑔
8:  𝐷𝑚𝑔𝑑 ← [𝐷𝑚𝑔𝑑 ; 𝑝∗𝑔

⊤];
9: end for
10: 𝐷𝑓 ← [𝐷𝑏𝑎𝑙𝑙;𝐷𝑚𝑔𝑑 ];

Utilizing the dataset 𝐷𝑏𝑎𝑙𝑙 generated in the previous section, we 
compute the row mean vector 𝜇 ∈ R𝑛𝑔  and the covariance matrix 𝛴 ∈
R𝑛𝑔×𝑛𝑔 . Subsequently, a random vector 𝑝𝑔,𝑚𝑔𝑑 ∈ R𝑛𝑔  is generated based 
on 𝜇 and 𝛴. By solving (7) with 𝑝𝑔,𝑚𝑔𝑑 a feasible sample 𝑝∗𝑔 ∈ R𝑛𝑔  is 
determined. It is important to note that since this optimization is solved 
in accordance with the AC-OPF, the results are always feasible. This 
process is iterated 𝑛𝑚𝑔𝑑 times to produce the dataset 𝐷𝑚𝑔𝑑 ∈ R𝑛𝑚𝑔𝑑×𝑛𝑔 . 
Finally, by combining both datasets 𝐷𝑏𝑎𝑙𝑙 and 𝐷𝑚𝑔𝑑 , we obtain a dataset 
𝐷𝑓 ∈ R𝑛𝑓×𝑛𝑔  that effectively describes  , comprising high-quality 
feasible data points. For this, 𝑛𝑓  is defined as 𝑛𝑓 = 𝑛𝑏𝑎𝑙𝑙 + 𝑛𝑚𝑔𝑑 .

4.4. Perturbation approach

As the final step of dataset generation, we produce infeasible data 
points based on the feasible data points generated in the previous sec-
tions. In general, we introduce small perturbations to the feasible data 
points in the 𝐷𝑓  dataset to derive infeasible data points. Given that the 
𝐷𝑓  primarily comprises feasible points from the boundaries, and these 
points undergo only minor perturbations, the resulting infeasible points 
also lie predominantly along the boundary. Consequently, we obtain 
both high-quality feasible and infeasible data points in the vicinity 
of the boundary, ensuring its accurate delineation. Additionally, it is 
worth mentioning that the NN regression model 𝑁(⋅) is employed to 
enhance the quality of the infeasible data points during the perturba-
tion process. Further details regarding 𝑁(⋅) are provided in Section 5.2. 
This perturbation process and the production of infeasible dataset are 
summarized in Algorithm 4.

To generate an infeasible data point, we start by creating a random 
vector 𝑝𝑔,𝑟𝑎𝑛𝑑 ∈ R𝑛𝑔  through a standard normal distribution. Subse-
quently, we normalize 𝑝𝑔,𝑟𝑎𝑛𝑑 by dividing its 𝐿2-norm, and determine 
its magnitude using 𝑠𝑡𝑒𝑝 ∈ R. Employing 𝑝𝑔,𝑟𝑎𝑛𝑑 , we perturb the 𝑝𝑔,𝑓 ∈
R𝑛𝑔  vector from the 𝐷 , resulting the perturbed vector 𝑝 ∈ R𝑛𝑔 . 
𝑓 𝑔,𝑝𝑒𝑟𝑡
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Algorithm 4 Infeasible dataset generation with perturbation
Input: Power system data, 𝑛𝑏𝑎𝑙𝑙, 𝑛𝑚𝑔𝑑 , 𝐷𝑓 , 𝑁(⋅), 𝑙𝑖𝑚, 𝑠𝑡𝑒𝑝
Output: 𝐷𝑖𝑛𝑓 , 𝐷

1: 𝐷𝑖𝑛𝑓 ← [ ];
2: for 𝑖𝑑𝑥 ← 1 to (𝑛𝑏𝑎𝑙𝑙 + 𝑛𝑚𝑔𝑑 ) do
3:  𝑝𝑔,𝑓 ← 𝐷(𝑖𝑑𝑥,∶)

𝑓
⊤
;

