ABSTRACT
HU, YI. Generative Al for Power System Data Analysis. (Under the direction of Dr. Ning Lu).

The digital transformation of modern power systems has created a critical dependence on
data for real-time operation, planning, and decision-making. However, the effective use of smart
meter and synchrophasor data is often limited by challenges such as data scarcity, incompleteness,
and privacy constraints. These issues hinder the deployment of advanced machine learning and

analytics tools, particularly in contexts requiring high-quality, diverse, and robust datasets.

This dissertation explores the use of Generative Artificial Intelligence to address data
limitations in power system applications. It presents a series of solutions that leverage state-of-the-
art generative models to synthesize realistic data, restore corrupted or missing measurements, and

enhance event detection capabilities.

First, a GAN-based framework is proposed to generate synthetic load profile groups that
preserve both temporal dynamics and spatial correlations across customers. These synthetic
datasets replicate the characteristics of real data, overcoming both privacy concerns and the
challenges posed by limited data availability. Second, a deep learning approach based on BERT
architecture is developed for restoring missing segments in smart meter data. By learning
contextual dependencies within the data, it outperforms traditional imputation methods in
accuracy. Third, this work investigates the fine-tuning of pre-trained Large Language Models for
time series restoration tasks in power systems, demonstrating comparable accuracy but requires
significantly less training data and computing resources. Lastly, a generative Al-powered
methodology is introduced to detect events in synchrophasor data, capable of identifying both

known and unseen grid disturbances with improved interpretability and resilience.

Together, these contributions advance the state of the art in Al-powered grid data analytics
and lay the foundation for more robust, intelligent, and data-rich power system applications. This
work supports the long-term vision of enabling scalable, secure, and adaptive energy systems

through generative Al innovations.
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1. INTRODUCTION
1.1 Background and Motivation

The increasing complexity and digitalization of modern power systems have created
unprecedented opportunities and challenges in system operation, monitoring, and planning. As
renewable energy sources, electric vehicles, and inverter-based resources (IBRs) are integrated at
scale, power systems must evolve to remain reliable, efficient, and resilient. Central to this
transformation is the availability and quality of data, which plays a critical role in enabling

intelligent grid applications ranging from state estimation to event detection and fault recovery.

However, the power industry continues to face significant data-related challenges, including
scarcity of real-world data, missing or corrupted measurements, and data privacy constraints.
High-resolution data from smart meters and synchrophasor systems offer promise, but their
effective use is often limited by issues such as incomplete coverage, communication errors, or the
sensitivity of operational data. These limitations hinder the deployment of advanced algorithms

and decision-support tools that require large-scale, diverse, and high-quality datasets.

Recent advances in Generative Artificial Intelligence (Generative Al), including Generative
Adversarial Networks (GANSs), Transformer-based models, and Large Language Models (LLMs),
offer transformative solutions to address these challenges. Generative Al provides new pathways
for synthetic data generation, missing data restoration, and data-driven grid intelligence, with the
potential to significantly enhance the accuracy, robustness, and interpretability of power system

analytics.
1.3 Dissertation Objectives

This dissertation focuses on developing generative Al-powered solutions to address data

scarcity, quality, and usability challenges in power systems. Specifically, it explores methods to:

e Generate realistic synthetic load profile groups considering spatial and temporal

correlations,

e Restore missing segments in smart meter load data using BERT-based deep learning

architectures,



¢ Fine-tune large pre-trained language models for enhanced missing data recovery, and

e Apply generative Al to detect and classify power system events using synchrophasor

(PMU) data.

The contributions of this research aim to support the creation of reliable, privacy-preserving,
and Al-compatible datasets and models that can empower both operational and planning

applications in future grid environments.
1.4 Structure of the Dissertation
The remainder of this dissertation is organized as follows:

o Chapter 2 presents a method for generating synthetic load profile groups that account for

spatial-temporal correlations in power systems.

o Chapter 3 focuses on a BERT-based approach for restoring missing load data, addressing

the challenges of incomplete datasets.

o Chapter 4 explores the fine-tuning of ChatGPT for missing data restoration, comparing its

performance with specialized architecture.

o Chapter 5 investigates a generative Al framework for power system event detection using

PMU data, addressing both known and novel event types.

o Chapter 6 concludes the dissertation by summarizing the findings and discussing future

research directions in generative Al for power system analysis.



2. SYNTHETIC LOAD PROFILE GROUP GENERATION
2.1 Background

Smart meter data are essential in power distribution system analysis, for instance, modeling
load behaviors, conducting renewable integration studies, and developing demand response
programs. However, due to security and privacy considerations, utilities cannot share a large
amount of smart meter data with the research community for carrying out such analysis. Therefore,
using synthetic load profiles (SLPs) derived from smart meter data becomes an increasingly

attractive solution.

SLPs are generated load profiles bearing similar characteristics as the real ones. In general,
there are two approaches for generating SLPs: simulation-based and data-driven. Table 2-1
summarizes the advantages and disadvantages of the state-of-the-art SLP generation methods and
compares our algorithm with the existing ones. As can be seen in the table, up till now, all existing
generative methods generate SLPs one at a time. There is no generative method proposed for
generating a group of SLPs served by the same distribution transformer or the same feeder, where

the SLPs have strong spatial-temporal correlations.

Note that such spatial-temporal correlations exist because consumers at the same
geographical location experience similar weather conditions and share similar demographical
characteristics (e.g., house type, income level, and living pattern), making the weather-dependent
loads and consumption patterns have similar variations. Therefore, the time-series load profiles
served by the same transformer or feeder exhibit distinct group-level characteristics. By simply
selecting load profiles randomly from a database or generating load profiles for each user one at a
time to form a load group, one cannot capture such group-level spatial-temporal correlations. Some
forecasting methods based on copula select load profiles by influence factor to form a group, as
shown in previous studies [13][14]. These methods typically rely on historical data and involve a
two-step forecasting and selecting process. However, copula alone cannot fully capture the spatial
and temporal correlations between loads served by the same distribution transformer or feeder.
This is because high-level hidden features are usually difficult to explicitly formulate and can only

be learned using Deep Learning techniques.



