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Abstract

Ensuring real-time grid operations is essential for maintaining both stability and efficiency

in today’s dynamic power systems. While machine learning (ML)-based approaches enable fast

inference, these models are often trained using datasets derived from static grid configurations,

such as fixed topologies. Adapting these models to evolving grid conditions introduces

additional complexity and necessitates acquiring supplementary datasets, which require

computationally intensive solvers.

This paper presents a method that improves computational efficiency compared to

conventional transfer learning techniques for adapting ML models used in power flow (PF)

and optimal power flow (OPF) analysis to changing grid conditions. Our findings indicate

that only 6% of the original dataset requires recalibration, and the entire process of data point

regeneration and model fine-tuning is completed in under 3 seconds in the benchmark IEEE

14-bus, IEEE 118-bus, and PEGASE 1352-bus systems. A thorough theoretical, practical, and

comparative analysis is provided to demonstrate the effectiveness of the proposed approach.
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Chapter 1

Introduction

We are determined to protect the planet from degradation that it can support the needs of

the present and future generations. The shift towards a cleaner and more prosperous economy

must be an immediate and ongoing focus in the coming years and decades.

The 2030 agenda for sustainable development [1], endorsed by all United Nations member

states in 2015, offers a comprehensive plan for achieving peace and prosperity for both people

and the planet, now and into the future. Central to this agenda are the 17 sustainable

development goals, which urge all nations, regardless of development status, to take action in

a global partnership. Some key goals include:

- Ensuring universal access to affordable, reliable, sustainable, and modern energy.

- Making cities and human settlements inclusive, safe, resilient, and sustainable.

Figure 1.1: Sustainability goals [1]
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- Taking urgent actions to combat climate change and its effects.

Projections indicate that earth’s temperature will increase by 2035, and vulnerable regions

face up to 15 times higher mortality rates due to disasters. To avert the worst impacts of

climate change, the government of Canada and 120 countries are committed to achieving

net-zero emissions by 2050, meaning their economies will either produce no greenhouse gas

emissions or offsets its emissions. [2]

Carbon emissions are calculated by measuring the amount of greenhouse gases (GHGs)

released into the atmosphere, expressed in carbon dioxide equivalents (CO2e) to account for

the varying global warming potentials of different gases. In Canada, emissions are tracked

using a sector-based inventory consistent with the guidelines set by the Intergovernmental

Panel on Climate Change (IPCC). These estimates rely on activity data, such as fuel

consumption or industrial production, combined with scientifically established emission

factors that quantify the emissions per unit of activity. The data is compiled annually in

the National Inventory Report, submitted to the United Nations Framework Convention on

Climate Change (UNFCCC) and reviewed for transparency and consistency [3].

Carbon emissions are typically expressed in megatonnes (Mt) of CO2 equivalent (CO2e),

which accounts for the global warming potential of all greenhouse gases in terms of carbon

dioxide. For example, Canada’s emissions of 672 Mt CO2e in 2020 represent the total climate

impact of all its greenhouse gas emissions, normalized to CO2. This metric is used to evaluate

environmental impact, monitor progress toward emission targets, and guide climate policy.

Canada’s 2030 emissions reduction plan aims to cut greenhouse gas emissions by 40% of

levels in 2005 (741 Mt) by 2030. However, as of 2020, emissions were only reduced by 10%,

down to 672 Mt, highlighting the need for significant changes across all sectors [2]. The power

sector, for instance, must see widespread adoption of renewable energy, electric vehicles, and

battery storage systems.

The power grid, as the backbone of the power sector, is a highly complex system,

exemplified by the Pan European Grid Advanced Simulation and State Estimation (PEGASE)
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Figure 1.2: 1354 bus system

project [4] in figure 1.2, which includes a 1354-bus portion of the European transmission

network. This system accurately reflects the scale and intricacy of the European high-voltage

transmission network, consisting of 1,354 buses and approximately 2,000 power lines operating

at 380 and 220 kV. The PEGASE 1354 bus system serves as a benchmark frequently utilized

by researchers to demonstrate proof of concept due to its complexity and real-world relevance.

Two of the most crucial problems in power grids are Power Flow (PF) and Optimal Power

Flow (OPF). Power flow refers to the calculation and analysis of the distribution of electrical

power across the various components of a power grid, such as generators, transformers, and

transmission lines. It is essential for ensuring that electricity is delivered efficiently and

reliably from power plants to consumers. Optimal power flow, on the other hand, takes this

a step further by aiming to determine the most efficient operating conditions for the power

system. OPF involves minimizing the cost of generation, reducing losses, or achieving other

specific objectives while satisfying all operational constraints like voltage limits and power

balance. Both PF and OPF are fundamental for maintaining grid stability, optimizing energy

use, and ensuring the reliability of electricity supply. However, as networks grow larger,

traditional methods for addressing these challenges are increasingly impractical due to their
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time-consuming nature.

In response to these challenges, there has been a shift toward innovative approaches

that accelerate computational processes. Data-driven methods, particularly those employing

machine learning algorithms on historical data, have emerged as a promising alternative.

These modern techniques dramatically reduce computation time, making them well-suited

for addressing the evolving challenges of complex networks.

Power grid infrastructure undergoes large-scale changes every 10–30 years, such as building

new substations or transmission lines. Mid-scale upgrades occur every 5–10 years, while

small-scale operational changes, like topology reconfigurations and generation redispatch,

happen daily or hourly.

The power grid is continuously evolving, with the addition and removal of power lines for

outages, maintenance, and integration of renewable energy sources. Furthermore, uncertainties

in demand and supply, as well as line congestions caused by the increasing demand from

electric vehicles, add to the challenges.

A significant limitation of data-driven models is their specificity to the grid instances

on which they are trained. For example, topological changes in the grid, such as those in

the widely researched IEEE 118-bus system with 186 power lines, result in 2186 potential

configurations. These variations can lead to model drift, where changes in the system topology

cause shifts in the underlying data distribution or system behavior, thereby degrading model

performance. Generating samples for all possible changes and training a model for each

scenario is infeasible. To overcome this limitation, we leverage transfer learning, which allows

models to adapt to new but related conditions, thereby enhancing their applicability across

different network configurations.

To implement transfer learning, two approaches were utilized: supervised and unsupervised

learning. The first approach involved using a small subset of data points from the new topology,

while the second approach relied solely on the physical attributes of the power system without

utilizing any additional data.

4



1.1 Literature Review

Power Flow (PF) analysis is crucial for the steady-state operation of electric power systems,

underpinning power systems planning, security assessment, and power grid management and

optimization. PF analysis is used to solve the steady-state operating conditions of electric

power systems and is the most essential tool for power system analysis. PF analysis aims

at obtaining complete voltage angles and magnitudes for each bus in a power system, given

specified loads, generator real power, and voltage conditions [5].

PF is applied to planning, economic scheduling, system operation, and control areas.

Therefore, with the widespread adoption of computer technologies, there has been a constant

need to develop efficient power flow analysis methods [6]. The increase in online applications

for wide-area monitoring and control has further stressed the necessity of reliable and efficient

power flow methodologies. The classic power flow problem (AC model) can be formulated

based on Kirchhoff’s circuit laws in electric power networks and consists of a set of nonlinear

algebraic equations representing real and reactive power injection flow at each node [7].

Optimal Power Flow (OPF) Analysis is an extension of power flow analysis that not

only seeks to determine the voltage and power flows but also optimizes certain operational

objectives while respecting system constraints. The OPF problem is a fundamental aspect of

power system management and market operations, ensuring the high efficiency and security

of real-time operations. System operators conduct OPF studies to economically dispatch

generation sources, ensuring that power demands are met while stick to system constraints.

This problem presents complex challenges in economic, electrical, and computational

aspects. Economically, it necessitates multipart nonlinear pricing to achieve an efficient

market equilibrium. Electrically, the use of alternating current (AC) introduces additional

nonlinearities. Computationally, the optimization process involves nonconvexities, encom-

passing both binary variables and continuous functions, complicating the solution process.

Moreover, the power system must maintain stability despite the loss of any generator or

transmission element [8], [9], [10].
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Several algorithms have been developed and refined over the years to solve the AC

power flow problem, with the Newton-Raphson (NR) method [11] and the Gauss-Seidel (GS)

algorithm [12] being among the most commonly used. NR method is the most powerful

algorithm due to its linearizing technique to solve the nonlinear equations using iterative

algorithms. However, the inherent characteristics of nonlinear equations in the AC model lead

to convergence difficulties and make the process time-consuming, especially when considering

contingency analysis [13], [14]. The GS algorithm also iteratively updates the variables

associated with each bus type, performing these updates in epochs until convergence is

reached. Although the GS algorithm is straightforward and easy to implement, it may exhibit

slow convergence, especially in large-scale systems.

To solve the OPF problem, Interior Point Methods (IPM) are a class of optimization

techniques. These methods work by navigating through the interior of the feasible solution

space, staying clear of the boundary constraints until a solution is reached [15, 16, 17]. IPM

operates by iteratively addressing a series of approximations to the original nonlinear problem.

Although effective, IPM can be computationally demanding, particularly when applied to very

large power systems [18]. The method requires solving substantial linear equation systems

at each iteration, which can be both time-intensive and resource-heavy. Furthermore, IPM

may encounter challenges with poorly conditioned problems or when the starting point is

significantly distant from the optimal solution.

In response, there has been a shift towards innovative approaches that accelerate computa-

tion. Data-driven techniques, particularly those employing machine learning (ML) algorithms

on historical data, have emerged as a potent alternative [19]. ML provides researchers with a

powerful tool to learn the structure of physical phenomenon directly from nature, rather than

having to explain the causal relationships through direct application of physics law. Many

research and engineering fields, from image recognition to autonomous driving, from health

to natural language processing (NLP), have experienced a tremendous boost in performance

and efficiency over the last few years. Many problems that seemed impossible to be solved,
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can now be tackled thanks to the use of ML methodologies [20].

These ML methods significantly cut down computation time, with some achieving speeds

that are orders of magnitude faster than traditional practices, thus offering a promising

solution for handling the evolving challenges in PF and OPF analysis for large and complex

networks [19].

To solve the PF problem, in [21], a neural network (NN) model is trained to predict PF

results using historical power system data. Although the training process may take time, once

trained, it is very fast to estimate line flows. A comprehensive performance analysis between

the proposed NN-based PF model and the traditional Direct current (DC) power flow model

is conducted. The DC model simplifies calculations by assuming uniform voltage magnitudes,

ignoring reactive power and losses, resulting in a linear system that can be solved quickly

without iterations. While the DC model offers speed and computational efficiency, it lacks

the accuracy of the AC model, especially where reactive power and losses are significant.

Thus, the AC model is preferred for detailed analysis and planning [13]. It can be concluded

that the proposed NN-based PF model can find solutions quickly and more accurately than

DC power flow model [21].

Also, research [22] proposes a physics-guided NN to solve the PF problem, with an

auxiliary task to rebuild the PF model. By encoding different granularity of Kirchhoff’s laws,

and system topology into the rebuilt PF model, the NN based PF solver is regularized by the

auxiliary task, and constrained by the physical laws.

Besides, to solve the OPF problem, reference [9] shows a novel data-driven approach

that combines generative learning, information theory and domain knowledge is proposed

to enable real-time OPF studies. Also, [23] presents a survey of recent studies that have

applied ML to solve OPF-related problems and provides readers with visions on potential

research directions in this field. The surveyed literature is categorized according to the type of

studied OPF problems. In [24] the data is used to train a Random Forest to predict solutions

of future ACOPF problems. To preserve correlations and relationships between predicted
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variables, they utilize a multitarget approach to learn approximate voltage and generation

solutions to ACOPF problems directly by only using network loads, without the knowledge

of other network parameters or the system topology. they explore the benefits of using the

learned solution as an intelligent warm start point for solving the ACOPF.

In addition to supervised methods, there have been several unsupervised approaches.

[25] presents an unsupervised deep learning framework designed to generate a subset of

decision variables for ACOPF. This framework combines a deep neural network with AC

power flow equations, using a fast decoupled power flow solver to assist in calculations. The

training process employs a modified augmented Lagrangian function as the loss function,

incorporating both generation costs and penalties for constraint violations. To enhance

training effectiveness, dynamic adjustment of Lagrangian multipliers is utilized.

The paper by [26] introduces DeepOPF-NGT, an unsupervised learning method designed

to address AC optimal power flow challenges. This method focuses on learning the mapping

from load conditions to solutions using a specially crafted loss function, tailored for this task,

without relying on ground truth data.

[27] proposes an approach that leverages Graph Neural Networks (GNN) as the machine

learning model. The training loss combines the ACOPF cost with a weighted penalty for

violations of equality and inequality constraints.

However, nowadays due to climate change, the dynamic nature of modern power systems

intensified by the incorporation of variable sources like electric vehicles, renewables, and

energy storage, has introduced complexities in maintaining system stability. This complexity

underscores the necessity for faster PF and OPF computational methods [7]. A significant

limitation of current deep neural network (DNN) based approaches is their dependency on

a static system topology. The effectiveness of DNN predictions hinges on the assumption

that the underlying grid topology remains unchanged. However, as noted in recent studies

[28], power grids are undergoing frequent topology reconfigurations to optimize for economic

operation and reliability. These changes pose a challenge for traditional DNN models, which
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are typically trained for a specific static configuration.

Hence, a significant drawback of these models is their specificity to the grid instances

they are trained on. There are intractable number of changes that the model should be

able to predict. Several studies have addressed the challenge of adapting to changes in

power systems. For example, the method presented in [29] accelerates AC power flow

computations by employing machine learning models for initial estimates in the Newton-

Raphson process. Although this approach reduces computation times, especially in larger

networks, it continues to depend on the Newton-Raphson method, which may be slow under

complex conditions. Also, the [30] paper presents a methodology that exhaustively considers

all possible topological changes in power networks, requiring a large model and extensive

datasets for every conceivable scenario. This brute force approach increases computational

demands and complicates practical implementation due to the massive data requirements.

In [31] and [32] typed graph neural network (TGN) model is trained in an unsupervised

manner, aiming to minimize the power equilibrium errors across various grid configurations.

This approach allows for efficient handling of dynamic changes in the grid topology and can

scale effectively with the network size. The performance of the TGN-based solver is validated

against traditional methods like the Newton-Raphson solver, demonstrating its capability to

provide accurate and reliable results even in complex and changing network conditions. But,

this approach is very dependant on Grid Topology Information.

Therefore, to address this limitation, transfer learning (TL) which is adapting models to

new, yet related conditions is leveraged. TL enhance the applicability of the model across

varying network configurations. It is a powerful machine learning technique that improves

the performance of target learners on target domains by leveraging knowledge from related

but distinct source domains. By reducing the reliance on extensive labeled data in the target

domain, it addresses challenges where collecting sufficient training data is impractical. Transfer

learning is versatile, applicable across diverse fields such as natural language processing,

computer vision, and sentiment analysis, demonstrating its wide utility. The method not
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only enhances learning efficiency but also significantly improves the adaptability of models to

new, previously unseen environments [33].