4:  𝑠𝑢𝑐 ← 1; 𝑐𝑡𝑟 ← 0;
5:  while 𝑠𝑢𝑐 == 1 and 𝑐𝑡𝑟 < 𝑙𝑖𝑚 do
6:  𝑝𝑔,𝑟𝑎𝑛𝑑 ← sample a vector of size 𝑛𝑔 from  (0, 1);
7:  𝑝𝑔,𝑟𝑎𝑛𝑑 ← 𝑠𝑡𝑒𝑝 × (𝑝𝑔,𝑟𝑎𝑛𝑑∕

‖

‖

‖

𝑝𝑔,𝑟𝑎𝑛𝑑
‖

‖

‖2
);

8:  𝑝𝑔,𝑝𝑒𝑟𝑡 ← 𝑝𝑔,𝑓 + 𝑝𝑔,𝑟𝑎𝑛𝑑 ;
9:  𝑝(𝑠𝑔)𝑔,𝑝𝑒𝑟𝑡 ← 𝑁 ′(𝑝(−𝑠𝑔)𝑔,𝑝𝑒𝑟𝑡);
10:  if (1) with 𝒑𝑔 = 𝑝𝑔,𝑝𝑒𝑟𝑡 is infeasible then
11:  𝑠𝑢𝑐 ← 0
12:  end if
13:  𝑐𝑡𝑟 ← 𝑐𝑡𝑟 + 1;
14:  end while
15:  if 𝑠𝑢𝑐 == 0 then
16:  𝐷𝑖𝑛𝑓 ← [𝐷𝑖𝑛𝑓 ; 𝑝⊤𝑔,𝑝𝑒𝑟𝑡];
17:  end if
18: end for
19: 𝐷 ← [𝐷𝑓 ;𝐷𝑖𝑛𝑓 ];

However, rather than utilizing a completely random vector, we aim 
to use a vector that ensures the relationship between the slack gen-
erator and non-slack generators is maintained to increase the quality 
of the resulting perturbed vector. To achieve this, we leverage the 
NN regression model 𝑁(⋅). By predicting the slack generator 𝑝(𝑠𝑔)𝑔,𝑝𝑒𝑟𝑡
using the non-slack generators 𝑝(−𝑠𝑔)𝑔,𝑝𝑒𝑟𝑡, as determined by 𝑁(⋅), we update 
𝑝𝑔,𝑝𝑒𝑟𝑡. Subsequently, by solving Eqs. (1) with the modified 𝑝𝑔,𝑝𝑒𝑟𝑡, we 
investigate its feasibility status. If the optimization yields an infeasible 
result, 𝑝𝑔,𝑝𝑒𝑟𝑡 is added to the infeasible dataset 𝐷𝑖𝑛𝑓 ∈ R𝑛𝑖𝑛𝑓×𝑛𝑔 .

It is worth noting that 𝑝𝑔,𝑓  is typically perturbed with a small magni-
tude represented by 𝑠𝑡𝑒𝑝 during the perturbation process. Consequently, 
𝑝𝑔,𝑝𝑒𝑟𝑡 may always remain feasible. Thus, it is essential to limit the 
number of iterations to a specific value denoted as 𝑙𝑖𝑚 ∈ Z+. Following 
this iterative process, a balanced dataset 𝐷 ∈ R(𝑛𝑓+𝑛𝑖𝑛𝑓 )×𝑛𝑔  is generated, 
comprising high-quality data points with a feasible-to-infeasible ratio 
of approximately one.

5. Neural network models and their transformation to MILP

We now discuss the training of the NN models for representing the 
functions 𝑀(⋅) and 𝑁(⋅), as well as the MILP representation of the 
trained NNs. We consider a feed-forward NN architecture with ReLU 
activation in the hidden layers. Without loss of generality, we focus 
on single hidden layer networks, but the concepts extend naturally to 
networks with multiple hidden layers.