Table 2-1 Comparison of Multiload-GAN Model with State-of-The-Art Generative Methods

Description Advantages Disadvantages Model
output
Use physical models,
such as building Explainable as the models | Require detailed
Model-based methods thermodynamics and | reflect the I?VYS of physics physics-bgsed
[1[2] customer behavioral | when describing the models with many
models, to simulate behavior behind field inputs and require
electricity measurements parameter tuning.
consumption profiles. Single load
Cluster existing load profile
profiles into different Lack of diversity
Clustering categc.)ri.es so that by | Easy to implement Z_m(_l can | when 'usir.1g
based [3][4] combining the load represent some realistic combinations of a | (When
profiles across load profile characteristics. | limited number of | generating a
different categories, existing profiles. | load profile,
SLPs are generated. the methods
. do not
Dep?nd I?eavﬂy consider the
Forecasting . on historical data. spatial-
based [51-[8] | Generate SLPs based EaS}./ to implement and The generated temporal
. . flexible to generate load load profiles have lations
(the on publicly available profiles with different similar patterns corte
benchmark | 10ad or weather data. lengths and granularities. | with historical among 2
method) data, therefore, group ©
R generated
lack of diversity. load
Data- SingleLoad- profiles)
driven GAN-based Learn from the real data
methods (iAN-lbzased generative methods to | distribution to generate
[1o1-{12] generate the SLP for | diversified load profiles Hard to train.
(the one customer at a with high-frequency
benchmark time. details.
method)
GAN-based
generative methods to
enerate a group of Learn from the distribution .
MultiLoad- ;gpatial-temioraﬁ) of real data to generate Mulflple
GAN correlated load diversified load profiles spatial- 1
(the p.roﬁles with. high-frequency Hard to train. ZZTi?:;d
proposed simultaneously. Such detaills. Preserve the load
method) load profiles can be spatial-temporal profiles

loads served by the
same transformer or
feeder.

correlations between loads.




To bridge this gap, we propose a deep-learning framework, called the Multi-load Generative
Adversarial Network (MultiLoad-GAN), to generate a group of SLPs simultaneously. The

contributions are three-fold.

e First, MultiLoad-GAN captures the spatial-temporal correlations among loads in a load group
to enable the generation of correlated realistic SLPs in large quantity for meeting the emerging
need in microgrid and distribution system planning. This is achieved by the novel profile-to-

image encoding-decoding method and the MultiLoad-GAN architecture design.

e Second, two complementary metrics for evaluating realisticness of generated load profiles are
developed: computing statistics based on domain knowledge and comparing high-level

features via a deep-learning classifier.

e Third, to tackle data scarcity, a novel iterative data augmentation mechanism is developed to
generate training samples for enhancing the training of both the deep-learning classifier and
the MultiLoad-GAN model, which can improve the performance of MultiLoad-GAN by
approximately 4.07%.

The rest of the chapter is organized as follows. Section 2.2 introduces the methodology,

Section 2.3 introduces the simulation results, and Section 2.4 concludes the chapter.
2.2 Synthetic Load Profile Group Generation Design and Implementation Details

In this section, we first present the terminologies used in the chapter and the overall modeling
framework. Next, we present MultiLoad-GAN, statistical based evaluation metrics, the training of
a classifier to assess the realisticness of generated load profile groups, and the implementation of

Automatic Data Augmentation to enhance the algorithm performance.

2.2.1 Terminologies and the Modeling Framework

In this chapter, we define a load group as loads served by the same transformer. A “positive
sample” is defined as a group of load profiles from customers supplied by the same transformer.
The “original positive samples™ is the labelled data set given by a utility in North Carolina area
including 8 transformers with each serving 8 loads from 2017 to 2020. The “negative samples” is
the data set that consists of groups of load profiles from customers unlikely to be supplied by the

same transformer. This is a unique definition because in power distribution systems, even if a load



profile is from a user supplied by another transformer, the load profile is likely to be similar to
loads supplied under the same transformer. For example, in a neighborhood, serving which 8 out
of 10 neighboring houses is sometimes a random choice by design engineers. In most cases, all
C(10,8) combinations can be considered as positive samples. Thus, in the training, the “original
positive samples” is the ground-truth data set labelled by utility engineers while all negative

samples are “generated negative samples” generated by us.

Figure 2.1 shows the overview of the framework. As shown in Figure 2.1 (a), the MultiLoad-
GAN framework includes three modules: MultiLoad-GAN, Deep-learning classifier (DLC), and
Negative Sample Generator (NSG). Initially, because there are no labelled negative samples for
training DLC, we develop the NSG module for generating negative samples to enhance the training

of the DLC.

As shown in Figure 2.1 (b), due to security and privacy considerations, the amount of
labelled data provided by the utility to train MultiLoad-GAN is usually insufficient. Therefore, to
further improve the performance of MultiLoad-GAN, we develop an interactive process,
Automatic Data Augmentation (ADA), for generating augmented labelled data, which allows the
training of DLC and MultiLoad-GAN to iteratively evolve with the augmented data generation

Process.

As shown in Figure 2.1 (c), the realisticness of the generated load groups is evaluated by
comparing the generated load groups with the “original positive samples” using two kinds of
realisticness metrics: statistics metrics based on domain knowledge and a deep-learning classifier

for comparing high-level features.

To the best of our knowledge, there is no other existing approach for generating a group of
highly correlated load profiles in the literature. Thus, the goal of our comparison is to demonstrate
that when an algorithm generates load profiles one at a time, it cannot generate a group of load
profiles that bear correct group-level characteristics. We select SingleLoad-GAN as the benchmark
model for performance comparison, because SingleL.oad-GAN and MultiLoad-GAN formulate an
ablation study in nature. In addition, GAN based models produce more realistic and diversified
shape-wise load profile details than the other existing methods by learning the distribution of real
data, as shown in [10]. Therefore, the SingleLoad-GAN reproduces the method presented in [10].