In sentiment analysis, transfer learning helps leverage sentiment knowledge from one

domain to improve performance in another, despite differences in language or context. In

computer vision, it enables models trained on one set of images to adapt and perform well on

different image datasets, enhancing object recognition capabilities. Additionally, in natural

language processing, transfer learning aids in tasks like machine translation and speech

recognition by using knowledge from one language to assist in processing another, improving

accuracy and reducing the need for extensive labeled datasets in the target language [33].

Transfer Learning also has lots of applications in power system. It has significantly

enhanced demand response systems by improving electricity demand forecasts and generation

predictions from renewable sources. By leveraging models from data-rich environments, it

offers better accuracy and efficiency in less mature installations. In reinforcement learning,

transfer learning aids in developing advanced control strategies for energy management, using

knowledge from related tasks. These applications highlight the method’s ability to shorten

training times and enhance the predictive capabilities of energy systems [34].

In [35] paper, the authors employ transfer learning to overcome data scarcity challenges

in new power systems by leveraging existing data from well-documented grids. This approach

enhances event identification capabilities in newer grids by transferring knowledge from a

data-rich "source" grid to a data-limited "target" grid. The transfer involves aligning and

transforming data through techniques like dimensional reduction and distribution adaptation

to apply models effectively across different grids. This method significantly improves the

accuracy and efficiency of monitoring and predictive capabilities in power systems with limited

historical data.

In [36] paper, transfer learning is applied to enhance Dynamic Security Assessment (DSA)

models in power systems, allowing a single model trained on specific faults to assess various

unlearned faults efficiently. This method improves the model’s ability to generalize across

10



different scenarios, significantly reducing the need for separate models for each new fault,

thus optimizing both computational resources and assessment time.

In [37] paper, Chao Ren and colleagues also employ transfer learning to address the

challenges of unlearned faults in power system DSA. The approach allows the adaptation

of existing DSA models to new fault types by optimizing the data distribution between

known training faults and new, unseen faults. This method enhances the model’s ability

to accurately predict system security under different fault conditions without the need for

extensive retraining. By using transfer learning, the system achieves robust performance even

when faced with incomplete data, demonstrating significant improvements over traditional

DSA methods.

In the specific field of PF and OPF, the study [38] employs 70 different topologies for

pretraining its model, necessitating extensive data that may not be practical in many opera-

tional settings. Additionally, it relies on the Newton-Raphson method for data regeneration,

which often fails to converge, requiring multiple iterations to achieve a solution.

To improve accuracy, [8] used a pre-trained model as a warm start for re-training the GNN

model, incorporating additional data samples generated for the new topology. This re-training

step has proven to be extremely efficient in terms of convergence rate. The proposed GNN

architecture enables fast transfer learning under topology contingency for the OPF learning

problem. For each post-contingency new topology, 4,000 data samples were re-generated,

which is half of the original training process, yet still a substantial amount.

It is important to consider that one possible drawback of transfer learning is that the

Negative Transfer Learning might happen. Negative transfer occurs when skills or knowledge

from one context impair performance in another, often due to differences between the contexts.

For example, in machine learning, a model trained on urban images might perform poorly

when applied to rural landscapes, demonstrating the challenges of negative transfer [39].
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1.2 Problem Statement and Thesis Objective

In this thesis two Transfer Learning based approaches will be considered:

First, we introduce an innovative approach for efficiently adapting machine learning

models to altered grid topologies with a small number of data points. It involves taking

a pre-trained model (typically trained on a large, general dataset derived from the initial

topology) and continuing to train it on a new, often smaller, dataset that is specific to the

changed topology. This approach can significantly reduce the time and resources required to

develop effective models, especially in cases where the new dataset might be too small to

train a model from scratch effectively.

In addition, a technique called reverse sampling is employed in power flow (PF) and optimal

power flow (OPF) scenarios. By generating a limited number of new training examples using

straightforward one-time computations (matrix multiplications), our approach capitalizes on

the intrinsic electrical relationships within the grid. These newly created data points are then

used to adjust the original machine learning model. Through detailed theoretical analysis, we

demonstrate that our method effectively captures the impact of alterations in grid topology,

as the data distributions before and after the topology changes remain closely aligned and

negative transfer learning is avoided.

This approach demonstrates that a purely data-driven model can achieve accurate results

independently, without relying on traditional iterative methods, potentially leading to signifi-

cant improvements in computation speed. By training the initial model on a single topology,

it requires less data and allows for a simpler architecture, resulting in faster training. This

method not only streamlines the training process but also enhances the model’s applicability

and performance under dynamic conditions. Our approach leverages data from one scenario

and dynamically generates data for others, creating a simpler and more manageable model

that is more feasible for real-world applications.

Key features of our approach include high-speed adaptation to new grid scenarios, reduced

data needs, and minimal training and retraining requirements, all underpinned by the
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strengths of transfer learning. This results in a cost-effective, reliable, and accurate power

flow computation in dynamic scenarios, which is particularly crucial for grids experiencing

branch outages and load growth.

The second approach advances to a stage where no new data is required for adapting to

different topologies. To address the challenge of insufficient data for training on every possible

anomaly or system change, we are developing models capable of refining their performance

through unsupervised learning. We have explored domain adaptation, a technique within

unsupervised transfer learning, designed to adapt a model from a source domain to a target

domain with different statistical properties. This method is particularly challenging as it

does not utilize labeled data in the target domain.

A crucial element of this initiative is the incorporation of the power balance equation

directly into the loss function. By embedding fundamental physical constraints, the model

ensures adherence to essential power system laws, even in the absence of changed topology

data. Additionally, we applied transfer learning techniques, leveraging insights from supervised

learning tasks that utilize labeled data to enhance the model’s performance in subsequent

unsupervised tasks where such labels are absent. The primary objective was to use a

supervised learning model as a baseline, facilitating the training of an unsupervised model for

adapting to new power system topologies. Initially, the supervised model provided a strong

foundation. The unsupervised model, guided by the weights from the supervised model, was

then trained to adapt to topology changes. The incorporation of the power balance equation

within the loss function played a pivotal role in ensuring the model’s accuracy and reliability

during this adaptation process.

The main areas of the work plan under the proposed study are as follows for both PF

and OPF problems:

i. The dataset, simulated with Matpower, will be preprocessed to ensure it is suitable for

analysis.

ii. An initial data-driven model will be trained to establish the mapping between inputs and
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outputs. This foundational framework will be enhanced by selecting optimal hyperparameters

through grid search.

iii. A novel algorithm is proposed to generate data points for the new topology of the

system. This will use a subset of the previous dataset and leverage electrical dependencies to

ensure accuracy and relevance.

iv. Theoretically, the similarity of distributions between the original and generated datasets

will be demonstrated, affirming the effectiveness of the method in preventing negative transfer

learning.

v. The pre-trained model will be fine-tuned using the newly generated dataset to adapt it

to the new system topology.

vi. The fine-tuned model will be rigorously tested, and the results will be thoroughly

documented and reported.

vii. Comparative analysis will be conducted to evaluate the results against existing

benchmarks and analyze the system stability requirements, ensuring the model meets the

necessary criteria for real-world application.

viii. Finally, an unsupervised learning approach will be implemented, where the power

balance equation is directly incorporated into the loss function, allowing the model to adapt

to new system topologies without relying on topology-specific data.

1.3 Thesis Organization

Chapter 2 provides a comprehensive background on power grids, power flow studies, and

optimal power flow. It begins by introducing the fundamental components of power grids,

including the classification of buses and key variables in power system analysis. The chapter

then explores traditional solvers for PF and OPF problems, discussing their methodologies

and limitations. Next, it examines data-driven solvers and highlights the challenges associated

with applying these methods to new power system. The chapter concludes with an overview

14



of transfer learning, covering its fundamental concepts, the phenomenon of negative transfer,

and the evaluation metrics used to assess model performance.

Chapter 3 introduces transfer learning as a technique for improving power flow problem-

solving. It first establishes the methodology, starting with the source model and the process of

adapting to new grid topologies. The experimental section follows, discussing the environment

and datasets used, evaluating the performance of the models, and analyzing the effectiveness

of adaptation strategies. Finally, the chapter compares different methodologies to assess the

impact of transfer learning on power flow problem.

Chapter 4 extends the application of transfer learning to optimal power flow problems.

The methodology section details the development of the source model and strategies for

adapting it to new grid conditions. In the experimental section, the chapter evaluates various

datasets, analyzes the transferability of models, and presents a comparative assessment of

performance metrics to determine the effectiveness of transfer learning in OPF.

Chapter 5 concludes the thesis by summarizing the key findings and contributions of

the research. It reflects on the effectiveness of transfer learning in power flow and optimal

power flow problems, highlighting the improvements achieved in model generalization and

computational efficiency. The chapter also outlines potential future research directions.
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Chapter 2

Background

2.1 Power Grid

A power grid, also known as an electrical grid, is a complex network that delivers electricity

from producers to consumers. It comprises three main components: generation, transmission,

and distribution systems. The grid is designed to ensure the reliable and efficient delivery of

electrical energy, which is essential for modern society’s functioning [40].

• Generation:

Electrical power generation is the first stage in the power grid. It involves converting

energy from natural resources such as coal, natural gas, nuclear, hydro, wind, and solar

into electrical energy. These power plants are typically located far from consumption

centers, requiring an extensive transmission network to deliver the generated power

[41].

• Transmission:

The transmission system is responsible for transporting electricity over long distances at

high voltages, typically between 110 kV and 765 kV. High voltage is used to minimize

energy losses due to resistance in the transmission lines. The transmission network
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consists of substations, transformers, and high-voltage power lines. Substations play

a crucial role in stepping up the voltage for efficient long-distance transmission and

stepping it down for distribution to consumers [12].

• Distribution:

Once electricity reaches the vicinity of consumption centers, it enters the distribution

system. The voltage is reduced to safer levels, typically between 120 V and 33 kV,

depending on the type of consumers (residential, commercial, or industrial). The

distribution network then carries the electricity to homes, businesses, and factories.

Distribution networks are often radial, with each consumer connected to a single source

of supply, although more complex configurations can be used for higher reliability [42].

2.1.1 Types of Buses in Power Systems

In power system analysis, a bus (or node) represents a point where one or more components

are connected, such as generators, loads, or transmission lines. Buses are fundamental in

solving the power flow equations and understanding the operation of the power grid. There

are three primary types of buses, each characterized by specific variables: Load Bus (PQ

Bus), Generator Bus (PV Bus), and Slack Bus (Reference Bus).

• Load Bus (PQ Bus):

A Load Bus, also known as a PQ Bus, is where the active power (P ) and reactive power

(Q) are specified. At this type of bus, the voltage magnitude (V ) and phase angle (θ)

are unknown and must be calculated. The governing equations at a Load Bus are:

Pi =
n∑

j=1

ViVj (Gij cos(θi − θj) +Bij sin(θi − θj)) (2.1)

Qi =
n∑

j=1

ViVj (Gij sin(θi − θj)−Bij cos(θi − θj)) (2.2)
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Where:

– Pi: Active power at bus i

– Qi: Reactive power at bus i

– Vi: Voltage magnitude at bus i

– θi: Voltage phase angle at bus i

– Gij, Bij: Conductance and susceptance between buses i and j

• Generator Bus (PV Bus):

A Generator Bus, or PV Bus, is where the active power (P ) and voltage magnitude

(V ) are specified. At this bus, the reactive power (Q) and voltage phase angle (θ) are

unknown and must be determined. The reactive power at a PV Bus is calculated using:

Qi =
n∑

j=1

ViVj (Gij sin(θi − θj)−Bij cos(θi − θj)) (2.3)

The phase angle θi is found by solving the power flow equations.

• Slack Bus (Reference Bus):

The Slack Bus, also known as the Reference Bus, serves as a reference point for the

system. At this bus, both the voltage magnitude (V ) and the phase angle (θ) are

specified. The Slack Bus is responsible for balancing the active and reactive power in

the system, absorbing any mismatches in power flow calculations. Typically, a generator

with a large capacity is selected as the Slack Bus.

2.1.2 Variables in Power System Analysis

• Admittance Matrix (Y Matrix):

In a power system, each transmission line connecting two buses, say bus i and bus k,

has an admittance denoted by yik. This admittance represents how easily current can
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flow through the transmission line between these two buses and is the reciprocal of the

line’s impedance Zik. The impedance Zik can be calculated as follows:

yik =
1

Zik

=
1

Rik + jXik

= Gik + jBik (2.4)

Where:

– Rik: Resistance between buses i and k

– Xik: Reactance between buses i and k

– Gik: Conductance between buses i and k

– Bik: Susceptance between buses i and k

For simplicity in power flow studies, the nodal admittance matrix, also known as the

Y-bus matrix, is often used instead of individual impedance or admittance values for

each transmission line. The Y-bus matrix not only represents the network’s topology

but also includes the line admittance and the shunt admittance at each bus. This makes

it a powerful tool for analyzing the steady-state operation of the power system.

The nodal admittance matrix (Y-bus matrix) for a grid with N buses is an N × N

matrix where the diagonal elements represent the self-admittance of the bus, and the

off-diagonal elements represent the negative of the line admittance between two buses:

Yik =


∑N

j=1,j ̸=i yij + yshunt,i, if i = k

−yik, if i ̸= k

(2.5)

Where:

– yik: Line admittance between bus i and bus k

– yshunt,i: Shunt admittance at bus i
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The Y-bus matrix can be written as:

Y =



Y11 Y12 · · · Y1N

Y21 Y22 · · · Y2N

...
... . . . ...

YN1 YN2 · · · YNN


(2.6)

By assembling the Y-bus matrix, we can simplify power flow analysis and other related

calculations, making it easier to study and optimize the operation of the power grid

[43].

• Active Power (P ):

Active power, denoted by P , is the real component of electrical power that performs

useful work, such as turning motors or lighting lamps. It is measured in watts (W) and

is calculated using the following equation:

Pi = Vi

n∑
j=1

Vj (Gij cos(θi − θj) +Bij sin(θi − θj)) (2.7)

Where:

– Pi: Active power at bus i

– Vi: Voltage magnitude at bus i

– θi: Voltage phase angle at bus i

– Gij, Bij: Conductance and susceptance between buses i and j

• Reactive Power (Q):

Reactive power, denoted by Q, is the imaginary component of electrical power that

does not perform useful work but is necessary for maintaining the voltage levels in the

system. It is measured in volt-amperes reactive (VAR) and is essential for the operation
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of inductive loads like motors and transformers. The reactive power at a bus can be

calculated using:

Qi = Vi

n∑
j=1

Vj (Gij sin(θi − θj)−Bij cos(θi − θj)) (2.8)

• Voltage Magnitude (V ) and Phase Angle (θ):

Voltage magnitude, denoted by V , represents the absolute value of the voltage at a bus.