The NN with an input 𝒛 ∈ R𝑛𝑧  and an output 𝒚 ∈ R is represented 
as follows: 
𝒉 = ReLU(𝑊ℎ𝒛 + 𝛽ℎ), (8a)

𝒐 = 𝑊𝑜𝒉 + 𝛽𝑜, (8b)

𝒚 = 𝜎(𝒐), (8c)

where, 𝑊ℎ ∈ R𝑛ℎ×𝑛𝑧  and 𝑊𝑜 ∈ R1×𝑛ℎ  are the weight matrices for 
the hidden and output layers, respectively, while 𝑛ℎ is the number 
of hidden nodes. The bias vectors are 𝛽ℎ ∈ R𝑛ℎ  and 𝛽𝑜 ∈ R for the 
hidden and output layers, respectively. The ReLU function is defined 
as ReLU(⋅) = max(0, ⋅). The activation function 𝜎 for the output layer is 
taken as the sigmoid function for the binary classification task, which 
is used to obtain 𝑀(⋅), whereas it is taken as a linear function for the 
regression problem, which is used to obtain 𝑁 ′(⋅), and therefore 𝑁(⋅).
7 
5.1. Training of the classifier model

The NN binary classifier is trained to take a generation dispatch 
vector, 𝒛 = 𝒑𝑔 , as input and output zero if 𝒑𝑔 is feasible, i.e., 𝒑𝑔 ∈
 , and one otherwise. To train this network, we compile a training 
dataset consisting of feasible samples from 𝐷𝑓  and infeasible samples 
from 𝐷𝑖𝑛𝑓 . Let the index set of the training dataset be denoted as 𝑀 . 
The loss function 𝐿𝑀 , minimized during training, is a weighted binary 
cross-entropy loss defined as follows: 

𝐿𝑀 = −
∑

𝑖∈𝑀

𝜔10 𝑦𝑖 log(𝑦̂𝑖) + 𝜔01(1 − 𝑦𝑖) log(1 − 𝑦̂𝑖), (9)

where 𝑦𝑖 ∈ {0, 1} is the true label (i.e., 0 for feasible, and 1 for 
infeasible instances) and 𝑦̂𝑖 is the predicted label for instance 𝑖 ∈ 𝑀 . 
The parameter 𝜔10 > 0 represents the weight assigned to incorrectly 
classifying an infeasible instance as feasible, while 𝜔01 > 0 represents 
the weight for the opposite error.

In this problem context, distinguishing the significance of incorrect 
predictions by the NN is crucial. Predicting a feasible point as infeasible 
incurs an economic loss, whereas predicting an infeasible point as 
feasible can lead to undesirable outcomes in the power grid. To mitigate 
the risk of identifying an infeasible point as feasible, we set the weights 
such that 𝜔10 > 𝜔01. Thus, after all these steps, the function 𝑀(⋅) can 
be constructed.

5.2. Training of the regressor model

The NN regressor is trained to take a generation dispatch vector 
with the entry associated with the slack generator removed, 𝒛 = 𝒑(−𝑠𝑔 )𝑔 , 
as input and output the power output of the slack generator, 𝒑(𝑠𝑔 )𝑔 . To 
compile the training dataset for the regressor model, we consider only 
the feasible samples 𝐷𝑓 . From these, we extract the rows corresponding 
to non-slack generators as the predictors and the slack generator as the 
target variable. Let the index set of the training dataset be denoted 
as 𝑁 . The mean squared error loss function 𝐿𝑁 , minimized during 
training, is defined as follows: 

𝐿𝑁 = 1
|𝑁 |

∑

𝑖∈𝑁

(𝑦̂𝑖 − 𝑦𝑖)2, (10)

where 𝑦𝑖 is the true value of the slack generator’s power output and 
𝑦̂𝑖 is the predicted value for instance 𝑖 ∈ 𝑁 . Finally, after the training 
process the function 𝑁(⋅) is obtained.