Due to differences in input data, SingleLoad-GAN uses different parameters.
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Figure 2.1 An Overview of The Overall Modeling Framework
2.2.2 GAN-based Approach

A GAN model consists of two components: a generator network (G) and a discriminator
network (D). A latent vector z, usually a Gaussian noise, is used as the input to generate the target
output G(z). Then, the generated data G(z) and the real data x are sent to D. The goal of D is to

distinguish which data samples are real and which are fake.

The training of a GAN model is an alternative and adversarial process: G tries to generate
samples G(z) that can fool D; D learns to distinguish between (G(z) and x by assigning larger
probabilities to x and smaller ones to G(z). As introduced in [9], this process is formulated as a

minimax game



mGin max [E,Mar [log(D (x))] + Ez-p, [log(l - D(Q))]] (2.1)
where B. and F; are the probability distributions of the training data and the generated data,
E is the expectation operator, and X = G(z). According to Wasserstein Generative Adversarial

Networks (WGAN) [15][16], the training process will be more stable than the original GAN with

the following loss function

min ma By, [DGO] = Exp, [D(R)] 22)

where w is the set of 1-Lipschitz function. A gradient penalty method [16] is proposed to
further improve the performance of WGAN. Thus, we adopt the following loss function in our

framework

L = Ezp,[DR)] = Ex-p,[D(0)] + AEz-p [(IVzD(®) [l — 1)?] (23)
where P; is the distribution sampled uniformly along straight lines between pairs of points

sampled from the data distribution B. and the generator distribution F,.

In this chapter, we will use SingleLoad-GAN as the baseline model for benchmarking the
performance of MultiLoad-GAN, for the reasons explained in section 2.2.1. The SingleLoad-GAN
based approach is introduced in [10]-[12] and in this chapter we reproduced the model in [10].

Let P}, = [p,ps, ...,p}'w]T represent the load profile of the i™ individual user with M data
ai Al

samples. SingleLoad-GAN generates synthetic profiles, P}, = [pl,pz,...,ﬁ}Q]Twith similar

distribution as P},. After all profiles are generated for N loads, we obtain a load group, Pyxy,

pr Pi . Pr

By =[P4, 0704 = |7 P2 B

Puxn = [PM: Pir ---;PM] = . . : (2.4)
Pu D v P

2.2.3 MultiLoad-GAN Model

The configuration of MultiLoad-GAN is shown in Figure 2.2. The MultiLoad-GAN
generator network is a deep Convolutional Neural Network (CNN). First, a fully connected layer
is used to extract features from the input data to a 2D data matrix. Then, transpose convolutional
layers with decreasing number of kernels are used to generate load profile groups. ReLU is used

as the activation function. Inspired by [17], we use batch normalization following each transpose



convolutional layer to enhance the training process. A Tanh layer is added to the end of the

generator to normalize the output values into [-1, 1].
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Figure 2.2 MultiLoad-GAN architecture with corresponding input dimension (ID), output
dimension (OD), kernel size (K), stride (S), padding (P), output padding (OP) for each
convolutional layer. The parameter is an example for generating weekly 15-min load group with 8
households.

The MultiLoad-GAN discriminator is built with a set of convolutional layers with increasing
number of kernels. The activation function is Leaky ReLU. Also, a batch normalization layer is

added following each convolution layer.

Compared with SingleLoad-GAN, a distinct advancement of MultiLoad-GAN is that it

generates N load profiles simultaneously, so we have

pi pi Bl
Pyxy = [Py, PZ ... Pl] = : . (2.5)
Pu Du - Pm

As shown in Figure 2.3, inspired by the image processing encoding process, a unique profile-
to-image encoding method is developed to encode a group of load profiles (an MxN matrix) into

3 color channels (red-R, green-G and blue-B). Dependency of load on temperature is investigated



in many load forecasting researchers such as [18][19]. Then, we add a fourth channel to represent
temperature (T) to reflect the weather dependence.

To encode Py, map pjy, € Pyxn to the RBG channels, [1y, gm, by 1, by

(0, 0<pm<l
Pm— U n
, L<pm<l
n lZ_ll
Tm = 3 pn_
1-2 2 <pt <,
s =1,
\ 0, l; < ph
_% < pn
g%={ L 0SPm<h (2.6)
0) llsprrh
Pm n
L 0<pn <l
1
b = no—1
m 1_pm 1’ I, <ph <1,
L L, — 1
0, lzﬁpﬂl
1 2
ll = §l3, lz = §l3,

l; = max(pyy,, for me[0,M],n € [0,N]).
The fourth channel is the temperature channel. Temperature measurement T}, at time m is
first normalized by 120°F in order to encode it to the brown channel, [¢,,], so we have

_ Im
m ™ 120

(2.7)
Thus, the load p;;, and temperature T,, measurement at time point m is encoded into a

normalized vector [, g, b, t] within [0, 1]. Then we further convert them into [-1, 1] to benefit the
model training process by

[r.9,b,t]-0.5
[r,9,b,t] = === (2.8)
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Figure 2.3 An illustration of the profile—to-image encoding process.

By encoding load profiles into an RBG image, machine learning tools developed in 2D
image processing domain can be readily used to extract the spatial-temporal correlations among
multiple loads. Also, RGB images make it easier for human to visually recognize load variations

patterns. Thus, we consider the profile-to-image encoding method and the corresponding

adjustments on the conventional GAN architecture as one of the contributions of the chapter.