It is a crucial variable in ensuring that electrical power is delivered efficiently and safely

across the grid. The phase angle, denoted by θ, represents the angle of the voltage

phasor relative to a reference, usually the Slack Bus. The difference in phase angles

between buses drives the flow of active and reactive power across the network [44].

2.1.3 Example

The IEEE 14-bus system [45] is a widely used benchmark in power system studies. It consists

of 14 buses, 5 generators, 11 loads, and 20 transmission lines. The system includes three

types of buses: Load (PQ) Buses, Generator (PV) Buses, and a Slack Bus, as described

below.

Types of Buses in IEEE 14-Bus System

• Slack Bus:

Bus 1 in the IEEE 14-bus system is the Slack Bus, which serves as the reference bus.

The voltage magnitude and phase angle are specified at this bus, and it absorbs any

active and reactive power imbalances in the system.

– Voltage magnitude (V ): 1.06 p.u.

– Phase angle (θ): 0 degrees
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Figure 2.1: IEEE 14 case
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• Generator Buses (PV Buses):

The IEEE 14-bus system has 4 PV Buses (Buses 2, 3, 6, and 8), where the active power

(P ) and voltage magnitude (V ) are specified, and the reactive power (Q) and phase

angle (θ) are calculated.

For example, at Bus 2:

– Specified active power (P ): 40 MW

– Voltage magnitude (V ): 1.045 p.u.

– Reactive power (Q) and phase angle (θ) are calculated through power flow analysis.

• Load Buses (PQ Buses):

The remaining buses in the IEEE 14-bus system are Load Buses, where the active

power (P ) and reactive power (Q) are specified, while the voltage magnitude (V ) and

phase angle (θ) need to be calculated. For example, at Bus 4:

– Specified active power (P ): 70 MW

– Specified reactive power (Q): 25 MVAR

– Voltage magnitude (V ) and phase angle (θ) are calculated through power flow

analysis.

2.2 Power Flow Studies

Power flow analysis is a key task in electrical power system studies. It focuses on determining

the voltages, currents, and power flows throughout an electrical grid for a specified load

and generation condition. As mentioned, each bus has four primary variables: active power,

reactive power, voltage magnitude, and voltage angle. The main objective of a power flow

study is to calculate these variables at each bus in the network based on power flow equations.
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This study forms the foundation for optimal power flow solutions, as any feasible solution

must satisfy the power flow equations at every bus.

The general power flow equations are given by:

Pi = Vi

n∑
j=1

Vj (Gij cos(θi − θj) +Bij sin(θi − θj)) (2.9)

Qi = Vi

n∑
j=1

Vj (Gij sin(θi − θj)−Bij cos(θi − θj)) (2.10)

Where:

• Pi: Active power at bus i

• Qi: Reactive power at bus i

• Vi: Voltage magnitude at bus i

• θi: Voltage phase angle at bus i

• Gij , Bij : Elements of the Y matrix, representing conductance and susceptance between

buses i and j

• n: Total number of buses in the system

2.2.1 Bus Injection Model

The power flowing between buses i and k is represented as the complex power Sik, which can

be separated into its real (active) power Pik and reactive power Qik components:

Sik = Pik + jQik (2.11)

Alternatively, it can be expressed as the product of the voltage at bus i (Vi) and the

conjugate of the current flowing from bus i to k (I∗ik):
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Sik = ViI
∗
ik (2.12)

According to Ohm’s Law, the current between two buses is proportional to the potential

difference and inversely proportional to the impedance between them. Since admittance is

the inverse of impedance, the current is:

Iik = yik(Vi − Vk) (2.13)

Using the Y-bus matrix, the relationship between current and voltage at all buses can be

expressed as:

I = YbusV (2.14)



I1

I2
...

IN


=



Y11 Y12 · · · Y1N

Y21 Y22 · · · Y2N

...
... . . . ...

YN1 YN2 · · · YNN





V1

V2

...

VN


Where Ii is the current at bus i, and Vi is the voltage at the same bus. For any bus i, the

injected current can be expressed as:

Ii =
N∑

k=1,k ̸=i

yik(Vi − Vk) (2.15)

Kirchhoff’s Current Law (KCL) states that the sum of currents entering and leaving a node

must be equal. This principle underpins the bus injection model, which states that the total

power injected into any bus i must equal the total power leaving that bus. Mathematically,

this can be written as:
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SGi − SDi = Vi

N∑
k=1

Y ∗
ikV

∗
k (2.16)

Where:

• SGi is the power generated at bus i

• SDi is the power consumed at bus i

• Y ∗
ik is the conjugate of the admittance between buses i and k

This equation can be split into active and reactive power components as follows:

PGi − PDi = |Vi|
N∑
k=1

|Vk| (Gik cos(ϕi − ϕk) +Bik sin(ϕi − ϕk)) (2.17)

QGi −QDi = |Vi|
N∑
k=1

|Vk| (Gik sin(ϕi − ϕk)−Bik cos(ϕi − ϕk)) (2.18)

Where:

• PGi and QGi are the active and reactive power generation at bus i

• PDi and QDi are the active and reactive power demands at bus i

• Gik and Bik represent the conductance and susceptance between buses i and k

• ϕi and ϕk are the voltage phase angles at buses i and k

These equations form the basis for power flow analysis and help in determining the

steady-state behavior of electrical networks.
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2.3 Optimal Power Flow Studies

2.3.1 Formulation of OPF

The Optimal Power Flow (OPF) problem was initially introduced in the 1960s [46], and it has

since been a fundamental tool for system operators, such as Independent System Operators

(ISOs), to determine the most cost-effective dispatch of generation units to meet electricity

demand. With the rising complexity of modern power grids, including increased demand and

the integration of renewable energy sources, the OPF problem has evolved into a critical

challenge in economic dispatch for smart grids.

OPF is defined as a constrained optimization problem aiming to minimize a specific

objective, such as the total generation cost, while satisfying various system constraints. These

constraints include power balance equations (such as those in Equations (2.20) and (2.22)), as

well as operational limits on generation capacities, voltage magnitudes, and transmission line

flows. Solutions to OPF problems must satisfy two main conditions: (1) feasibility, meaning

that the solution adheres to all system constraints, and (2) optimality, ensuring the solution

minimizes the specified cost function.

Standard OPF Problem

The OPF problem can be expressed mathematically as follows:

min
∑
g∈G

Cg(PGg) (2.19)

where Cg(PGg) represents the cost of real power generated by generator g and is typically

modeled as a quadratic function [47].

The problem is subject to the following constraints:

• Real and reactive power limits:

Pmin
Gg ≤ PGg ≤ Pmax

Gg ∀g ∈ G (2.20)
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Qmin
Gg ≤ QGg ≤ Qmax

Gg ∀g ∈ G (2.21)

• Power balance equation: The power injected by the generators must match the

demand at each bus i ∈ N :

PGi − PDi + j(QGi −QDi) = Vi

∑
j∈N

V ∗
j Y

∗
ij ∀i ∈ N (2.22)

• Voltage magnitude limits:

V min
i ≤ |Vi| ≤ V max

i ∀i ∈ N (2.23)

• Phase angle limits:

ϕmin
i ≤ ϕi ≤ ϕmax

i ∀i ∈ N (2.24)

• Branch flow limits: The flow through each transmission line must not exceed thermal

limits:

|Vi(V
∗
i − V ∗

j )Y
∗
ij | ≤ Smax

ij ∀(i, j) ∈ N, i ̸= j (2.25)

In this formulation, the sets G and N represent the generators and buses in the network,

respectively. The decision variables include the real and reactive power generated at each

bus, as well as the bus voltages and phase angles.

2.3.2 Challenges in Solving OPF

The OPF problem has been shown to be NP-hard in its most general form due to the

non-convex nature of several constraints, particularly those related to power balance, voltage

magnitudes, and branch flows [48]. The integration of distributed energy resources (DERs)

such as wind and solar energy further complicates the problem by introducing uncertainty

and variability. Traditionally, OPF is solved over fixed time intervals (e.g., day-ahead, hourly,
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or every 5-15 minutes), with the assumption that demand changes gradually over these

periods. However, this assumption is becoming less valid with the growing use of DERs

and fluctuating consumption patterns, making real-time OPF solutions an important area of

ongoing research [49].

2.4 Traditional Solvers for PF and OPF Problems

Power Flow (PF) and Optimal Power Flow (OPF) problems are fundamental to the analysis

and operation of power systems. Power Flow (PF) problems deal with determining the

voltage magnitude and phase angle at each bus in the system, while Optimal Power Flow

(OPF) problems go a step further by optimizing an objective (such as minimizing generation

costs) while satisfying system constraints. Over the years, various traditional solvers have

been developed to address these problems efficiently.

2.4.1 Traditional Solvers for Power Flow (PF)

The Power Flow problem is typically solved using the following traditional methods:

Newton-Raphson Method

The Newton-Raphson method is the most widely used iterative technique for solving the

non-linear power flow equations due to its robustness and fast convergence for well-conditioned

systems. It linearizes the power flow equations through a first-order Taylor expansion and

iteratively solves the system. This method provides fast convergence and high accuracy,

especially for systems where the initial guess is close to the actual solution [47].

Gauss-Seidel Method

The Gauss-Seidel method is an older iterative method for solving power flow problems. It

updates each bus’s voltage based on the previous iteration’s values, using a direct substitution
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approach. Although it is simple to implement and requires minimal computational resources,

it converges more slowly than Newton-Raphson, particularly for large or complex systems

[47].

Fast Decoupled Power Flow (FDPF)

The Fast Decoupled Power Flow (FDPF) is an approximation of the Newton-Raphson method

that decouples the real and reactive power calculations. This leads to faster computation

times, making it more suitable for large systems. However, it is less accurate in systems

where the assumptions of small angle differences do not hold [47].

2.4.2 Traditional Solvers for Optimal Power Flow (OPF)

The Optimal Power Flow (OPF) problem incorporates both the nonlinear power flow equations

and an objective function, such as minimizing the cost of power generation, subject to

operational constraints.

Gradient-Based Methods

Gradient-based methods use the gradient of the objective function to guide the optimization

process. Newton’s method is often extended to handle the optimization problem with

constraints. While efficient when gradients can be computed, they may face difficulties in

handling non-convex problems and may converge to local optima [46].

Interior Point Methods (IPM)

Interior Point Methods (IPMs) are widely used for OPF problems. These methods solve

large-scale nonlinear optimization problems by iterating within the interior of the feasible

region. IPMs are known for efficiently handling complex, large-scale systems and constraints,

and they are especially suitable for both convex and non-convex problems [48].
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Sequential Quadratic Programming (SQP)

Sequential Quadratic Programming (SQP) solves the OPF problem by iterating over a

sequence of quadratic subproblems that approximate the original nonlinear problem. SQP is

known for being highly accurate but computationally intensive, especially for large systems

[47].

Linear Programming (LP) and Quadratic Programming (QP)

In some cases, the OPF problem can be linearized (e.g., in DC OPF) or approximated as a

quadratic programming problem, enabling the use of LP and QP solvers. These methods

offer computational efficiency but are less accurate when approximations cannot fully capture

the nonlinearity of the system [50].

Lagrangian Relaxation

Lagrangian Relaxation decomposes the OPF problem into smaller subproblems by relaxing

the coupling constraints. This method is especially useful for large, decentralized systems.

However, it may provide suboptimal solutions if the relaxed problem does not converge [47].

2.4.3 Comparison of Traditional Solvers

Table 2.1 provides a comparison of the traditional solvers for PF and OPF problems, high-

lighting their strengths and weaknesses.

2.5 Data Driven Solvers

The growing complexity of modern power systems, which includes increasing integration

of renewable energy sources, distributed energy resources (DERs), and rapidly fluctuating

demand patterns, has necessitated the development of more efficient and adaptive approaches

for solving Power Flow (PF) and Optimal Power Flow (OPF) problems. Traditional solvers for

31



Table 2.1: Comparison of Traditional Solvers for PF and OPF Problems

Solver Problem Type Main Features Strengths/Weaknesses
Newton-Raphson PF Iterative, uses Jaco-

bian matrix
Fast convergence, high accu-
racy / Sensitive to poor ini-
tial guesses [47]

Gauss-Seidel PF Iterative, direct updat-
ing

Simple, low memory usage /
Slow convergence [47]

Fast Decoupled Power Flow (FDPF) PF Approximated power
flow solution

Computationally efficient /
Less accurate in large angle
difference systems [47]

Gradient-based Methods OPF Optimization using
gradient and Hessian

Efficient for smooth prob-
lems / May converge to local
optima [46]

Interior Point Methods (IPM) OPF Solves large-scale
nonlinear optimization
problems

Efficient for large-scale sys-
tems / Computational com-
plexity for small systems [48]

Sequential Quadratic Programming OPF Solves a series of
quadratic subproblems

Accurate, reliable / Compu-
tationally intensive for large
systems [47]

Linear Programming (LP) / Quadratic OPF Solves linear or
quadratic approxima-
tions

Fast, efficient / Limited to
linear or quadratic approxi-
mations [50]

Lagrangian Relaxation OPF Decomposes problem
into smaller subprob-
lems

Good for decentralized sys-
tems / May provide subop-
timal solutions [47]

these problems, such as Interior Point Methods (IPM) and Sequential Quadratic Programming

(SQP), struggle to meet the demands of real-time operation and to handle the high levels of

uncertainty inherent in renewable energy integration. In this context, data-driven solvers

have emerged as an effective alternative to traditional methods. These solvers rely on historical

data and machine learning techniques to improve computational efficiency and adaptability,

making them suitable for modern smart grids [48, 51].

2.5.1 Key Concepts of Data-Driven Solvers

Data-driven solvers for PF and OPF rely on large amounts of operational data from smart

meters, sensors, and phasor measurement units (PMUs). This data is used to train machine

learning (ML) models, enabling them to approximate complex non-linear relationships

between input features (such as demand, generation, and voltage) and output variables (such

as optimal power dispatch). These solvers have gained popularity due to their ability to

32



provide fast, accurate, and scalable solutions, particularly for real-time applications.

2.5.2 Machine Learning Models in Power Systems

Several machine learning approaches have been applied to solve PF and OPF problems:

• Supervised Learning: Supervised learning techniques are used to learn mappings from

input features (such as power demand and renewable generation) to output variables

(such as voltage). These models are trained on historical PF and OPF data and provide

fast approximations of solutions when applied in real-time.

• Unsupervised Learning: Clustering and dimensionality reduction techniques are

employed to uncover patterns in the data, which helps simplify the complexity of

the optimization problem. By reducing the dimensionality of the feature space, the

computational effort required to solve the OPF problem is reduced.