5.3. Neural network MILP representation

Once the NNs are trained and their weights and biases are identified, 
they are integrated into the optimization problem as constraints (4c) 
and (4d). To achieve this, we first employ the approach given in [25], 
which exploits the piecewise-linear nature of the ReLU function to 
obtain a mixed-integer linear representation. The set of constraints to 
represent (8a)–(8b) is given as follows: 

𝑊ℎ𝒛 + 𝛽ℎ = 𝒉 − 𝒉−, (11a)

0 ≤ 𝒉 ≤ ℎ ⊙ 𝒖, (11b)

0 ≤ 𝒉− ≤ ℎ− ⊙ (1 − 𝒖), (11c)

𝒐 = 𝑊𝑜𝒉 + 𝛽𝑜, (11d)

𝑧 ≤ 𝒛 ≤ 𝑧, 𝑜 ≤ 𝒐 ≤ 𝑜, (11e)

𝒉,𝒉− ∈ R𝑛ℎ , 𝒖 ∈ B𝑛ℎ . (11f)

The constraints (11a) to (11c) model the ReLU activation. Con-
straint (11a) decomposes the pre-activation output into the positive 
part 𝒉 and the non-activated part 𝒉−. Constraints (11b) and (11c) 
ensure that 𝒉 and 𝒉  follow the ReLU behavior based on the binary 
−
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Fig. 3. Flowchart for the proposed methodology.
variables 𝒖. Constraint (11d) defines the linear transformation of the 
output layer: Constraints (11e) ensure the variables are within specified 
bounds, and (11f) specifies the domains of the variables.

Then, to represent (4c), the following constraint is used together 
with (11): 
𝒐 ≤ −𝜌, (12)

where, 𝜌 ≥ 0 represents a conservativeness parameter. In the context of 
the NN classifier, this parameter is used to ensure that the output 𝒐
remains below a certain threshold, thereby providing a safety margin. 
This margin helps to account for inaccuracies in the NN predictions, 
ensuring that the generation dispatch remains within safe and feasible 
limits.

In order to represent (4d), the following constraint is used together 
with (11)1: 
𝒐 − 𝒑(𝑠𝑔 )𝑔 = 0. (13)

Finally, the flowchart of the entire process, as described in the 
preceding sections, is presented in Fig.  3.

6. Case studies and discussion

In our study, we evaluate the performance of our proposed method 
by comparing it to the AC-OPF, which does not consider data pri-
vacy, using the 30-, 57-, and 162-bus benchmark models from PGLib-
OPF [34]. The power system data is used exactly as it is. Our evaluation 
process begins with the generation of an effective dataset, employing 
the techniques outlined in the previous sections to acquire high-quality 
data points on the boundary of the  . Subsequently, we proceed to 

1 For brevity, the same set of variables is used for the NN models in this 
explanation. However, in practice, two distinct sets of variables are used: one 
for the classifier and another for the regressor, with the corresponding weights 
and biases.
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train NN models to map the  , assessing the quality of their approx-
imations. Finally, we test the efficacy of our proposed method by 
conducting comparative analyses against the AC-OPF, using various 
objective functions and constraints.

We select MATLAB as the primary simulation environment for our 
case studies. We utilize MATPOWER [35] with KNITRO solver [36] 
for the AC-OPF, while GUROBI [37] and YALMIP [38] are employed 
for the MILP. Furthermore, we train and test our NN models using
TensorFlow/Keras [39,40]. The case studies are conducted on a PC 
equipped with an Intel Core i7-10700K CPU @ 3.80 GHz and 32 GB 
RAM.

6.1. Dataset creation process

We create datasets by following the steps explained in detail in 
Section 4. Firstly, we generate valid inequalities according to Algorithm 
1. When examining the Algorithm 1, it can be observed that the 
dimension of matrix 𝐴 is 4𝑛𝑔+2×𝑛𝑔 and vector 𝑏 is 4𝑛𝑔+2. Therefore, for 
30-, 57-, and 162-bus power systems, 𝐴 has dimensions 26 × 6, 30 × 7, 
and 50 × 12, while 𝑏 has dimensions 26, 30, and 50, respectively.