2.2.4 Realisticness Evaluation

Denote the load group generated by SingleLoad-GAN as Py, v € Q7%54N; denote the load
group generated by MultiLoad-GAN as P,y € QMEGAN: denote the ground-truth load group as
Pyxn € Q. As shown in Figure 2.1 (c), first, we compare statistical evaluation indices to
quantify the realisticness at the household level (i.e., for each individual user) and the aggregation
level (i.e., at the transformer level). Ideally, Py is expected to have similar transformer-level
statistics with Py, than those of Py, ybecause spatial-temporal correlations among a group of
users are implicitly learned by MultiLoad-GAN. Next, to compare features unable to be captured
by human-defined indices, a specialized DLC is trained to assess the realisticness of Py and

Py by comparing high-level features captured in Py, .

1) Method 1: Statistical Evaluation

The statistical evaluation metrics are summarized in Table 2-2.

11



Table 2-2 Statistical evaluation indexes for the n™® load Group

No. Indexes

Peak load distribution

2 Mean power consumption distribution
3 Load ramps distribution

4 Hourly energy consumption distribution
5

Daily energy consumption distribution

First, distributions of each load character index for the generated and ground-truth load
groups, Py, Puxn, and Py, are first calculated at both the household- and transformer- levels.

MLGAN QSLGAN
’ LG

Then, similarities between the distributions of each index for Qj; and Q;; are

compared to quantify the realisticness of the generated load groups.

2) Method 2: Deep-Learning Classification

DLC is trained in parallel with MultiLoad-GAN. DLC can identify real and fake load groups
with higher accuracy than the MultiLoad-GAN discriminator because both positive and negative
samples are used to train DLC, making it a highly “specialized” classifier for identify real and fake

load groups.

As shown in Figure 2.4, the configuration of DLC includes a deep convolutional network
consisting of 5 2-D convolutional layers with increasing number of kernels and 5 fully connected
layers with decreasing number of features. The DLC input is a M X N load group and the output
is the probability of realisticness, which reflects how well realistic group-wise spatial-temporal

correlations can be captured.

Assume there are Q samples (each sample Py«y € ;. is a group of load profile with size

M x N) used to train the classifier. For the i sample, the classifier output is

C(Pyxn) = Prrye(D) (2.9)
where Py, (i) € [0,1] is the probability for the i load group to be “real”. Thus, we consider the

sample to be “positive” if Py, (i) > 0.5 and “negative” otherwise.

Let Q.04 be the number of samples classified as “positive”. The Percentage of Real (POR)

of the dataset is calculated as

12



POR = % x 100% (2.10)

Although POR can be used to evaluate the accuracy of the classifier, it cannot reflect the
confidence level of the classification results. For example, considering a sample “positive” when
Pirye(i) = 0.51 is a less certain judgement than when Py, (i) = 1. So, we further calculate the

Mean Confidence Level of the dataset (MCL) as

MCL = %Z?:l Ptrue(i) (2.11)

The similarity of real dataset Q,;; and MultiLoad-GAN generated dataset Q164N can be

calculated by the Fréchet inception distance [20][21] between the two distributions

Similarity = FID (C(QLG), C (QMLGAN ) 2.12)
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Figure 2.4 Classifier architecture with corresponding input dimension (ID), output dimension
(OD), kernel size (K), stride (S), and padding (P) for each convolution layer, max pool layer, and
fully connected layer. The parameter is an example for generating weekly 15-min load group with
8 households.

2.2.5 Negative Sample Selection
To train DLC, both positive samples (i.e., realistic load groups labeled by 1) and negative
samples (i.e., unrealistic load groups labeled by 0) are required. The “original positive samples”,

Puxw,» 18 the labelled ground-truth data set. However, because negative samples (i.e., load groups

13



served by different transformers) do not “naturally” exist, they are generated by pulling load

profiles from various transformer load groups.

These negative samples play a vital role in preventing bias in load group classification.
Without them, the classifier may mistakenly classify all load groups as positive samples, resulting
in subpar performance. Therefore, generating high-quality negative samples is crucial for
achieving a balanced training dataset, reducing biases, and enabling the classifier to learn how to
classify unseen data effectively. This process also enhances the classifier's robustness in the

presence of noise or ambiguous cases.

However, negative sample generation is a nontrivial task. Randomly selecting a group of
users from a smart meter database that contains load profiles collected in the same area in the same
season is a straightforward way to generate a negative sample. However, it is an uncontrolled
approach with several drawbacks. First, a significant amount of the generated negative samples
are too easy to be classified as “negative”. Thus, DLC cannot learn complex hidden features.
Second, an unknown number of the generated negative samples are actually positive samples. This
is because, often times, a load served by one service transformer is equally likely to be served by
an adjacent transformer with the same size. This phenomenon is quite common when supplying
small residential loads. Thus, randomly drawing loads from a regional smart meter database to

obtain negative samples is not a reliable negative sample generation strategy.

Therefore, a statistic-based negative sample generation method is developed. First, we obtain
operational statistics from the “original positive samples”. As shown in Figure 2.5 (a), we evenly
divide the mean power value distribution of the real load profiles into 6 parts. A negative sample
can thus be obtained if we randomly select K load profiles from the red box region and N — K load
profiles from the black box regions, where K is a random integer in [0, N/2] and randomized in
each selection process. By doing so, the obtained load group has a much higher chance to be a
negative sample. Similarly, based on Figure 2.5 (b), we can select negative samples to let the load
group having different weekly peak distributions from that of the “original positive samples”. By
controlling the distance between the “real” and “fake” distributions, one can generate “very

negative”, “negative”, “slightly negative”, and “almost positive” samples. This gives the modeler

the flexibility to tune the DLC to capture different level of realisticness.

14
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Figure 2.5 (a) Mean power distribution and (b) Peak load distribution.

2.2.6 Automatic Data Augmentation

As shown in Figure 2.6, we propose an iterative ADA mechanism that leverages the
generation ability of MultiLoad-GAN and the classification capability of DLC to iteratively create
augmented training samples in the training (e.g. at step ¢ — 1) in order to boost subsequent training
(e.g., at step t) of both MultiLoad-GAN and DLC. ADA includes three processes: unlabeled data

set creation, labelling data for classifier training, and augmented data for MultiLoad-GAN training.