• Reinforcement Learning (RL): RL is particularly suited for dynamic and sequential

decision-making problems, such as energy dispatch or voltage control. In this approach,

an agent learns optimal strategies by interacting with the power grid environment and

receiving feedback (rewards) based on actions taken, such as minimizing generation

costs or maintaining voltage stability.

2.5.3 Deep Learning for Nonlinear Power Systems

Deep learning techniques, particularly deep neural networks (DNNs), are used to

approximate highly nonlinear relationships in PF and OPF problems. These models are

trained on large datasets of historical system states and provide rapid predictions of optimal

solutions. This is particularly useful for real-time applications, where traditional methods

might be computationally prohibitive.

Additionally, hybrid approaches that combine DNNs with traditional solvers (such as

Newton-Raphson or Sequential Quadratic Programming) offer a promising solution. In these
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methods, DNNs provide a fast, approximate solution, which can be refined by a traditional

solver to ensure accuracy and adherence to constraints.

2.5.4 Applications of Data-Driven Solvers in Power Systems

Data-driven solvers offer significant advantages in several applications within power systems:

• Real-Time OPF: Data-driven solvers can predict near-optimal solutions for OPF

problems in real time, making them suitable for time-sensitive grid operations. Tradi-

tional solvers, such as IPMs, may take several minutes to converge, but data-driven

approaches, once trained, can provide solutions in milliseconds.

• Handling Uncertainty: By learning from historical data, data-driven models can

account for uncertainties in renewable generation and demand, thus offering more robust

solutions than traditional solvers, which often rely on deterministic models.

• Predictive Control: Data-driven solvers, especially those that employ RL, enable

predictive control, where actions are taken based on forecasts of future system states.

This is essential for grid operations where proactive measures are needed to maintain

stability under fluctuating demand and renewable generation conditions.

2.5.5 Challenges and Future Directions

Despite their advantages, data-driven solvers also face several challenges:

• Data Quality and Availability: The effectiveness of these solvers depends heavily on

the quality and quantity of available data. Incomplete or noisy data can significantly

reduce model accuracy.

• Generalization: ML models may struggle to generalize well to unseen conditions, such

as extreme weather events or blackouts, which may not be present in the training data

[51].
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• Interpretability: Many data-driven models, particularly deep learning models, func-

tion as "black boxes," making their decision-making process difficult to interpret. This

lack of transparency can hinder their adoption in critical power system operations.

2.6 Transfer Learning

Transfer learning is a machine learning technique where a model developed for a particular

task is reused as the starting point for a model on a second task. This approach leverages

the knowledge gained from one task (source task) to improve the performance or reduce the

learning time on a new task (target task). Transfer learning is particularly useful when the

target task has limited labeled data, and the source task has a large amount of data [52].

2.6.1 Notation

Based on [53, 54], let X be the input feature space and Y the output label space (Y ⊆ R for

regression). We will use PS(X, Y ) and PT (X, Y ), respectively, to denote the joint distribution

in the source and the target domain, where X is the input random variable and Y the output.

Following the convention, we assume having access to a labeled source set S = {(xi
s, y

i
s)}ns

i=1

sampled from the source joint PS(X, Y ), a labeled target set Tl = {(xj
l , y

j
l )}

nl
j=1 drawn from

the target joint PT (X, Y ), and an unlabeled target set Tu = {xk
u}nu

k=1 from the target marginal

PT (X). For convenience, we define T = (Tl, Tu). In unsupervised TL, the target set only has

unlabeled samples, i.e., T = Tu.

Under this notation, transfer learning aims at designing an algorithm A, which takes both

the source and target domain data S, T as input, and outputs a better hypothesis (model)

h = A(S, T ), compared to only using the target-domain data. For model comparison, we will

adapt the standard expected risk, which is defined as

R(h) := Ex,y∼PT
[l(h(x), y)] , (2.26)
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with l being the specific task loss. To make the setting meaningful, it is often assumed that

ns ≫ nl.

2.6.2 Negative Transfer (NT)

While transfer learning can significantly enhance model performance by utilizing knowledge

from related domains, it also carries the risk of negative transfer, where inappropriate

knowledge application can degrade performance. Negative transfer typically occurs when the

source and target domains are not sufficiently related, leading to misleading or inaccurate

predictions. This phenomenon can be detrimental, as it may not only fail to improve model

performance but can actively make it worse. To prevent negative transfer, it is crucial to

carefully assess the relevance and compatibility between the source and target domains [33].

A widely accepted description of negative transfer is: “transferring knowledge from the

source can have a negative impact on the target learner.” While intuitive, this description

conceals many critical factors underlying negative transfer, among which we stress the

following three points:

1. Algorithm-Specific Definition: To study negative transfer, one should focus on a

specific algorithm and compare its performance with and without the source-domain

data. Hence, we define the negative transfer condition (NTC) for any algorithm A as:

RPT
(A(S, T )) > RPT (A(θ, T )). (2.27)

For convenience, we also define the negative transfer gap (NTG) as a quantifiable

measure of negative transfer:

NTG = RPT (A(S, T ))−RPT (A(θ, T )), (2.28)

and we say that negative transfer occurs if the NTG is positive and vice versa. In
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this notation, RPT
(·) denotes the expected risk (or error) over the target distribution

PT , and A(S, T ) represents the hypothesis learned by algorithm A using both source

dataset S and target dataset T . The term A(θ, T ) denotes the hypothesis learned using

only the target dataset T , where θ represents a randomly initialized model.

2. Divergence Between Joint Distributions: The divergence between the joint

distributions PS(X, Y ) and PT (X, Y ) is the root cause of negative transfer. As negative

transfer is algorithm-specific, it is natural to ask whether there exists a transfer learning

algorithm that can always improve the expected risk compared to its target-domain-

only baseline. This depends on the divergence between PS(X, Y ) and PT (X, Y ). For

example, if PS(X) = PT (X) but PS(Y |X) is uniform for any X, there is no meaningful

knowledge in PS(X, Y ), and exploiting S ∼ PS(X, Y ) will almost surely harm the

estimation of PT (Y |X) unless PT (Y |X) is also uniform.

In practice, if there is some systematic similarity between PS(X, Y ) and PT (X, Y ), an

ideal transfer would take advantage of the similar part, leading to improved performance.

However, if an algorithm fails to discard the divergent part, one can expect negative

transfer to occur. Thus, regardless of the algorithm choice, the distribution shift is the

root cause of negative transfer.

3. Size of the Labeled Target Data: Negative transfer largely depends on the size

of the labeled target data. An overlooked factor of negative transfer is the amount of

labeled target data, which has a mixed effect. For the same algorithm and distribution

divergence, the negative transfer condition (NTC) depends on how well the algorithm

performs using target data alone, i.e., the right-hand side of Eq. 2.27. In zero-shot

transfer learning, where there is no labeled target data (nl = 0), only using unlabeled

target data would result in a weak random model, and thus NTC is unlikely to be

satisfied. When labeled target data is available, a better target-only baseline can be

obtained using semi-supervised learning methods, and negative transfer is relatively
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more likely to occur. At the other end of the spectrum, if there is an abundance of

labeled target data, transferring from a slightly different source domain could hurt

generalization.

The amount of labeled target data also affects the feasibility and reliability of discovering

shared regularity between the joint distributions PS(X, Y ) and PT (X, Y ). When labeled

target data is unavailable (nl = 0), one must rely on the similarity between the

marginals PS(X) and PT (X), which has theoretical limitations. In contrast, with a

sufficient number of samples from PT (X, Y ) and PS(X, Y ), the problem becomes more

manageable, and an ideal transfer learning algorithm may utilize labeled target data to

mitigate the negative impact of unrelated source information [53].

2.6.3 Methods of Knowledge Transfer

Freezing Layers

Freezing layers is a method where certain layers of a pre-trained model are kept unchanged

during the training of the target task. Typically, the early layers of a neural network are frozen

because they capture general features that are useful across various tasks. This approach

allows the model to retain the low-level representations learned from the source task while

focusing the training on the higher-level layers that are specific to the target task [55].

Fine-Tuning

Fine-tuning involves starting with a pre-trained model and then continuing the training

process on the target task. Unlike freezing layers, fine-tuning allows all or most of the

model’s parameters to be updated, albeit often with a lower learning rate. This approach is

particularly effective when the source and target tasks are closely related, as it allows the

model to adapt to the nuances of the target task while retaining the knowledge acquired from

the source task [56, 57].
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Feature Extraction

In feature extraction, the pre-trained model is used as a fixed feature extractor. The idea is

to leverage the rich set of features learned by the model on the source task to generate a new

feature representation for the target task. The extracted features are then fed into a separate

classifier (e.g., an SVM or a shallow neural network) that is trained specifically for the target

task. This method is particularly useful when the target task has very limited data [58].

2.7 Kullback Leibler Divergence

Kullback-Leibler (KL) divergence, introduced by Kullback and Leibler in 1951 [59], is

a fundamental concept in information theory and statistics. It measures the "distance"

between two probability distributions and quantifies the amount of information lost when

approximating one distribution with another. Formally, KL divergence is not a true metric

since it is not symmetric, but it has become a critical tool in areas like machine learning,

information theory, and statistical inference.

2.7.1 Definition of KL Divergence

KL divergence measures the difference between two probability distributions P and Q. For

discrete probability distributions, it is defined as:

DKL(P ∥ Q) =
∑
x∈X

P (x) log

(
P (x)

Q(x)

)
where P and Q are two probability distributions. For continuous distributions, the

summation is replaced with an integral:

DKL(P ∥ Q) =

∫ ∞

−∞
p(x) log

(
p(x)

q(x)

)
dx

KL divergence quantifies the difference between the distributions in terms of how much
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information is lost when assuming the distribution Q instead of P . A key property of KL

divergence is that it is non-negative, i.e., DKL(P ∥ Q) ≥ 0, with equality only if P = Q

almost everywhere.

2.7.2 Applications of KL Divergence

KL divergence is widely used in various fields. In machine learning, it is often used as a loss

function in generative models, such as variational autoencoders, and is used in information

theory to measure the expected amount of information gained from a new distribution relative

to a prior. In hypothesis testing, KL divergence provides a measure of how different two

hypotheses are, and in statistics, it is used to compare probability distributions for tasks like

distribution fitting and model selection [59].

2.7.3 Properties of KL Divergence

Kullback and Leibler emphasized the asymmetry of KL divergence, which means that

DKL(P ∥ Q) ̸= DKL(Q ∥ P ). This asymmetry highlights that KL divergence is directional—it

measures the divergence of one distribution from another in a specific order. Additionally, KL

divergence is additive for independent events and remains invariant under sufficient statistics,

preserving the information content as long as sufficient statistics are employed [59].

2.8 Evaluation Metrics

In the evaluation of the power flow prediction model, several key metrics are used to assess

the performance of the model. These metrics provide insights into the accuracy of the model,

its error distribution, and its ability to generalize to unseen data. The primary metrics used

in this work are Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean

Absolute Percentage Error (MAPE), and the R2 score. Additionally, case-specific metrics

like the MSE for voltage magnitudes and voltage angles are employed to further refine the
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evaluation. Each metric is explained in detail below.

2.8.1 Mean Squared Error (MSE):

The Mean Squared Error (MSE) is a standard measure of model performance in regression

tasks. It calculates the average of the squared differences between the predicted values and

the true values. Mathematically, it is defined as:

MSE =
1

N

N∑
i=1

(yi − ŷi)
2

where N is the number of data points, yi is the true value, and ŷi is the predicted value. MSE

penalizes larger errors more than smaller ones due to the squaring of the residuals. A lower

MSE indicates a model that makes predictions closer to the actual values. In this work, MSE

is used as the primary loss function during training and also as an evaluation metric for both

voltage magnitudes and angles.

2.8.2 Root Mean Squared Error (RMSE):

The Root Mean Squared Error (RMSE) is another common metric in regression analysis,

representing the square root of the MSE. It provides an error measure in the same units as

the predicted variable, making it easier to interpret in practical terms. The RMSE is defined

as:

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2

RMSE is particularly useful for understanding the typical size of the prediction error. Like

MSE, a lower RMSE indicates better model performance. RMSE is used in this study to

evaluate the overall accuracy of the power flow predictions.

41



2.8.3 Mean Absolute Percentage Error (MAPE):

The Mean Absolute Percentage Error (MAPE) is a metric that expresses the prediction error

as a percentage. It is defined as:

MAPE =
100

N

N∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣
where yi is the true value and ŷi is the predicted value. MAPE provides a measure of error

relative to the size of the true values, which can be useful when dealing with values that vary

greatly in magnitude. However, it should be noted that MAPE can become skewed if the

true values yi are close to zero. In this work, MAPE is used to assess the model’s accuracy

in terms of percentage error, providing an intuitive understanding of the model’s predictive

performance.

2.8.4 R2 Score:

The R2 score, also known as the coefficient of determination, measures the proportion of the

variance in the dependent variable that is predictable from the independent variables. It is

defined as:

R2 = 1−
∑N

i=1(yi − ŷi)
2∑N

i=1(yi − ȳ)2

where ȳ is the mean of the true values. The R2 score ranges from 0 to 1, with a score of 1

indicating perfect prediction and a score of 0 meaning that the model explains none of the

variability of the response data. An R2 score closer to 1 indicates a model with a high level

of accuracy. In this study, the R2 score is used to assess how well the model fits the data.

2.8.5 95% Confidence Interval

The 95% confidence interval (CI) is a range of values within which the true value of a

parameter is expected to lie with 95% confidence. In other words, it gives an estimate of
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the uncertainty surrounding a prediction or a measured value. In the context of this work,

the 95% confidence interval provides a range in which the true validation loss lies with 95%

certainty. A narrow confidence interval indicates high precision in the model’s predictions,

while a wider interval indicates greater uncertainty.

The confidence interval is computed as follows:

CI =
(
x̄− zα/2 ·

σ√
n
, x̄+ zα/2 ·

σ√
n

)

where:

• x̄ is the sample mean,

• zα/2 is the critical value from the standard normal distribution (for a 95% confidence

level, zα/2 = 1.96),

• σ is the sample standard deviation,

• n is the sample size.

In this work, the 95% confidence interval was used to assess the uncertainty in the model’s

validation loss. It allows us to determine how reliable the model’s predictions are when

generalized to unseen data.

2.8.6 Eta Squared (η2)

The Eta Squared (η2) is a measure of effect size, commonly used in statistical analysis

to quantify the proportion of variance in the dependent variable that is explained by the

independent variables or the model. In the context of this work, η2 measures how much of

the variability in the predicted values can be attributed to the model’s predictions.