After generating valid inequalities, we produce feasible samples at 
the boundary of the  using the n-ball approach, following Algorithm 2. 
Specifically, we set 𝑟𝑏𝑎𝑙𝑙 = 3 and adjust 𝑛𝑏𝑎𝑙𝑙 for each case, as detailed 
in Table  1. Next, we apply the multivariate Gaussian distribution to 
𝐷𝑏𝑎𝑙𝑙 as described in Algorithm 3, generating feasible data points from 
both the unsampled boundary and within the  . It is worth noting that 
𝑛𝑏𝑎𝑙𝑙 = 𝑛𝑚𝑔𝑑 , so the size of the 𝐷𝑚𝑔𝑑 and 𝐷𝑏𝑎𝑙𝑙 is equal. Subsequently, 
we obtain 𝐷𝑓  by combining these two datasets containing feasible 
samples. Finally, we generate infeasible samples by perturbing the 
feasible samples according to Algorithm 4, creating 𝐷𝑖𝑛𝑓 . We select 
𝑙𝑖𝑚 = 5 and 𝑠𝑡𝑒𝑝 = 5 for this perturbation process. Consequently, 
𝐷 is obtained by combining 𝐷𝑓  and 𝐷𝑖𝑛𝑓 . After all these steps, the 
generated number of data points and the feasibility ratio for each case 
are summarized in Table  1.

When examining Table  1, it can be observed that a balanced dataset 
of approximately 50% feasibility ratio is created for each case. The 



B. Dindar et al. Sustainable Energy, Grids and Networks 42 (2025) 101672 
Table 1
Summary of the dataset creation.
 Power
system

𝐷𝑏𝑎𝑙𝑙 𝐷𝑚𝑔𝑑 𝐷𝑓 𝐷𝑖𝑛𝑓 𝐷 Feasibility 
ratio

 

 Case 30 7500 7500 15000 10478 25478 58.87%  
 Case 57 15000 15000 30000 24160 54160 55.39%  
 Case 162 50000 50000 100000 99834 199834 50.04%  
Table 2
Metrics for the NN classification.
 Power system Accuracy Recall Specificity 
 Case 30 98.64% 98.45% 98.90%  
 Case 57 90.32% 84.40% 97.76%  
 Case 162 97.64% 96.17% 99.11%  

Table 3
Metrics for the NN regression.
 Power system RMSE MAE MAPE  
 Case 30 0.529 0.373 0.176% 
 Case 57 0.686 0.334 0.424% 
 Case 162 0.227 0.119 0.025% 

slight deviation from exactly 50% can be attributed to the fact that 
infeasible data points may not always be reachable during the pertur-
bation process (see Algorithm 4). Therefore, the size of 𝐷𝑖𝑛𝑓  may be 
smaller than 𝐷𝑓 . Additionally, the proposed data generation techniques 
facilitate the acquisition of high-quality samples around the boundary. 
Consequently, suitable datasets are generated for effective utilization 
in ML models with a relatively small number of data points.

6.2. ML training and approximation quality

After acquiring the datasets, we proceed to train the ML models 
to construct the functions 𝑀(⋅) and 𝑁(⋅). Subsequently, we assess the 
approximation quality of these models using test sets. Consistent with 
the typical procedure, we partition the datasets into 80% train set and 
20% test set for both classification and regression models. As detailed 
in Section 5.1, we employ an NN classification model to classify feasible 
and infeasible samples. For each case, we utilize a single hidden layer 
and 150 hidden nodes. Additionally, we set 𝑤10 to 2.5, 5, and 10 for 
the respective power systems, while 𝑤01 = 1 for all systems.

Once we train the model, we evaluate the approximation quality 
of the NN classification model using accuracy, recall and specificity 
metrics [41] as shown in Table  2. As outlined in Section 5.1, we assign 
a higher weight value to predicting an infeasible point as feasible, 
aiming to prevent the model from misclassifying infeasible points. Con-
sequently, the specificity metric, which indicates the prediction perfor-
mance of infeasible points, is quite high. However, due to these weights, 
the accuracy and recall metrics are slightly lower. Although this situa-
tion may lead to some economic loss, it enhances the feasibility of the 
proposed method as we design it for.