First, we use two methods to create unlabeled load groups, Qiaabeled: 1y ysing MultiLoad-
GAN to generate load groups directly to obtain QM 64N "and 2) randomly sampling N load profiles
from a smart meter database, ©;,44, to obtain QX" Note that at this stage, Q¥raPeled contains

both positive and negative samples.

Next, Quntabeled ]l he labeled by the DLC with parameter, 8, obtained from the previous
training step, t — 1. Note that such labels can include errors, depending on what the accuracy of
the DLC is at the training stage. Then, the labeled data, together with the “original positive
samples” (£, ;) and negative samples (QILVGeg , selected by NSG in Section 2.2.5) will be used to
train the DLC.

Third, once the Classifier is trained, it will immediately be used for identifying positive
samples from QR4 which will then be used as the augmented dataset Qfgg for training

MultiLoad-GAN. Note that only samples with a high confidence level (e.g., samples with scores >
0.9) will be selected to enhance the quality of the augmented data.
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When the interactive training process progresses, the DLC training will improve
significantly because it receives an increasing number of high-quality training data generated by
MultiLoad-GAN and random sample selection. In return, the classifier can help identify positive
samples with higher confidence level to enhance the training of MultiLoad-GAN. The training of
MultiLoad-GAN and DLC will be both enhanced until the accuracy of the classifier saturates to a

certain level.
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Figure 2.6 Flowchart for the iterative ADA process.

2.3 Simulation Results

In this chapter, we use transformer-level load group generation as an example to illustrate

the group-load generation process and evaluate algorithm performance.

A utility in the North Carolina area provides us with a labelled data set, which includes 3-
year (from 2017 to 2020), 15-minute load profiles collected from 64 residential customers, which

are served by eight S0kVA transformers (8 customers per transformer). The corresponding
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temperature data are from National Oceanic and Atmospheric Administration (NOAA) [22]
website. After excluding the missing data, we obtain 1424 load group (each sample is a matrix of
Ps-,x3), which are considered as “original positive samples”. Thus, the output of the MultiLoad-
GAN model should be weekly load profiles (i.e., M = 4 X 24 X 7 = 672) for a group of 8 loads

(i.e., N=8) serving by the same transformer.

The power and temperature encoding parameters are given in Table 2-3 and the profile-to-
image process is illustrated in Figure 2.3 (b)(c). Hyper-parameter settings of MultiLoad-GAN are
given in Table 2-4. We use the root mean square propagation (RMSProp) optimizer. The model is
built in the PyTorch environment and trained on a single NVIDIA GeForce RTX 1080 GPU. Each
training takes approximately 2 hours. The architecture of the benchmark model, SingleLoad-GAN
is implemented with a set of hyper-parameter settings shown in Table 2-4 Each training takes

approximately 1 hour.

It is important to point out that we do not split the data into training and testing sets for a
GAN model, as it is done in other supervised learning. Because the GAN model learns the mapping
from the latent vector distribution to the actual data distribution. As a result, the evaluation of the
GAN model is not a point-to-point comparison between the generated results and the actual results
(because the generated results should be different from any existing ones and therefore is not
comparable). Instead, the evaluation focuses on the realisticness of the generated results, such as

statistical evaluation, visual inspection, deep learning classification, etc.

Table 2-3 Parameters used in the Profile-to-image encoding process

Temperature Vector
Load Vector (Fahrenheit) [t]
(kW) [r, g, b]
0 [0, 1, 0] 0 [0]
(0,2) gl, bl
2 (13) [0, 0, 1]
(2,4) bl, T (0, 120) tT
4 (1) [1,0,0]
4,6 rl
[6 (I3), +) [0, 0, 0] 120 [1]

The loss curves when training MultiLoad-GAN is shown in Figure 2.7 (a) stage 1. Initially,
there is a sharp decrease of the discriminator loss. This means that the discriminator quickly

captures the differences between the real (Pg7,.5) and fake (Pg7,.5) load groups generated by the
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naive generator. When the generator network is stronger than the discriminator network, and able
to generate more realistic samples that can fool the discriminator, the loss of the discriminator will
increase, and the loss of the generator will decrease. Otherwise, when the discriminator is stronger,
the loss of the discriminator will decrease, and the loss of the generator will increase. Such
adversarial training process allows both the generator and the discriminator to continuously
improve themselves. After about 300 epochs, the generator and discriminator of MultiLoad-GAN
reach a balanced state, showing that the generator can generate realistic load groups. The training

process of Singlel.oad-GAN shown in Figure 2.7 (b) is similar.

The generated load groups are shown in Figure 2.8. It is hard to evaluate the realisticness of
a load profile by visually comparing the load profiles, even harder for a human to judge whether a
group of load profiles bear similar spatial-temporal correlations. The results show that it is
necessary to use statistical metrics and DLC for quantifying realisticness in synthetic load profile
generation instead of relying on visual inspection, which is commonly used in image processing

domain.

Table 2-4 Hyperparameter Setup for the GAN model

Parameter MultiLoad-GAN SingleLoad-GAN
. le-4(D) le-4(D)
Learning rate 1.4¢-4(G) 1.2¢-4(G)
Gradient penalty weight - A 10 10
Slop of LeakyReLU 0.2 0.2
Batch size 16 64
Training epochs 300 100
S Stage 1: ~2hrs
Training time Stage 2: ~4hrs ~1hr

2.3.1 Statistical Evaluation

To compare the performance improvement, we compared 1424 load groups (Pg7pxs)

generated by MultiLoad-GAN with 1424 load groups (Pg7,.5) generated by SingleLoad-GAN. By
doing so, we have a real load group database (£;.), a MultiLoad-GAN generated load group
database (QMF6AN) and a SingleLoad-GAN generated database (Q;5¢4V), each having 1424
samples. The load statistics can be calculated at both the household and transformer levels. By
comparing the distance between the metric distribution of the generated load groups and the real

load groups, we can assess the realisticness of the generated load profiles.
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To ensure a comprehensive evaluation, an LSTM-based load forecasting method has been
used as an additional benchmark. This method forecasts a set of load profiles using real load

groups. The data processing procedure follows a similar approach to SingleLoad-GAN.