The formula for η2, as used in this study, is as follows:

η2 = 1− 1

K(m)

K(m)∑
k=1

1

2|G| − 1

2|G|−1∑
d=1

∣∣∣∣∣ ŷ
(m)
k,d − y

(m)
k,d

y
(m)
k,d

∣∣∣∣∣
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where:

• K(m) is the number of samples or batches,

• |G| represents the total number of generators or components in the system,

• ŷ
(m)
k,d is the predicted value of the k-th sample for the d-th component,

• y
(m)
k,d is the true value for the same component.

The η2 metric evaluates the relative error between predicted and true values, averaged

across all samples and components in the system. A value of η2 closer to 1 indicates that the

model captures a large portion of the variance in the data, demonstrating high predictive

accuracy. In this work, an η2 value of 0.97055 indicates that the model explains over 97% of

the variance in the predicted outputs, signifying excellent performance.
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Chapter 3

Transfer Learning for Power Flow

Problem

3.1 Methodology

This chapter involves two main phases: offline and online. First, the machine learning model

is trained offline, where the required number of data points for transfer learning (TL) are

determined, ensuring negative transfer is avoided. Once the model is trained, it is deployed

online to adapt to changes in the power grid, where the feasibility of its performance is verified.

The key advantage of this approach is that online computations are efficient, significantly

speeding up power flow (PF) calculations.

In our approach, we utilize three distinct models to assess performance. The Source

Model (SM) is trained on the source dataset, which is generated from the initial topology

where all lines are connected. The Adapted Model (AM) is derived through transfer learning,

applying knowledge from the source dataset to improve performance on the target dataset,

where one line is cut off from the topology. Finally, the Target-Only Model (TOM) is trained

from scratch, using only the target dataset, without any influence from the source dataset.

This setup allows us to evaluate the effectiveness of transfer learning compared to training
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solely on the target data and assess the benefits of adaptation in handling topology changes.

3.1.1 Source Model

The AC power flow model involves four primary variables at each bus: voltage magnitude,

angle, and real and reactive power injections. For each bus, two out of these four variables are

known, and the remaining two are deduced by solving a set of nonlinear power flow equations.

Employing nodal analysis and considering constraints on power and/or voltage at bus k, the

complex power is formulated as follows:

Sk = Pk + jQk = VkI
∗
k = Vk

N∑
n=1

YknV
∗
n (3.1)

The specific calculations vary depending on whether the bus serves as a load or a generator:

• At a load bus (PQ) k the known variables are:

Pk = vk

N∑
n=1

[Gkn cos(θk − θn) +Bkn sin(θk − θn)]

Qk = vk

N∑
n=1

[Gkn sin(θk − θn)−Bkn cos(θk − θn)]

• At a generator bus (PV) k:

Pk = vk

N∑
n=1

[Gkn cos(θk − θn) +Bkn sin(θk − θn)]

vk = vk

Each Ykn = Gkn + jBkn represents an element of the system admittance matrix, where

vk and vn denote the voltage magnitudes at the respective buses, and θk/θn indicate their

voltage angles.
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To determine the voltage values at all bus locations efficiently, machine learning algorithms,

specifically data-driven approaches, are utilized.

Data-driven solvers infer power flow (PF) solutions by mapping observed system inputs

to outputs based on historical operational data. For PF problem:

[vL; θL,G] = f([PL;QL;PG; vG])

Here, PL, QL represent power injections on load buses, and PG, vG signify real power injections

and voltage magnitudes on generation buses, respectively.

Considering multiple grid topologies, we define M different configurations, each differing by

bus-branch connectivity. We assume all nodes (buses) remain connected across these topologies.

A neural network (NN) can be parameterized for any topology m as h(m)(xn, w), taking system

inputs to produce outputs. The training dataset for any topology m, Tm = {(x(n)
m , y

(n)
m )}Nm

n=1,

consists of input-output pairs where Nm is the number of training samples. The NN’s

parameters are optimized by minimizing:

JTm(w) =
1

Nm

Nm∑
n=1

∥∥y(m)
n − h(m)(x(m)

n , w)
∥∥2

This mean square error objective measures the accuracy of the NN predictions compared

to the real solutions provided by a solver for each case. A significant limitation of current

neural network (NN) based approaches is their dependency on a static system topology. The

effectiveness of NN predictions hinges on the assumption that the underlying grid topology

remains unchanged. However, as noted in recent studies [28], power grids are undergoing

frequent topology reconfigurations to optimize for economic operation and reliability. These

changes pose a challenge for traditional NN models, which are typically trained for a specific

static configuration.

When the system topology is altered, the model ideally requires retraining from scratch

to adapt to new conditions. This retraining process demands a considerable amount of new
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training data and substantial computational time, which may not be feasible in operational

settings. An alternative approach could involve training separate NNs for each potential system

configuration. However, this method also demands extensive computational resources and

presupposes a prior knowledge of all possible grid configurations; an impractical expectation

given the unpredictable nature of power system operations, where unforeseen contingencies

can occur.

Given these challenges, our approach for both PF leverages transfer learning techniques.

Transfer learning allows our models to adapt to changes in topology with minimal need for

data. By transferring learned features from one topology to another, we can significantly

reduce the dependency on extensive retraining datasets and decrease computational demands.

This methodology not only enhances the model’s adaptability to unforeseen changes but also

preserves its predictive accuracy under dynamic operational conditions.

3.1.2 Adapt to New Grid Topology

Data Regeneration

After a topology change, it becomes necessary to generate new data points. In this work, we

propose a method for generating data that reflects the electrical interdependencies inherent

in power system networks.

In power systems analysis, the power balance equation plays a crucial role, with power

injection serving as the independent variable. This setup causes voltage levels (V ) to depend

directly on power injections. When the system’s topology changes, V also changes, leading

to mismatches between the expected model inputs and outputs. This necessitates training

a model to adapt to new topologies. Generating these new datasets often involves setting

specific power injections and employing the forward pass of the power balance equation via

solvers.
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Y = G+ jB =



Y1,1 Y1,2 · · · Y1,N

Y2,1 Y2,2 · · · Y2,N

...
... . . . ...

YN,1 YN,2 · · · YN,N



Pi + jQi =
∑
i∈N

Vi (Vi − Vj)
∗ Y ∗

ij

Pgi − Pdi =
∑
j∈N

vivj(Gij cos θij +Bij sin θij), i ∈ N

Qgi −Qdi =
∑
j∈N

vivj(Gij sin θij −Bij cos θij), i ∈ N

The active power is denoted by P , the reactive power is denoted by Q, and the voltage

magnitude by v. The voltage angle is represented by θ, while d and g refer to the power

demand and generation, respectively. The admittance matrix is denoted by Y , with G and

B representing the real and imaginary parts of the admittance matrix, respectively. Finally,

N refers to the number of buses in the power system.

Traditional approaches to solving the PF and OPF equations, like the Newton-Raphson

(NR) method, face challenges in such dynamic scenarios. The NR method iteratively adjusts

the voltage estimates to balance power injections and withdrawals, but it can suffer from slow

convergence rates. These drawbacks make the NR method less efficient for rapidly changing

network configurations, highlighting the need for robust machine learning models.

Our innovative approach for generating datasets for new power flow (PF) scenarios involves

fixing the voltage levels and recalculating power injections for all buses through the reverse

pass of the power balance equation which is computationally easy. This method enables

adaptation to changes in system topology without requiring extensive re-simulation for every

possible configuration. Additionally, by utilizing the power balance equation, the solutions

remain feasible and satisfy the constraints of power flow analysis.

Further elaboration of our approach extends to the bus admittance matrix, commonly
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known as the Y matrix. The structure of the Y matrix is such that its diagonal elements

reflect the total admittance connected to each bus, while the off-diagonal elements represent

the negative sum of admittance between two specific buses. Additionally, the Y matrix is

symmetric, meaning that Yij = Yji, which is a consequence of the reciprocal nature of the

electrical connections between buses.

for example if the N = 3 the Y matrix is as below:

Y =


y1 + y12 + y13 −y12 −y13

−y12 y2 + y12 + y23 −y23

−y13 −y23 y3 + y13 + y23


3×3

Consequently, disconnecting a branch affects four elements within the Y matrix. For

example, if the branch between bus 1 and bus 2 is removed the canges are shown in red

Y =


y1 + y12 + y13 −y12 −y13

−y12 y2 + y12 + y23 −y23

−y13 −y23 y3 + y13 + y23


3×3

Specifically, for the removal of a branch between buses k and l, the affected elements include

off-diagonal elements Y ′
kl = Y ′

lk = 0 and diagonal elements Y ′
kk = Ykk − Ykl, Y ′

ll = Yll − Ykl.

The power injections Sk and Sl for these buses must be recalculated. The expansion of

Equation 3.1 is as follows:
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

S1

...

Sk

...

Sl

...

SN


=


V1

...

VN

⊙
[
V1 · · · VN

]∗
×



Y1,1 · · · Y1,k · · · Y1,l · · · Y1,N

...
. . .

...
...

...

Yk,1 · · · Yk,k · · · Yk,l · · · Yk,N

...
...

. . .
...

...

Yl,1 · · · Yl,k · · · Yl,l · · · Yl,N

...
...

...
. . .

...

YN,1 · · · YN,k · · · YN,l · · · YN,N



∗

Thus, updating the dataset involves recalculating the power injections Sl and Sk for the

affected buses. Consequently, not only is the reverse pass computationally straightforward to

solve, but it is also necessary to recalculate it for only two of the N available buses that are

adjacent to any changes rather than all buses.

Avoiding Negative Transfer

In [60], the authors introduce a Rank of Domain (ROD) metric to determine which dataset(s)

will yield the best performance in a target domain when used as source domains. This

metric leverages KL divergence to measure differences between data distributions. A pair of

domains with smaller KL divergence values are more likely to transfer knowledge effectively.

Empirically, when this metric is used to rank datasets as potential source domains, the

rankings align well with actual performance improvements in the target domain.

Additionally, the mean squared error (MSE) of the model’s predictions on new data

is an indicator of transferability. A higher MSE signals a greater discrepancy between

learned representations and the new task, necessitating more labeled data. Since poor model

performance on unseen samples suggests a substantial distribution shift, the prediction error

directly informs the degree of adaptation required.

Considering three key factors—distribution divergence, algorithm selection, and the size of

labeled data—we aim to systematically avoid negative transfer. To achieve this, we propose
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that the number of required data points can be guided by both the divergence between

distributions and the prediction MSE of the model on new topology data. Keeping this in

mind, we can measure the divergence between modified topologies and the initial one to

determine the optimal number of data points required for effective transfer.

Next, we assess the occurrence of negative transfer (NT) by checking whether NTG 2.28 is

positive, confirming NT’s presence, or negative, indicating successful transfer. The combined

assessment of distribution divergence and prediction error enables a more comprehensive

strategy to mitigate NT, ensuring that the adapted model retains the benefits of transferred

knowledge without performance degradation.

First, we begin by calculating the KL divergence. The formula for the KL divergence of a

discrete probability distribution P relative to a distribution Q over the same space is given

by:

DKL(P ∥ Q) =
∑
x

P(x) log

(
P(x)

Q(x)

)
If the variables are independent:

KL(P ∥ Q) =
∑
i

KL(Pi ∥ Qi) (over all Si)

KL(P(S1, . . . , SN) ∥ Q(S1, . . . , SN)) =
N∑
i=1

KL(P(Si) ∥ Q(Si))

KL(P(S1) ∥ Q(S1)) + · · ·+ KL(P(SN) ∥ Q(SN))

Just two KL terms will remain. The rest are equal to zero (for buses k and l):

KL(P(Sk) ∥ Q(Sk)) + KL(P(Sl) ∥ Q(Sl))

Therefore, the KLD will be calculated for buses adjacent to any changes in the network,

rather than for all buses.
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=
∑
x

P(Sk) log

(
P(Sk)

Q(Sk)

)
+
∑
x

P(Sl) log

(
P(Sl)

Q(Sl)

)
(over all points)

To find the worst case:

max

(
log

(
P(Sk)

Q(Sk)

))
= Mk

max

(
log

(
P(Sl)

Q(Sl)

))
= Ml

=
∑
x

P(Sk)Mk +
∑
x

P(Sl)Ml

= Mk ×
∑
x

P(Sk) +Ml ×
∑
x

P(Sl)

In probability theory,
∑

x P(S) = 1 because the sum of probabilities for all possible

outcomes in a probability distribution must equal 1, representing the certainty that some

outcome will occur. Hence:

= Mk +Ml

Now, to calculate P(Sk)
Q(Sk)

, We have following equation in [61]:

Py = Px

∣∣∣∣dxdy
∣∣∣∣

In our case, since the voltage is considered fixed, we have:

QV = QS

∣∣∣∣ dSdV
∣∣∣∣ = PS

∣∣∣∣dS ′

dV

∣∣∣∣
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Therefore:
PS

QS

=

∣∣∣∣ dSdV
∣∣∣∣× 1∣∣dS′

dV

∣∣
Here is the gradient of S with respect to V:

dS

dV
=



V Y1
∗
+ V ∗

1 Y
∗
11 V1V

∗
2 · · · V1Y

∗
n1

V2Y
∗
12 V Y2

∗
+ V2Y

∗
22 · · · V2Y

∗
n2

...
...

. . .
...

VnY
∗
1n VnV

∗
2n · · · V Yn

∗
+ VnY

∗
nn


Only two buses are affected, so we will examine the changes in those two rows separately.

Currently, we are analyzing the change in distribution for bus k. Since we are dealing with a

single row rather than a matrix, we will use the norm instead of the determinant.