The training process for the NN regression model follows a similar 
approach as explained in Section 5.2. We choose a single hidden layer 
with 500 hidden nodes for all power systems. It should be noted that 
only 𝐷𝑓  is used for training the NN regression model. Subsequently, 
we evaluate the model’s performance using numerical metrics such as 
root mean square error (RMSE), mean absolute error (MAE), and mean 
absolute percentage error (MAPE), as presented in Table  3. As demon-
strated in the results, the NN regression models achieve performance 
that are close to 100% accuracy for each power system. Overall, the 
high performance achieved by both the NN classification and regression 
models indicates that the functions 𝑀(⋅) and 𝑁(⋅) collectively can 
effectively capture the behavior of the power systems using only the 
active power outputs of the generators 𝒑 .
𝑔
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Table 4
Comparison of feasibility ratio and average cost difference for different cost 
coefficients.
 Power system Feasibility ratio Average cost difference 
 Case 30 100% 0.154%  
 Case 57 100% 0.006%  
 Case 162 96.40% 0.786%  

6.3. Benchmark results with different cost coefficients

In this section, we assess the efficiency of the proposed method 
by conducting a comparative analysis with the AC-OPF, which does 
not consider data privacy, in terms of feasibility ratio and total cost. 
To achieve this, we randomly generate 1,000 different sets of cost 
coefficients for each power system. This approach allows for a detailed 
evaluation of the proposed method and represents various special ob-
jective functions that the market operator agent may have. We consider 
only linear cost coefficients as in PGLib-OPF library [34] without loss 
of generality. Here, we use conservativeness only for the most complex 
model, Case 162, as 𝜌 = 10.

For each set of randomly generated cost coefficients, we first obtain 
a solution using the proposed method and subsequently validate its 
feasibility in the AC-OPF formulation. During the validation process, 
we apply a tolerance of 1 × 10−2 to avoid numerical errors. Then, we 
compare the total costs obtained from both methods for the same set 
of cost coefficients. The comparison results for feasibility ratio and 
average cost difference are presented in Table  4.

As evident from the results, the proposed method achieves a 100% 
feasibility ratio for Case 30 and 57, while achieving a slightly lower 
ratio of 96.40% for Case 162. Similarly, the average cost difference 
between the proposed method and the AC-OPF remains negligible, 
closely approaching 0% for Cases 30 and 57, and only reaching 0.786% 
for Case 162. For a more comprehensive analysis of the numerical 
results, the histogram of the total cost differences is depicted in Fig.  4.

Negative values in the histogram indicate instances where the pro-
posed method achieves a lower total cost compared to the AC-OPF. 
For Case 30 and 57, the maximum cost difference is approximately 
1%. Although Case 162 shows some high values, these instances are 
relatively rare, with only 10 out of 1,000 samples exceeding a 5% cost 
difference. This situation can be associated with the use of high weights 
and conservativeness to ensure a high feasibility ratio for this power 
system. Overall, the proposed method demonstrates performance that 
is comparable to the AC-OPF, while effectively preserving data privacy.

6.4. Benchmark results with different cost coefficients and constraints

In this section, similar to the previous one, we randomly generate 
1,000 different sets of cost coefficients for each case study. However, 
in addition to this, we introduce different combinations of constraints. 
Consequently, we compare the proposed method with the AC-OPF, 
which does not consider data privacy, across various cost coefficients 
and constraints. This approach allows to represent special constraints 
along with the special objective functions that the market operator 
agent may have, providing a comprehensive evaluation of the method’s 
performance. Rather than focusing on Case 30 and 57, we direct our 
attention to the more intricate Case 162 to provide a more comprehen-
sive assessment of the proposed method’s efficiency. To facilitate this 
investigation, we set the following three constraints:
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Fig. 4. The histogram of the total cost differences for different cost coefficients.
Table 5
Comparison of feasibility ratio and average cost difference for different cost coefficients 
and constraints.
 Constraint combinations Feasibility ratio Average cost difference 
 (14a) 95.20% 0.790%  
 (14a) + (14b) 94.70% 0.739%  
 (14a) + (14b) + (14c) 95.70% 0.793%  

𝒑(11)𝑔 + 𝒑(12)𝑔 − 1000 ≥ 0, (14a)

𝒑(7)𝑔 − 𝒑(4)𝑔 ≥ 0, (14b)

2 × (𝒑(2)𝑔 + 𝒑(8)𝑔 ) − 𝒑(1)𝑔 ≥ 0. (14c)

In the standard case, the active power lower limits of the 11th and 
12th generators, 𝑝(11)

𝑔
 and 𝑝(12)