1) Evaluation at the Household-level

For the household level evaluation, statistics are calculated based on individual load profile.

Note that each database contains 1424x8=11392 weekly load profiles.
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Figure 2.9 (a) Household-level mean power distribution curves and boxplots, and (b) Household-
level peak load value distributions and boxplots.

Mean and peak. As shown in Figure 2.9, MultiLoad-GAN and SingleLoad-GAN can all
generate load profiles with the mean value distribution close to that of real load groups. However,
SingleLoad-GAN tends to generate load profiles with higher peak values (e.g., from 3 to 5kW),
making its peak value distribution deviate from the ground truth. This is because when generating
load profiles one at a time, the correlation between users are not considered, making SingleLoad-
GAN results less realistic. Due to its nature as a forecasting method relying on historical data,
LSTM tends to generate load profiles with narrow ranges for mean and peak values. This limitation

makes it challenging to produce diversified load profiles.

Load ramps. The distributions of load ramps on the four data sets are shown in Figure 2.10.
We can see that MultiLoad-GAN and SingleLoad-GAN show comparable performance on this

metric, but LSTM performs worse than them.
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Figure 2.10 Household-level load ramp distributions curves and boxplots.
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Daily and hourly power consumption. As shown in Figures 2.11 and 2.12, MultiLoad-GAN
and SingleLoad-GAN has similar performance on daily power consumption but is slightly worse

than SingleLoad-GAN on hourly power consumption. LSTM still perform worse than them.
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Figure 2.11 Household-level daily power consumption distributions and boxplots in weekday and
weekend.
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Figure 2.12 Household-level hourly power consumption distributions and boxplots in four time
periods of a day.
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2) Evaluation at the Transformer-level
Next, we compare the load group characteristic for the 1424 aggregated profiles in each of

the four databases.
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Figure 2.13 (a) Transformer-level mean power distributions and boxplots, and (b) Transformer-
level peak load value distributions and boxplots.

Mean and peak. As shown in Figure 2.13, all the models have similar performance on the

mean value distribution. But SingleLoad-GAN and LSTM tend to generate load groups with higher

peak values.
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Figure 2.14 Transformer-level load ramp distributions and boxplots.
Load ramps. As shown in Figure 2.14, MultiLoad-GAN results are smoother than the actual

data (i.e., the distribution is more centered towards 0), while SingleLoad-GAN results have more
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fluctuation. However, LSTM generates more large ramping. Overall, MultiLoad-GAN distribution

is closer to the ground truth.
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Figure 2.15 Transformer-level daily power consumption distributions and boxplots in weekday
and weekend.

Daily and hourly power consumption. As shown in Figures 2.15 and 2.16, MultiLoad-GAN
has comparable performance with the other two methods on daily power consumption and is better

than them on hourly power consumption.
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Figure 2.16 Transformer-level hourly power consumption distributions and boxplots in four time
periods of a day.

To make quantitively comparison, we calculate the FID between the distributions of the

generated dataset and real dataset and summarize the results in Table 2-5. We can see that
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MultiLoad-GAN has comparable performance with SingleLoad-GAN and LSTM on the
household-level statistics (3 indices out of 5 perform the best), but show significant advantages on
the aggregation-level ones (outperform SingleLoad-GAN and LSTM in all the indices). This
means the MultiLoad-GAN can successfully capture correlations between users served by the
same transformer. Thus, it can generate load groups with more realistic aggregation-level features

while preserving the characteristics of each individual load.

Table 2-5 Statistical Evaluation Results

Evaluation Criteria MultiLoad-GAN SingleLoad-GAN LSTM
Mean 5.319¢-4 6.473¢-4 3.854e-3
Peak 2.431e-2 4.884e-2 9.6.6e-2
Ramp 6.700e-4 3.445e-4 1.650e-1
(4.125¢-4 (1.464¢-4 (1.890e-3
1.115e-3 5.098e-4 2.644e-3
Household Level Hourly Consumption 4.556e-4 5.225e-4 2.200e-3
6.726e-4) 1.482e-3) 3.362e-3)
6.639¢-4 6.652¢-4 2.524e-3
(3.245¢-1 (2.516e-1 (2.457
Daily Consumption 3.610e-1) 3.411e-1) 2.561)
3.428e-1 2.964e-1 4.509
Mean 3.454e-2 3.491e-2 4.168e-2
Peak 5.822e-2 2.252 1.748e-1
Ramp 6.893e-4 1.074e-1 1.331e-1
(1.611e-2 (5.634¢-3 (9.740e-2
3.608e-2 2.821e-2 4.661e-2
Aggregation Level Hourly Consumption 1.728e-2 3.507e-2 3.045¢e-2
2.738e-2) 7.370e-2) 6.072e-2)
2.421e-2 3.565¢-2 5.879e-2
(2.030el (1.649¢1 (2.490e1
Daily Consumption 1.943el) 3.230el) 2.195¢el)
1.987el 2.440el 2.342el

2.3.2 Realisticness Evaluation based on DLC Classification
To train DLC, 4272 generated negative samples and the 1424 “original positive samples”
are used as the training set. The positive-negative sample ratio is 1:3. The data set are split into

training (80%) and testing (20%) sets.

Three negative sample generation methods are compared: 1) randomly select 8 weekly load
profiles from the regional smart meter database; 2) select negative samples based on mean value
distribution (see Figure 2.5 (a)); 3) select negative samples using mean and peak distributions (see

Figure 2.5, the proposed method).
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As shown in Table 2-6, randomly selecting load profiles as negative samples results in poor
identification accuracy, while using the proposed method for NSG, the accuracy can improve to

approximately 94%, which is a 20% improvement.