∥∂Sk

∂V
∥2 =

√√√√√|
N∑
j=1

(
V ∗
j Y

∗
kj

)
+ VkY ∗

kk|2 +
N∑
j=1
j ̸=k

∣∣VkY ∗
kj

∣∣2
When the topology changes, the alterations are highlighted in red:

∥∥∂Sk

∂V

∥∥
2∥∥∥∂S′

k

∂V

∥∥∥
2

=

√√√√√√
∣∣∣∑N

j=1

(
V ∗
j Y

′∗
kj

)
+ VkY ′∗

kk + V ∗
l Y

∗
kl + VkY ∗

kl

∣∣∣ 2 +∑N
j=1
j ̸=k

∣∣VkY ′∗
kj

∣∣2 + |VkY ∗
kl|

2∣∣∣∑N
j=1

(
V ∗
j Y

′∗
kj

)
+ VkY ′∗

kk

∣∣∣2 +∑N
j=1
j ̸=k

∣∣VkY ′∗
kj

∣∣2
Hence:

Mk = max

log

∣∣∂Sk

∂V

∣∣∣∣∣∂S′
k

∂V

∣∣∣


= max

log


√√√√√√

∣∣∣∑N
j=1

(
V ∗
j Y

′∗
kj

)
+ VkY ′∗

kk + V ∗
l Y

∗
kl + VkY ∗

kl

∣∣∣ 2 +∑N
j=1
j ̸=k

∣∣VkY ′∗
kj

∣∣2 + |VkY ∗
kl|

2∣∣∣∑N
j=1

(
V ∗
j Y

′∗
kj

)
+ VkY ′∗

kk

∣∣∣2 +∑N
j=1
j ̸=k

∣∣VkY ′∗
kj

∣∣2



and
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Ml = max

log

∣∣∂Sl

∂V

∣∣∣∣∣∂S′
l

∂V

∣∣∣


= max

log


√√√√√√

∣∣∣∑N
j=1

(
V ∗
j Y

′∗
lj

)
+ VlY ′∗

ll + V ∗
k Y

∗
lk + VlY ∗

lk

∣∣∣ 2 +∑N
j=1
j ̸=l

∣∣VlY ′∗
lj

∣∣2 + |VlY ∗
lk|

2∣∣∣∑N
j=1

(
V ∗
j Y

′∗
lj

)
+ VlY ′∗

ll

∣∣∣2 +∑N
j=1
j ̸=l

∣∣VlY ′∗
lj

∣∣2



3.1.3 Algorithm

Algorithm 1 Offline Training
Input: Training dataset S = {(xi

s, y
i
s)}ns

i=1, Step sizes α, Number of epochs E Output: wSM :
Optimal parameter for Source Model (SM)
1: Initialize wSM randomly
2: for epoch = 1 to E do
3: Sample batch of points from S
4: Evaluate ∇JS(wSM) using S
5: Update source model parameters with gradient descent:

wSM = wSM − α∇JS(wSM)

6: end for

With the number of required data points identified to compensate for errors and avoid

negative transfer, we can now fine-tune the source model and achieve an adaptive model.

Algorithm 2 Online Training
Input: wSM, γ, NTL: Required number of data points for Transfer Learning (TL)
Output: wAM: Adapted parameters for new configuration
1: Initialize wAM = wSM: Use the source model’s parameters as the initial knowledge
2: while system in operation do
3: Generate NTL labeled target set Tm,l = {(xj

m,l, y
j
m,l)}

NTL
j=1 using Reverse Pass

4: Compute the adapted parameters with gradient descent:

wAM = wAM − γ∇JTm,l
(wAM)

5: end while
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3.2 Experiments

This section outlines the computational environment, datasets, and methodology employed

in this research. It begins by describing the hardware and software configurations, followed

by an overview of the datasets used for training, validation, and testing. The subsequent

sections discuss source model selection, hyperparameter tuning, and comparative evaluations.

Additionally, it explains the process of generating new data points for the second topology while

ensuring feasibility conditions, selecting the appropriate amount of data, and implementing

strategies to prevent negative transfer learning. Finally, the section explores how transfer

learning compensates for changes in topology.

3.2.1 Environment and Datasets

The experiments were conducted on a MacBook Pro equipped with an Apple M2 processor

and 16 GB of RAM. The learning framework was developed in Python 3.9 using TensorFlow

2.13.0 and Keras 2.13.1. The same computational environment is maintained across Chapter

4 for consistency.

To evaluate the proposed algorithm, experiments were performed on three well-established

benchmark systems: IEEE 14-bus, IEEE 118-bus, and PEGASE 1354-bus systems (used to

assess scalability). The dataset was generated using MATPOWER [62]. System variations

were introduced by randomly adjusting nodal active and reactive power demands within

80% to 120% of their nominal values. This approach aligns with standard practices in the

literature [63, 64, 65].

The ±20% variation (i.e., 80% to 120% of nominal values) is commonly used to simulate

realistic fluctuations in power demand, as observed in real-world systems due to consumer

behavior, environmental conditions, and time-of-day effects. This range captures both peak

load (up to 120%) and off-peak demand (down to 80%). It also allows researchers to test

model robustness under typical and extreme, yet feasible, operating conditions. Additionally,
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it implicitly accounts for measurement noise, which is often reflected in the data distribution

and mitigated through preprocessing to improve model reliability and generalization.

In MATLAB, the approach involved perturbing default cost function coefficients to modify

generation costs and randomly sampling power generation, followed by the ‘runpf‘ function.

For small-scale systems, direct sampling of power generation parameters followed by the

‘runpf‘ function was feasible. However, this approach proved ineffective for larger systems

due to frequent infeasibilities where the total generated power did not match the demand,

leading to solver failures. To mitigate this, the strategy was adjusted to perturb the cost

function coefficients and utilize the ‘runopf‘ function, which proved more robust for large

systems (1354-bus system).

The dataset for each system (the IEEE 14-bus, 118-bus, and PEGASE 1354-bus system)

comprises 20,000 feasible scenarios, emulating real datasets containing feasible load flow data

recorded by system operators. The data was then partitioned into three subsets: 80% for

training, 10% for validation, and 10% for testing, ensuring a balanced distribution for effective

model evaluation.

Given the inherent uncertainties associated with renewable energy sources, we assume

that each non-generator bus is equipped with either a wind farm or a solar photovoltaic (PV)

station. In 2020, wind and solar energy contributed approximately 8.4% and 2.3% of the

total power generation in the United States, respectively. To align with these proportions,

the deployment and parameter selection of distributed energy resources (DERs) in this study

reflect these percentages.

The IEEE 118-bus system includes 64 load buses, with 24 designated for wind farms

and the remaining 40 for solar PV installations. Each wind farm is modeled to have a

single turbine with a swept area of 1,800 m², while each solar farm consists of 10,000 panels,

each measuring 1.67 m². Uncertainties in the wind and solar generation are modeled using

Weibull distributions. These renewable sources are integrated into the power flow equations,

influencing power injections [66].
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3.2.2 Source Model

The source model designed for the power flow problem is a fully connected feedforward neural

network (FNN). This model aims to predict bus voltages by learning from simulated power

system data. The architecture consists of an input layer, one hidden dense layer, and an

output layer, as described below.

Model Architecture

The model is a multi-layer perceptron designed to process power injection data and predict

bus voltage magnitudes and angles. The model takes as input a feature vector representing

the system state, including the power injection values at load buses, active power injections,

and voltage magnitudes at generator buses. The output consists of voltage magnitudes at

load buses and voltage angles for all buses.

To determine the optimal model architecture, an extensive grid search was conducted to

explore various hyperparameters, including the number of layers, neurons per layer, activation

functions, learning rates, batch sizes, and optimization algorithms. The architecture ultimately

selected demonstrated a good balance between performance and generalization, and was

inspired by successful applications in prior studies involving similar power system datasets.

Specifically, the model depth was varied between 1 to 4 layers, with each layer tested

using 64 to 512 neurons. Activation functions such as ReLU, Leaky ReLU, Sigmoid, Tanh,

and ELU were evaluated, with ReLU emerging as the most effective due to its simplicity

and strong empirical performance across tasks. Learning rates ranging from 10−2 to 10−5

and batch sizes from 32 to 512 were also tested. Among the optimizers considered—Adam,

AdamW, SGD, and RMSprop—Adam provided the best convergence behavior. To avoid

overfitting on the source domain, techniques such as early stopping based on validation loss

and dropout regularization were employed during training. This tuning process ensured that

the selected architecture was both data-efficient and well-suited to transfer to the target

domain.
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The input layer’s dimensionality corresponds to the number of features in the dataset,

which is dynamically set to the number of input variables (nfeatures) in the training data.

The architecture includes:

• Input Layer: A dense layer with dimensionality equal to the number of features in

the dataset, nfeatures.

• Hidden Layer: A fully connected layer with a case-dependent number of units, using

the Rectified Linear Unit (ReLU) activation function:

ReLU(x) = max(0, x)

This activation function introduces non-linearity into the model, which is crucial for

capturing the inherent non-linear behavior of power flow equations.

• Output Layer: A dense layer with dimensionality equal to the number of target

variables (ntargets). This layer has no activation function, which is appropriate for

regression tasks where continuous values such as bus voltages and angles are predicted.

Table 3.1: Model Parameters for Different Cases

Case Input Layer Units Hidden Layer Units Output Layer Units Total Parameters
14 26 256 22 12,566
118 234 1024 181 426,165
1354 2708 4024 2447 20,742,143

All parameters are trainable, ensuring the model can effectively learn the complex mappings

between input and output variables.

Preprocessing

As a preprocessing step, it was essential to scale the data into appropriate ranges to ensure

effective training. The best results were achieved by transforming the voltage angles from

degrees to radians, as this transformation brought the voltage angles into the same range as
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the voltage magnitudes. Additionally, the power injections were normalized by dividing them

by 100, corresponding to the base MVA of the system. These preprocessing steps improved

the model’s ability to converge by ensuring that the input data was well-scaled and within a

similar range. Furthermore, branches that caused disconnection in the network were removed

to maintain the structural integrity of the system. Additionally, the slack bus voltage angle

was eliminated from the output since it consisted of an entirely zero column.

Loss Function and Optimization

The model is trained using the Mean Squared Error (MSE) loss function, which is defined as:

LMSE =
1

N

N∑
i=1

(yi − ŷi)
2

where N is the number of samples, yi is the true value, and ŷi is the model’s predicted value.

The optimizer used is Adam, a variant of stochastic gradient descent, with a learning rate of

1× 10−4. Adam was chosen for its efficient handling of sparse gradients and ability to adapt

learning rates during training.

Training Procedure

The model is trained using 5-fold cross-validation to ensure robust generalization to unseen

data. In each fold, the data is split into training and validation sets, and the model is trained

for 200 or 100 epochs with a batch size of 20. Early stopping is applied to prevent overfitting,

with a patience value of 10 epochs. This means that training stops if the validation loss does

not improve for 10 consecutive epochs, and the best-performing model is restored based on

validation loss.

To further ensure robustness, the model is trained multiple times within each fold, with

different random seeds initialized at the beginning of each run. This helps to avoid the model

converging to a suboptimal solution due to poor initialization. The model with the best
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validation loss is saved after each fold for further evaluation.

Results and Performance

The performance of the source model is evaluated using the validation loss from each fold,

and the average loss across all folds is computed.

Table 3.2: Source Model Performance Metrics for Different Cases

Metric Case 14 Case 118 Case 1354
Mean Validation MSE 1.33× 10−7 1.13× 10−5 3.55× 10−5

Best Validation Loss 8.46× 10−8 6.80× 10−6 3.22× 10−5

RMSE 0.00035 0.0036 0.0057
MAPE 1.78% 0.53% 5.05%

95% Confidence Interval (1.23× 10−7, 1.42× 10−7) (9.97× 10−6, 1.27× 10−5) (3.47× 10−5, 3.63× 10−5)
η2 0.98 0.99 0.95

R2 Score 1.00 1.00 1.00
MSE (Voltage Magnitude at Load Buses) 1.2× 10−7 1.44× 10−5 3.58× 10−5

MSE (Voltage Angle) 1.4× 10−7 1.21× 10−5 2.86× 10−5

The results show promising initial performance, with the neural network providing

comparable results to classical methods but with significantly reduced computation time,

which is crucial for real-time applications.
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Figure 3.1: Training and validation loss over the epochs for the power flow prediction model.
Both training and validation loss decrease steadily and converge after approximately 60
epochs, indicating good generalization and minimal overfitting. The loss is plotted on a
logarithmic scale to highlight the significant reduction in loss.

3.2.3 Adapt to New Grid Topology

To adapt to a new topology, multiple steps are taken. First, the required amount of data is

determined while avoiding negative transfer, considering the distributional distance between
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new and old data points and the source model’s performance on the new data. Next, new data

points are generated using the reverse pass process. Finally, the adapted model is trained.

Required number of data points for transfer learning: NTL

To determine the required number of data points for transfer learning while preventing

negative transfer (where training fails and results in an error), a subset of branches was

randomly selected. A small initial set of data points was generated for these branches, and

additional data points were incrementally added until both the MSE and KLD fell below a

predefined threshold. Ultimately, the number of data points needed for each new topology

was determined while ensuring that MSE and KLD remained low and negative transfer never

occurred. The experiment demonstrates that, on average, only 3% of the source data is

required.

Data Regeneration

To regenerate data, the reverse pass technique is applied to 3% of the source data points.

During this process, the voltage of all buses remains fixed, leading to adjustments in power

injection values. Specifically, the active and reactive power injections at load buses and the

active power injection at generation buses are modified in the input matrix. The new inputs

are as below:

[vL; θL,G] = f([PL−new;QL−new;PG−new; vG])

This ensures that the regenerated data maintains consistency with the underlying system

constraints while introducing variations in power injections.

Adapted Model

The Adapted Model (AM) retains the same architecture as the pre-trained source model (SM),

which is loaded from a previously trained Keras model. Instead of being trained from scratch,
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AM leverages transfer learning by fine-tuning SM on a new target dataset. The model is

trained for 15 epochs with a batch size of 5, using a designated training set, while a separate

validation set is used to monitor generalization performance. Since SM has already learned

useful representations from its original task, AM benefits from knowledge transfer, leading to

faster convergence and improved accuracy. After training, predictions are generated on an

evaluation dataset to assess the model’s performance. This approach significantly reduces

training time and enhances performance, as demonstrated in the comparative results with

the target-only model (TOM).

Results and Performance

Table 3.3 presents a comparative analysis of the Adapted Model (AM) and the Target-Only

Model (TOM) across three different cases: Case 14, Case 118, and Case 1354. The performance

is evaluated using key metrics such as Mean Squared Error (MSE), Mean Absolute Percentage

Error (MAPE), R2 score, η2 score, and training time. The results highlight the effectiveness

of transfer learning, as detailed below.

Mean Squared Error (MSE): The AM achieves significantly lower MSE values compared

to the TOM in all cases, indicating superior prediction accuracy. In Case 14, the AM attains

an MSE of 4.00× 10−7, while the TOM exhibits a much higher error of 0.04. Similarly, in

Case 1354, the AM maintains an MSE of 1.7× 10−5, whereas the TOM records 0.067. This

substantial reduction in error demonstrates the benefits of knowledge transfer from the source

model.

Mean Absolute Percentage Error (MAPE): The adapted model consistently achieves

significantly lower MAPE values, highlighting its robustness. For instance, in Case 14, the

AM’s MAPE is 3.59%, whereas the TOM reaches 263.87%, indicating severe instability. A

similar trend is observed in Case 1354, where the AM maintains a reasonable 4.16%, whereas

the TOM’s error soars to 339.34%. This emphasizes the AM’s enhanced generalization
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capability.

R2 Score: The R2 score, which measures the proportion of variance explained by the model,

further supports the superiority of the AM. Across all cases, the AM maintains a near-perfect

score of 0.99, whereas the TOM struggles, particularly in Case 118, where its score drops to

0.56. This suggests that the TOM fails to capture the underlying patterns effectively when

trained without prior knowledge.