𝑔
 are 0 MW. In (14a), we modify this 

by imposing a constraint that their total active power output must be 
greater than 1,000 MW. Additionally, although the upper limits of the 
active power for the 7th and 4th generators are 𝑝(7)𝑔 = 308 MW and 
𝑝(4)𝑔 = 366 MW, we add a constraint that the 𝒑(7)𝑔  must always be greater 
than 𝒑(4)𝑔  in (14b). As a final constraint, we specify that twice 𝒑(2)𝑔  plus 
𝒑(8)𝑔  must be greater than 𝒑(1)𝑔  in (14c), while 𝑝(1)𝑔 , 𝑝(2)𝑔 , 𝑝(8)𝑔  are 1,147 
MW, 451 MW, and 455 MW, respectively. The analyses are performed 
by adding these constraints incrementally, and the feasibility ratio and 
average cost difference, in comparison to the AC-OPF, are summarized 
in Table  5.

When the results are examined, it can be observed that, similar 
to the previous section, a feasibility ratio of around 95% is achieved 
in each case, and the average cost difference remains approximately 
0.8%. This indicates that the proposed method maintains its effective-
ness even with the introduction of various additional constraints. The 
histogram of the total cost differences is presented in Fig.  5.

Furthermore, when examining the histogram, it is evident that 
the distributions are similar across cases and even consistent with 
the previous section. This suggests that the inclusion of additional 
constraints does not impact the performance of the proposed method. 
Consequently, it can be inferred that various other constraints, beyond 
those specified, can be incorporated without any degradation in per-
formance. In summary, the proposed method demonstrates acceptable 
performance compared to the AC-OPF while maintaining data privacy. 
Moreover, the integration of the trained NN model into the MILP 
10 
formulation enables flexible utilization of different cost coefficients and 
additional constraints.

7. Conclusion

The need for interoperability in power system management is be-
coming increasingly critical to improve operational efficiency and re-
duce costs. For the effective use of mechanisms such as AC optimal 
power flow (AC-OPF) and redispatch, collaboration among institutions 
is key. However, achieving interoperability remains a challenge, pri-
marily due to concerns surrounding data privacy. In the present paper, 
we introduce a multi-agent system (MAS)-based AC-OPF approach 
leveraging neural network (NN) models.

In the proposed method, an effective dataset is initially generated 
through the utilization of n-ball, multivariate Gaussian distribution, and 
perturbation techniques. Typically, the generation of a vast number 
of data points is required to procure high-quality data points from 
the feasible/infeasible boundary using traditional methods. However, 
the proposed dataset generation technique facilitates the creation of 
a balanced dataset, comprising high-quality data points around the 
boundary with relatively fewer data points. Leveraging this effective 
dataset, NN models that map feasible space using only active power, 
achieve high performance. By employing these NN models, sensitive 
data such as grid topology, current, voltage values, etc., are concealed, 
ensuring data privacy.

Subsequently, the NN models are integrated into a mixed-integer 
linear programming (MILP) formulation. Thanks to the NN structure, 
this integration enables the optimization problem to be addressed with 
varying market-based objective functions and constraints. Moreover, 
the incorporation of valid inequalities further enhances the efficiency of 
the optimization process by reducing the search space, leading to more 
accurate and expedited results. Consequently, the proposed approach 
enables the realization of the AC-OPF while effectively accounting for 
both market and system constraints.

The proposed method is evaluated using 30-, 57-, and 162-bus 
benchmark models from the PGLib-OPF. The test results reveal high 
performance in terms of NN accuracy and overall results, underscoring 
the efficacy of the proposed method. Consequently, the method enables 
the execution of AC-OPF while simultaneously ensuring data privacy 
for all stakeholders, thus fostering interoperability among institutions.

The potential of the proposed method can be further increased 
through the utilization of high-performance computing and advanced 
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Fig. 5. The histogram of the total cost differences for different cost coefficients and constraints.
parallelization techniques. This enhancement will enable the attain-
ment of high-precision results for complex systems within shorter time-
frames. Furthermore, the methodology can be further developed to ac-
commodate high number of agents. Additionally, incorporating multi-
objective optimization approaches into this framework offers a promis-
ing avenue for further development. We plan to develop the proposed 
method by addressing these aspects in future research endeavors.
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