Table 2-6 Classifier Accuracy with Different NSG Criteria

Negative sample generation criteria Test Accurac Mean Confidence

Method No. i Mean P Peak (%) ' Level
70.37
DLC \ 92.42

\ \ 94.38 0.9371

RF \ \ 93.77 0.8663

K-NN \ \ 90.61 0.9254

DT \ \ 89.56 1.0

To demonstrate the importance of using DLC, several non-DL classifiers, such as Random
Forest, K-Nearest Neighbors, Decision Tree, are used for comparison. Negative sample generated
based on mean and peak values are used as they have been shown to enhance classifier
performance in previous analyses. The result shows that DLC exhibits the highest accuracy and a

relative high confidence level. Therefore, we choose DLC as the evaluation model.

[ REAL ] [ REAL ]
[ MLGAN B [ MLGAN
SLGAN SLGAN
2| B3 L5TM | 2 LsT™
‘B ‘i
g g
IE— T E T
0.0 0.5 1.0 0.0 0.5 1.0
score sCore

(a) Without ADA (b) With ADA
Figure 2.17 Distribution of DLC scores (a) without ADA and (b) with ADA.

The trained DLC will be used to evaluate the realisticness of the load groups generated by
MultiLoad-GAN and SingleLoad-GAN. For all four data sets (i.e., real-world load group samples
P¢75.s, MultiLoad-GAN generated samples Pg7y.g, SingleLoad-GAN generated samples Pgoy.g,
and LSTM forecasted samples). The DLC will give a score (i.e., the confidence level) for each
sample to show realisticness. The probability density distribution of the scores is shown in Figure

2.17 (a). Key statistics are summarized in the first column of Table 2-7.
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Table 2-7 Results of DLC-Based Evaluation

SingleLoad- . MultiLoad-
Indices Real data GAN LSTM MultiLoad-GAN GAN
(with ADA)
Percent of Real 94.38% 19.69% 84.83% 99.06% 94.99%
Mean
Confidence 0.9371 0.1913 0.8919 0.9899 0.9491
Level
Fréchet
inception
distance N/A 0.5173 0.00706 0.01106 0.000055
with the Real
load group

From the results, we have the following observations:

e As shown in Figure 2.17, DLC is confidence about the classification results, because most

scores are close to 1 (real) or O (fake).

e As shown in Table 2-7, 99.06% of the MultiLoad-GAN generated samples are classified as
real by DLC, 84.83% of'the LSTM forecasted samples are classified as real, while only 19.69%
of the SingleLoad-GAN generated samples are classified as real. This means that MultiLoad-
GAN generates load groups with similar high-level features with those of the actual load

groups.

e The FID index defined in (2.12) is calculated to measure the similarities between two
distributions in Figure 2.17 (a). The FID between “MultiLoad-GAN” and “Real” is 0.01106,
FID between “LSTM” and “Real” 1s 0.007.58, while between SingleLoad-GAN and “Real” is
0.5173.

This result shows that the MultiLoad-GAN generated load groups are much closer to the

ground truth ones from the classifier’s viewpoint.

2.3.3 Automatic Data Augmentation
ADA training starts from the MultiLoad-GAN and DLC trained in the previous sections. The
loss curves of MultiLoad-GAN in ADA process are shown in Figure 2.7 (a) stage 2. The

performance indices for the with/without ADA-boosted MultiLoad-GAN cases are summarized
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Table 2-7 (indices are defined in section 2.2.4) and Figure 2.17 (b). The results show that the ADA
process significantly shorten the distance between MultiLoad-GAN generated data set and the real
data set. This shows that the ADA process avoids MultiLoad-GAN to be over-trained so that it

only generates load groups strongly resemble the “original positive samples”.

Without incorporating the ADA process, the MultiLoad-GAN model generates high-
confidence load groups according to the DLC's perspective, resulting in a near 99% real
percentage. However, this does not align well with the actual data, where low-confidence load
groups exist, leading to a POR of 94.38%. By implementing the ADA process, the MultiLoad-
GAN model generates additional low-confidence samples, improving its performance to achieve
a POR of 94.99%, which is closer to the real dataset. Figure 17 (b) visually demonstrates the
resulting dataset's distribution, which is closer to that of the original dataset. By considering the
POR before and after the ADA process, it can be concluded that ADA has enhanced the
performance of MultiLoad-GAN by approximately 4.07% (moving closer to the real dataset).

2.4 Conclusion

In this chapter, we present MultiLoad-GAN framework for generating a group of load
profiles simultaneously while preserving the spatial-temporal correlations between load profiles
in the group. Inspired by the successful application of the GAN-based model in both image
processing and power system domain, we develop a novel profile-to-image coding method to
convert time-series plots to image patches, so that GAN-based models can be readily used for
processing groups of load profiles. To solve the data scarcity problem, we developed an iterative
data augmentation process to train MultiLoad-GAN and a classifier alternatively. Thus, the
classifier can be used to automatically label positive and negative samples for augmenting the
training of both the classifier and the MultiLoad-GAN in subsequent steps. Our simulation results,
based on statistical and DLC evaluation, show that compared with the state-of-the-art synthetic
load generation process, MultiLoad-GAN better preserves both household-level and group-level

load characteristics.
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3. BERT-BASED MISSING LOAD DATA RESTORATION
3.1 Background

The restoration of missing data holds significant importance in power system analysis. In
power system load profiles, two types of missing data exist. First, temporary equipment
malfunctions or communication losses result in missing data, adversely affecting data quality. This
impedes various data-related tasks such as load forecasting, load disaggregation, and anomaly
detection. Second, demand response (DR) or conservation voltage reduction (CVR) baseline
presents a unique case of missing data. For instance, utilities widely employ CVR for peak load
reduction, where system voltage at the substation bus is decreased by 2-4% during a CVR event
to achieve load reduction. However, the original load profile during a CVR event (the baseline),
assuming no voltage reduction, remains unknown. Accurately estimating this baseline is crucial

for load service providers to quantify the load reduction caused by CVR.