η2 Score: The η2 score, which quantifies the impact of knowledge transfer, is consistently

high for the AM, with values exceeding 0.96 in all cases. Conversely, the TOM exhibits

negative values in Case 14 (-1.64) and Case 1354 (-2.39), signifying a lack of effective learning

when trained from scratch. These results reaffirm the substantial benefits of transfer learning

in improving model performance.

Training Time: A significant advantage of the AM is its computational efficiency. As

observed, the training time for the AM is drastically lower than that of the TOM. For Case 14,

the AM requires only 1.94 seconds, whereas the TOM takes 17 minutes. This trend persists

in Case 1354, where the AM completes training in 8.91 seconds, compared to 40 minutes for

the TOM. The substantial reduction in training time indicates that transfer learning not only

enhances accuracy but also accelerates convergence.

Conclusion: The results in Table 4.3 strongly support the effectiveness of transfer learning.

The AM consistently outperforms the TOM across all evaluation metrics, achieving lower

error rates, higher accuracy, and significantly reduced training times. These findings highlight

the advantages of incorporating prior knowledge into the learning process, demonstrating the

superior efficiency and robustness of the adapted model in various scenarios.

For example, consider a scenario where the branch connecting Bus 4 and Bus 5 in IEEE

118-bus system is removed.
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Table 3.3: Performance Metrics for AM and TOM Models Across Different Cases

Metric Case 14 Case 118 Case 1354
AM TOM AM TOM AM TOM

MSE 4.00× 10−7 0.04 3.58× 10−6 0.03 1.7× 10−5 0.067
MAPE 3.59% 263.87% 1.02% 45.98% 4.16% 339.34%
R2 Score 0.99 0.86 0.99 0.56 0.99 0.86

η2 0.96 -1.64 0.99 0.54 0.96 -2.39
Training Time 1.94 S 17 min 2.45 S 20 min 8.91 S 40 min

In dynamic power systems, critical violations require rapid response and adaptation to

maintain system stability. Training from scratch, while accurate, is computationally intensive

and slow to adjust to changes in system topology. For instance, when training TOM over

10 epochs using all data points, the process takes approximately 17 hours and achieves a

mean squared error (MSE) of 2 × 10−4 with an R2 score of 0.98. Even with only 2% of

the data, the time drops to 1 hour, but the performance degrades significantly, yielding an

MSE of 1.43 × 10−2 and an R2 score of just 0.13. In contrast, the Adapted Model (AM)

delivers significantly better results: over the same number of epochs, the entire adaptation

process—including new data generation, model retraining, and prediction—completes in just

1.75 seconds, achieving an MSE of 4.9× 10−5 and an R2 score of 0.99. These results highlight

the superiority of AM in both speed and predictive accuracy, making it highly suitable for

real-time response in evolving grid environments.

The resulting training and validation losses for this case are illustrated in Figure 3.2. In

this figure, the y-axis is plotted on a logarithmic scale for clarity. It compares the performance

of two models: the adapted model (which uses transfer learning from a source model) and

the target-only model (trained from scratch on the target data). From this figure, we can

make several observations:

Adapted Model vs. Target-Only Model: The adapted model consistently achieves a

lower loss than the target-only model throughout training.

Lower Initial Error: The adapted model starts with a much smaller initial error, thanks

to the knowledge transferred from the source model.
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Figure 3.2: Loss Gap Between Adapted Model and Target-Only Model

Significant Performance Gap: There is a significant gap between the loss curves of

the two models. The adapted model’s loss remains well below that of the target-only model

at each training step.

Impact of Transfer Learning: This considerable gap highlights the effectiveness of

transfer learning. The adapted model’s ability to exploit prior knowledge results in a strong

improvement over the target-only model, demonstrating promising results in this scenario.

Overall, the removal of the branch between Bus 4 and Bus 5 leads to a scenario where

the transfer-learned (adapted) model vastly outperforms the model trained solely on target

data. This underscores the significant benefits of transfer learning, as the adapted model

not only begins with a lower error but also maintains superior performance throughout the

training process.

3.2.4 Comparison

Table 3.4 presents a comparative analysis of TL with existing methods for power flow analysis,

focusing on their respective limitations and the advantages introduced by TL.

The Machine Learning-Based ACPF Initialization approach proposed by [29] aims

to enhance AC power flow (ACPF) computation efficiency. However, it exhibits several

limitations:
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• Limited time improvement: The method reduces ACPF computation time by only

24% for small networks and 64% for large networks, which remains suboptimal

for large-scale power systems.

• Dependency on Newton-Raphson (NR): Despite leveraging machine learning, the

approach still relies on the conventional Newton-Raphson method for solving power

flow equations, thereby inheriting its iterative nature and convergence constraints.

• Topology dependence: The model requires explicit branch status encoding, such

as one-hot encoding for N-1 contingency scenarios.

In contrast, Transfer Learning (TL) addresses these shortcomings through the following

key advantages:

• Superior speed-up: TL achieves significant computational efficiency, with 525.77×

speed-up (Case 14), 489.80× (Case 118), and 269.36× (Case 1354), reducing

the overall training time by more than 99.6% across different cases.

• Elimination of Newton-Raphson dependency: TL completely removes reliance on

iterative solvers, thus avoiding convergence issues associated with NR-based approaches.

• Topology-free input: Unlike its predecessor, TL does not require branch status

encoding for network contingencies, significantly enhancing its generalization capability.

The Typed Graph Neural Networks (TGN) for Power Flow model, introduced by

[32], applies graph-based learning techniques to power system analysis. However, it suffers

from the following challenges:

• High complexity: The approach necessitates multiple interconnected components,

including feature encoders, message-passing layers, update functions, and

decoders, resulting in increased model intricacy.

67



• Data inefficiency: The model requires large-scale labeled datasets to generalize

effectively, making it impractical in scenarios where data availability is limited.

• Difficult integration: The deployment of TGN in practical power systems is con-

strained by its reliance on specialized graph-based machine learning frameworks,

complicating real-world implementation.

Conversely, Transfer Learning (TL) offers several advantages over TGN-based ap-

proaches:

• Simplified model architecture: TL employs a fully connected neural network

(FCNN), eliminating the need for graph convolutions and iterative update mechanisms.

• Higher data efficiency: TL requires significantly fewer labeled samples, making it

more suitable for real-world grid applications, where acquiring large labeled

datasets is costly.

• Seamless integration: Unlike TGN, TL integrates efficiently into existing machine

learning pipelines without necessitating additional specialized frameworks.

Overall, the findings indicate that Transfer Learning provides a computationally efficient,

data-efficient, and easily deployable solution compared to traditional machine learning-based

ACPF initialization and graph-based power flow analysis methods.
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Table 3.4: Comparison of TL with Existing Approaches in PF Analysis

Approach Limitations Advantages of Transfer Learning

ML-Based ACPF Init.
(Dong et al., 2022) [29] • Limited time improvement:

Reduces computation time by
64%.

• Dependency on Newton-
Raphson: Still relies on tradi-
tional solvers.

• Topology-dependent: Requires
branch status encoding.

• Superior speed-up: Reduces
computation time by 99.6%.

• No Newton-Raphson depen-
dency: Eliminates reliance on it-
erative solvers.

• Topology-free input: Does not
require branch status encoding.

TGN for Power Flow
(Lopez et al., 2023) [32] • High complexity: Requires mul-

tiple learning components.

• Data inefficiency: Needs large-
scale labeled datasets.

• Difficult integration: Requires
a specialized ML framework.

• Simplified model: Uses a fully
connected neural network.

• More data-efficient: Requires
fewer labeled samples.

• Easier deployment: Integrates
seamlessly into existing ML
pipelines.
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Chapter 4

Transfer Learning for Optimal Power

Flow problem

4.1 Methodology

This chapter follows the same two-phase approach as Chapter 3: offline training and online

adaptation. The machine learning model is first trained offline, determining the necessary

data points for transfer learning (TL) while avoiding negative transfer. Once trained, the

model is deployed online to adapt to power grid changes efficiently, accelerating optimal

power flow (OPF) calculations.

To evaluate performance, we compare three models. The Source Model (SM) is trained

on a fully connected topology. The Adapted Model (AM) applies transfer learning from SM

to a modified topology where a line is removed. The Target-Only Model (TOM) is trained

solely on the target dataset without prior knowledge. This setup quantifies the benefits of

transfer learning in handling topology changes.
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4.1.1 Source Model

The optimal power flow (OPF) problem aims to determine the most cost-effective generation

dispatch under specified load conditions, adhering to constraints imposed by power flow

equations as well as limits on generation and voltage. The formulation of the OPF problem

is given by:

min
P

(m)
g ,Q

(m)
g ,V (m)

∑
i∈G

Ci(P
(m)
gi

) (4.1)

with constraints:

Pmin
gi

≤ P (m)
gi

≤ Pmax
gi

, ∀i ∈ G (4.2)

Qmin
gi

≤ Q(m)
gi

≤ Qmax
gi

, ∀i ∈ G (4.3)

V min
i ≤ V

(m)
i ≤ V max

i , ∀i ∈ N (4.4)

Here, Ci(·) represents the cost of generating power at bus i ∈ G. The terms Pmax
gi

(Pmin
gi

),

Qmax
gi

(Qmin
gi

), and V max
i (V min

i ) specify the upper (lower) bounds for real and reactive power

generation and the voltage limits at node i, respectively.

Data-driven solvers for the optimal power flow (OPF) problems deduce optimal settings

by mapping specified system demands to outputs, utilizing historical operational data. For

instance:

[v; θL,G] = f([Pd;Qd])

In this formulation, Pd and Qd represent the real and reactive power demands across all

buses, respectively. The model outputs, v and θL,G, are the optimized voltage magnitudes

at each bus and angles at load and genaration buses, ensuring efficient and stable power

distribution throughout the network.

We consider M different grid configurations, each with varying bus-branch connectivity

while ensuring all buses remain connected. A neural network (NN) is parameterized for any
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topology m as h(m)(xn, w) and trained on dataset Tm = {(x(n)
m , y

(n)
m )}Nm

n=1 by minimizing the

mean squared error loss.

Traditional NN-based methods assume a static topology, but power grids frequently

reconfigure for efficiency and reliability [28], making such models impractical. Retraining for

each topology is computationally expensive and infeasible.

To address this, we leverage transfer learning, enabling models to adapt to topology

changes with minimal data and computation. This approach reduces retraining needs while

preserving predictive accuracy in dynamic grid conditions.

4.1.2 Adapt to New Grid Topology

Data Regeneration

A similar strategy is employed for optimal power flow problems as 3.1.2, with a key difference:

with voltage, power generation at each bus are also fixed. When the network changes, the

existing power generation may lead to infeasibility. To maintain feasibility, we adjust the power

demand accordingly, ensuring the power balance equation remains satisfied. Consequently,

the power demand adjusts accordingly. By using the reverse pass of the power balance

equation, we can efficiently regenerate the power injections for all buses. Since the voltage

and power generation are both fixed, this process ensures that the OPF objectives (referenced

as objective 4.1) and all associated constraints (constraints 4.2, 4.3, and 4.4) are satisfied, even

under new operating conditions. This method streamlines the adaptation of power systems

to evolving demands and topologies, significantly enhancing the flexibility and responsiveness

of grid management strategies.

An exception applies to generation buses without load. If there is no load and the demand

is zero, power injection is equal to power generation. In this case, power generation will

adjust accordingly, eliminating the need for model fine-tuning. Instead, the focus shifts to

monitoring cost variations. The experiment will demonstrate that such buses are rare, and

the cost changes in these cases are minimal.
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Avoiding Negative Transfer

Following the approach in Chapter 3, we systematically mitigate negative transfer (NT)

by considering distribution divergence, algorithm selection, and labeled data availability.

The required data points are determined based on distribution divergence and the model’s

prediction MSE on new topologies.

Negative transfer is assessed by evaluating NTG 2.28: a positive value confirms NT, while

a negative value indicates successful transfer. This combined evaluation ensures effective

knowledge transfer while preventing performance degradation.

4.1.3 Algorithm

Algorithm 3 Offline Training
Input: Training dataset S = {(xi

s, y
i
s)}ns

i=1, Step sizes α, Number of epochs E Output: wSM :
Optimal parameter for Source Model (SM)
1: Initialize wSM randomly
2: for epoch = 1 to E do
3: Sample batch of points from S
4: Evaluate ∇JS(wSM) using S
5: Update source model parameters with gradient descent:

wSM = wSM − α∇JS(wSM)

6: end for

With the number of required data points identified to compensate for errors and avoid

negative transfer, we can now fine-tune the source model and achieve an adaptive model.

4.2 Experiments

This section describes the computational setup, datasets, and methodology used in this

study. It begins with an overview of the hardware and software configurations, followed by a

summary of the datasets employed for training, validation, and testing. Next, it covers source

model selection, hyperparameter tuning, and comparative analysis. Exceptional buses are
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Algorithm 4 Online Training
Input: wSM, γ, NTL: Required number of data points for Transfer Learning (TL)
Output: wAM: Adapted parameters for new configuration
1: Initialize wAM = wSM: Use the source model’s parameters as the initial knowledge
2: while system in operation do
3: Generate NTL labeled target set Tm,l = {(xj

m,l, y
j
m,l)}

NTL
j=1 using Reverse Pass

4: Compute the adapted parameters with gradient descent:

wAM = wAM − γ∇JTm,l
(wAM)

5: end while

then identified, and their cost variations are evaluated. The process of data generation for

the second topology is outlined, ensuring alignment with optimality constraints. Additionally,

strategies to mitigate negative transfer and determine the necessary number of data points

for transfer learning are discussed. Finally, the section examines how transfer learning aids in

adapting to topology changes.

4.2.1 Environment and Datasets

Experiments were conducted on a MacBook Pro with an Apple M2 processor, 16 GB RAM,

using Python 3.9, TensorFlow 2.13.0, and Keras 2.13.1. The evaluation was performed on

IEEE 14-bus, IEEE 118-bus, and PEGASE 1354-bus systems to assess scalability. The dataset

was generated using MATPOWER’s primal-dual interior point solver (MIPS) [62], with nodal

active and reactive power demands randomly varied within 80% to 120% of nominal values,

following standard practices [63, 64, 65].

For OPF, data was generated via MATPOWER’s ‘runopf‘ function with default cost

function coefficients. Each system dataset contains 20,000 feasible scenarios, partitioned into

80% training, 10% validation, and 10% testing for balanced model evaluation [66].
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4.2.2 Source Model

The source model is a fully connected feedforward neural network (FNN) that predicts bus

voltages from simulated power system data. Its architecture consists of an input layer, a

single hidden layer, and an output layer.

Model Architecture

The network processes power demand data to predict voltage magnitudes and angles. The

input layer has nfeatures neurons corresponding to the feature vector, which includes power

demand. The hidden layer, with a case-dependent number of units, uses the ReLU activation

function:

ReLU(x) = max(0, x)

The output layer, with ntargets neurons, produces continuous voltage predictions without an

activation function.

Table 4.1: Model Parameters for Different Cases

Case Input Layer Units Hidden Layer Units Output Layer Units Total Parameters
14 28 256 27 14,363
118 236 256 235 121,067
1354 2708 1024 2707 5,547,228

All parameters are trainable, allowing the model to capture complex relationships between

inputs and outputs effectively.

Preprocessing

To facilitate effective training, the data was scaled appropriately. Voltage angles were

converted from degrees to radians, aligning their range with voltage magnitudes. Power

demands were normalized by dividing by 100, corresponding to the system’s base MVA. These

transformations improved model convergence by ensuring consistent input scaling.

Additionally, branches causing network disconnection were removed to preserve system
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integrity. The slack bus voltage angle was excluded from the output as it contained only

zeros. Furthermore, branches connected to exceptional buses were filtered out, as the model

could not be updated for them.

Loss Function and Optimization

The model is trained using the Mean Squared Error (MSE) loss function:

LMSE =
1

N

N∑
i=1

(yi − ŷi)
2

where N is the number of samples, yi is the true value, and ŷi is the predicted value.

Training is optimized using the Adam optimizer with a learning rate of 1× 10−4, selected for

its adaptive learning rate and efficient handling of sparse gradients.

Training Procedure

The model is trained using 5-fold cross-validation for robust generalization. Each fold splits

the data into training and validation sets, with training running for 200 epochs (batch size

20). Early stopping with a patience of 10 epochs prevents overfitting by halting training if

validation loss stagnates.

To improve stability, multiple runs are performed per fold with different random seeds.

The best model, based on validation loss, is saved after each fold for evaluation.

Results and Performance

The source model’s performance is assessed using validation loss from each fold, with the

final evaluation based on the average loss across all folds.

The neural network achieves comparable accuracy to classical methods while significantly

reducing computation time, making it well-suited for real-time applications.
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Table 4.2: Source Model Performance Metrics for Different Cases

Metric Case 14 Case 118 Case 1354
Mean Validation MSE 2.38× 10−7 7.55× 10−7 1.13× 10−4

Best Validation Loss 2.10× 10−7 6.59× 10−7 2.97× 10−5

RMSE 0.00048 0.00081 0.00553
MAPE 0.08% 0.12% 2.69%

95% Confidence Interval (2.20× 10−7, 2.56× 10−7) (7.32× 10−7, 7.79× 10−7) (7.41× 10−5, 1.52× 10−4)
η2 0.99 0.99 0.97

R2 Score 0.99 0.99 0.99
MSE of Voltage Magnitude 1.0× 10−8 5.4× 10−7 3.59× 10−5

MSE of Voltage Angle 4.7× 10−7 7.7× 10−7 2.52× 10−5
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Figure 4.1: Training and validation loss over epochs for the optimal power flow prediction
model. Both losses decrease steadily and converge, indicating good generalization and minimal
overfitting. The loss is plotted on a logarithmic scale to emphasize the reduction in loss.

4.2.3 Adapting to New Grid Topology

To adapt to a new topology, the required amount of data is first determined while avoiding

negative transfer. This is based on distributional differences and the source model’s per-

formance on new data. Data is then generated using reverse pass, followed by training the

adapted model.

When a branch is removed from the power network without disconnecting any buses, the

impact depends on whether the affected bus has a load. If the bus has a load, voltage and

power generation remain fixed, demand is adjusted, and the model is fine-tuned. If the bus

has no load, power injection equals generation, requiring no model adjustments—only cost

variations are monitored.

The cost impact is evaluated using the economic dispatch objective function. In the

IEEE 14-bus system, one bus has no demand, and removing one branch out of 19 removable
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branches results in a 4.76% cost change. In the IEEE 118-bus system, eight generator buses

have no associated demand, and removing 21 out of 179 generator-connected branches affects

cost, while the rest have no impact. The average cost change is 0.32%, which is negligible.

Required Data for Transfer Learning: NTL

The required data points are determined iteratively by selecting a subset of branches and

incrementally adding data until both the MSE and KLD fall below predefined thresholds,

ensuring negative transfer does not occur. On average, only 8% of the data is needed.

Data Regeneration

The reverse pass generation process is applied to 8% of the data points, keeping bus voltages

fixed while adjusting the power demands on the load and generation buses. The updated

inputs are:

[v; θL,G] = f([Pd − new;Qd − new])

This ensures consistency with system constraints while introducing variations.

Adapted Model

The Adapted Model (AM) shares the architecture of the pre-trained Source Model (SM)

and is fine-tuned on the target dataset instead of being trained from scratch. It is trained

for 15 epochs with a batch size of 5, with validation monitoring generalization performance.

Leveraging transfer learning, AM benefits from prior knowledge, leading to faster convergence

and improved accuracy, significantly reducing training time compared to the Target-Only

Model (TOM).
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Results and Performance

Table 4.3 compares the Adapted Model (AM) and the Target-Only Model (TOM) across

three cases using key performance metrics. The results demonstrate the efficiency of transfer

learning in reducing error and computational cost.

The AM achieves significantly lower Mean Squared Error (MSE) and Mean Absolute

Percentage Error (MAPE) across all cases. In Case 14, its MSE is 4.00× 10−7 compared to

TOM’s 7.08× 10−3, while MAPE remains below 0.5% for AM, far outperforming TOM. This

trend persists in larger systems, with Case 1354 showing a substantial MAPE reduction from

34.43% (TOM) to 4.30% (AM), confirming the AM’s superior accuracy.

The AM maintains a near-perfect R2 score of 1.00 across all cases, while TOM slightly un-

derperforms. The η2 score further reinforces the effectiveness of transfer learning, particularly

in Case 1354, where AM achieves 0.96 compared to TOM’s 0.66.

A major advantage of AM is computational efficiency. Training times are significantly

lower, with AM requiring only a few seconds compared to TOM’s prolonged runtime (up to

81 minutes in Case 1354). This drastic reduction highlights the feasibility of transfer learning

for real-time applications.

Overall, the results confirm that AM consistently outperforms TOM in accuracy, efficiency,

and adaptability, making it a robust solution for handling topology changes in power grid

prediction.

Table 4.3: Performance Metrics for AM and TOM Models Across Different Cases

Metric Case 14 Case 118 Case 1354
AM TOM AM TOM AM TOM

MSE 4.00× 10−7 7.08× 10−3 1.00× 10−6 7.23× 10−4 1.54× 10−4 2.60× 10−3

MAPE 0.13% 5.79% 0.14% 3.50% 4.30% 34.43%
R2 Score 1.00 0.98 1.00 0.99 1.00 0.99

η2 1.00 0.94 1.00 0.97 0.96 0.66
Training Time (s) 4.50 s 54 min 4.53 s 65 min 2.01 s 81 min

79



4.2.4 Comparison

Table 4.4 presents a comparative analysis of TL with existing Optimal Power Flow approaches.

The comparison highlights the key limitations of state-of-the-art methods and demonstrates

the advantages of TL in terms of model efficiency, generalization, and computational speed.

DeepOPF-FT: One Deep Neural Network for Multiple AC-OPF Problems With

Flexible Topology

The DeepOPF-FT model [30] is designed to solve multiple AC-OPF problems using a deep

neural network with flexible topology support. However, it has several drawbacks:

• Requires branch features: The model depends on line conductance gij and suscep-

tance bij, reducing its flexibility.

• More complex neural network: The architecture is deep and computationally

demanding.

• Lower speed-up: Achieves a limited 129× (case 57) acceleration in OPF computation.

• High data requirement: For the IEEE 9-bus test system, which is relatively small,

training requires a random selection of 19,647 out of 32,768 possible topologies,

necessitating extensive datasets.

In contrast, TL provides significant improvements:

• No branch feature dependency: TL eliminates the need for gij or bij, enabling a

simpler and more flexible model.

• Simpler model: Uses a single hidden layer, reducing computational complexity.

• Higher speed-up: Achieves superior acceleration:

– 720× (Case 14), reducing training time by 99.86%.
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– 860.93× (Case 118), reducing training time by 99.88%.

– 2417.91× (Case 1354), reducing training time by 99.96%.

• Lower data requirement: TL utilizes only 20,000 training samples for the

source model and 1,600 for the adapted model, significantly reducing dataset

dependency.

Meta-Learning Approach to OPF Under Topology Reconfigurations

The Meta-Learning Approach to OPF proposed in [38] focuses on adapting to different

network topologies. However, it suffers from the following limitations:

• High topology dependency: Requires 70 topology variations for source training,

making adaptation effort-intensive.

• More complex model: Needs a deep network and extensive training data.

• Higher MSE: Achieves an MSE of 0.003, which is significantly higher than TL.

• Cost-sensitive approach: Accounts for cost variations, whereas in our data generation

approach, the cost remains unchanged.

• Lower generalization: Achieves an η2 score of 0.97, indicating reduced adaptability.

On the other hand, TL offers substantial benefits:

• Single topology requirement: Used an unchanged topology for the source model.

• Simpler model: Uses a single hidden layer while maintaining accuracy.

• Lower MSE: Achieves an MSE of 1.00× 10−6, vastly improving precision.

• Stable cost behavior: In the reverse pass generation process, the cost remains

unchanged. .
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• Better generalization: Achieves an η2 score of 0.99, indicating improved model

reliability.

Topology-Aware Graph Neural Networks for Learning Feasible and Adaptive

AC-OPF Solutions

The Topology-Aware Graph Neural Network (GNN) [8] employs a graph-based learning

framework to solve OPF. However, it has several limitations:

• Higher MSE:

– Case 118: 3.4× 10−3.

– Case 1354: 5.5× 10−3.

• Higher complexity: Requires multiple components, including graph convolutions,

topology-based filters, and message-passing mechanisms.

• High data requirement: Requires substantial labeled datasets for effective training.

• Difficult deployment: Relies on specialized graph-based ML frameworks, making

real-world implementation challenging.

TL addresses these challenges through the following improvements:

• Lower MSE: TL achieves significantly better accuracy:

– Case 118: 1.00× 10−6.

– Case 1354: 1.54× 10−4.

• Simplified model: TL is a fully connected neural network (FCNN), eliminating

complex GNN processing.

• Lower data dependency: TL requires fewer labeled samples, making it more practical

for real-world OPF applications.
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• Easier deployment: TL integrates seamlessly into existing ML workflows, without

the need for graph-based learning tools.

Summary

From the comparative analysis, it is evident that TL surpasses existing OPF approaches

in several key aspects. TL eliminates reliance on branch features, reduces neural network

complexity, and significantly reduces the training dataset requirements. Additionally, TL

achieves significantly higher speed-up factors while maintaining superior accuracy with lower

MSE. Furthermore, its ease of integration into existing machine learning pipelines makes it a

more practical solution compared to graph-based and meta-learning approaches.

Thus, Transfer Learning presents a more computationally efficient, data-

efficient, and scalable alternative to state-of-the-art OPF methodologies.
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Table 4.4: Comparison of TL with Existing OPF Approaches

Approach Limitations Advantages of Transfer Learning
(TL)

DeepOPF-FT (Low et
al., 2023) [30] • Requires branch features

• Complex model: Deep NN with
high computation.

• Lower speed-up: Only 129×
(case 57) acceleration.

• High data requirement

• No branch feature depen-
dency

• Simpler model: Single hidden
layer, lower computation.

• Higher speed-up: 720×
(Case 14), 860.93× (Case 118),
2417.91× (Case 1354).

• Lower data requirement

Meta-Learning OPF
(Chen et al., 2022) [38] • High topology dependency

• Complex model: Deep network,
large dataset.

• Higher MSE: 3 × 10−3, signifi-
cantly higher than TL.

• Cost-sensitive

• Lower generalization: η2 score
of 0.97.

• Single topology requirement

• Simpler model: Single hidden
layer, reduced complexity.

• Lower MSE: 1 × 10−6, signifi-
cantly improved.

• Stable cost behavior

• Better generalization: η2 score
of 0.99.

Topology-Aware GNN
for OPF (Liu et al., 2022)
[8]

• Higher MSE:

– Case 118: 3.4× 10−3.

– Case 1354: 5.5× 10−3.

• High complexity: Requires
graph convolutions, filters, mes-
sage passing.

• High data requirement: Needs
extensive labeled datasets.

• Difficult deployment: Requires
specialized ML frameworks.

• Lower MSE:

– Case 118: 1.00× 10−6.

– Case 1354: 1.54× 10−4.

• Simpler model: Fully connected
NN, no graph processing.

• Lower data dependency: Re-
quires fewer labeled samples.

• Easier deployment: No special-
ized ML frameworks needed.
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Chapter 5

Conclusion

5.1 Summary and Contributions

In this thesis, we proposed a transfer learning-based framework to enhance power flow and

optimal power management in grids with substantial renewable energy integration. Our

approach enables efficient adaptation to changing grid topologies through a novel data

regeneration method, significantly reducing the need for extensive retraining. Experimental

evaluations demonstrated notable improvements, achieving accurate adaptation with only 6%

of the data while maintaining computation times under 3 seconds. These results indicate the

potential of our approach for real-world applications, contributing to improved grid reliability

and operational efficiency.

Our method can replace computationally expensive processes involved in power system

planning, security assessment, grid management, and optimization. It can be integrated

into existing solvers or used to develop new tools for utility companies, grid operators, and

urban planners. The approach is highly scalable and fast, making it suitable for large-scale

deployments. Furthermore, it supports the integration of sustainable energy solutions, directly

aligning with Ontario’s, Canada’s, and global sustainability goals. For example, collaboration

with institutions like York University in the York Region, which serves a 50,000-member
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community, demonstrates how data-driven methods can enable sustainability and smarter

energy planning.

5.2 Future Work

Future research could explore the integration of unsupervised learning techniques to further

reduce dependency on labeled data. Additionally, incorporating Physics-Informed Learning

could enhance model generalization by embedding physical constraints directly into the

learning process. However, even physics-guided models must account for system topology;

ignoring it would result in incomplete representations of the physical system, as topology

defines the connectivity and power flow between nodes. If the topology changes but is not

reflected in the model, the embedded physical constraints may no longer hold, limiting

the model’s reliability. Another promising direction is the extension of transfer learning to

other power system challenges, such as stability assessment, fault detection, and demand

forecasting.

Furthermore, ensuring the robustness of ML-based grid management systems against

adversarial attacks, cyber threats, and data integrity issues is crucial. Developing anomaly

detection methods and fault-tolerant learning mechanisms could significantly enhance system

security and resilience. These advancements would further improve the scalability and

applicability of ML-driven grid management solutions, enabling more adaptive and intelligent

power systems.

Overall, this field of research remains rich with potential, offering numerous unexplored

opportunities for future investigation.
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