Current techniques for recovering missing data fall into two categories: model-based and
data-driven methods. Table 3-1 provides a comprehensive overview and comparison of existing
missing data restoration methods in power systems. Notably, Load-PIN [50], a GAN-based
approach, outperforms model-based, similarity-based, regression-based, and other GAN-based

methods in restoring missing data segments (MDSs) of fixed length.

However, existing inpainting techniques typically offer only a single solution. As illustrated
in Figure 3.1, we observed that MDSs can be analogized to missing words in sentences, thus
equating the restoration process to recovering missing words in sentences or paragraphs. In the
word completion task depicted in Figure 3.1, if someone is fluent in French, "France" might
emerge as the most probable choice. However, "Quebec" and "Cameroon" also represent viable
alternatives, as they are regions where French is an official language. Similarly, when restoring an
MDS, it's essential to provide multiple patching options, each with comparable likelihoods of being

the best match.

Inspired by this observation, we use advanced Natural Language Processing (NLP)
techniques to solve missing data restoration problem in power system domain. One of the
advantages of employing NLP models is their capability to generate multiple alternatives for a

missing word, each accompanied by a confidence level.
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Table 3-1 Comparison of Existing Power System Load Profile Inpainting Methods

Description Advantages Disadvantages
Model-based methods Use physical system mpdels to simulate Explainable as the Rqulre gccurate
responses to external disturbances for models reflect the distribution system
[23]-[27] . . .
restoring missing data segments. laws of physics. model.
Grou.p.load profiles by day type', vyeather Accuracy of the
o conditions, and shape characteristics of
Similarity- o . method dependent
load profiles. The missing data segments | Easy to implement .
based [28]- . . on selections of
are restored by referencing to the data on | and explainable. L .
[31] . C similarity metrics
the load profiles having the best similarity .
and weights.
match.
. L . Provide transparent
Use models including linear regression insiehts into the Limited complexit
Regression- | [32], Long Short Term Memory (LSTM) & . >¢ comp Y
relationships and Limited
based [33][34], Autoencoders [35][36], .
. : between input and contextual
(the Gaussian Regression [37], Support Vector .
. output. More understanding.
benchmark | Regression (SVR) [38][39], etc. Or . .
. . . efficient for small to | Require manual
method) combine multiple regression models [40]- . . . .
[43] medium-sized feature engineering.
) datasets.
Data- Discover underlyin
driven Use Generative Adversarial Nets solve . ying Training instability,
GAN-based . . . patterns in the data
methods the missing data restoration problems in . .. mode collapse, and
[44]-[49] without explicit
power system. .. hard to evaluate.
supervision.
Load-PIN Compu.tatlonally
[50] More accurate than | expensive and
(the Combine Generative Adversarial Nets model-, similarity-, | require large
benchmark with Convolutional layers and multi-head | regression-, and amount of data.
self-attention blocks to improve accuracy. | other GAN based Produce only 1
GAN-based R
method) models. restoration
candidate.
The most accurate
?tEST_PIN Bidirectional Encoder can capture long- method and can Computationally
roposed range dependencies though self-attention | produce multiple expensive and
qutrl)m d) mechanisms. restoration require large
candidates. amount of data.

Since 2017, the Transformer model [51] and its variants, such as Bidirectional Encoder
Representations from Transformers (BERT) [52], and Vision Transformer (ViT) [53], achieved
remarkable success in NLP and computer vision (CV). They excel at handling sequential data and
capturing extensive long-range dependencies by employing self-attention mechanisms that allow
simultaneous consideration of all positions in a sequence. This introduction of self-attention
empowers models to discern the importance of individual elements within input data, facilitating
the understanding of intricate dependencies, relationships, and contextual information, ultimately

leading to enhanced performance. It's important to clarify that the "Transformer" referred to in this
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context is an advanced machine learning model and not the transformer device used in power

systems, to avoid any potential misunderstanding.

Missing Data Segment

Power

» Time

I lived in France before, so I can speak fluent French.

I lived in Quebec before, so I can speak fluent French.

I lived in Cameroon before, so I can speak fluent French.

Figure 3.1 An illustration of the load profile inpainting problem.

Therefore, we introduce the BERT-based Profile Inpainting Network (BERT-PIN), a flexible
framework designed specifically for restoring multiple missing data segments within power system
load profiles. To adapt the standard Transformer model structure for profile inpainting, we divide
the load and temperature profiles into line segments, treating each segment as a word, the daily
profile as a sentence, and the weekly/monthly load profile as a paragraph comprising multiple
sentences. Furthermore, we integrate a top candidate selection process into BERT-PIN, allowing
it to generate a series of probability distributions. Based on these distributions, users can produce

multiple plausible imputed datasets, each reflecting varying confidence levels.

Although many machine-learning methods exist for restoring missing data, we selected the
BERT-based model for three primary reasons. First, BERT's bidirectional nature makes it adept at
capturing contextual information within time-series load profiles. Second, leveraging self-attention
mechanisms enables BERT to effectively capture long-range dependencies, enhancing its
performance in processing sequential data. Third, BERT's architecture outputs a sequence of

probability distributions, enabling the generation of multiple results.
Our contributions are summarized as following:

e First, to our knowledge, we are the first to introduce a BERT-based approach for power system

load profile inpainting. BERT-PIN surpasses the state-of-the-art by approximately 5%-30%.
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e Second, unlike existing methods, BERT-PIN can produce multiple data restoration candidates
with varying confidence levels. This feature is particularly valuable when exploring all

potential options is necessary to ensure algorithm robustness.

e Third, BERT-PIN can restore multiple MDSs within long-time windows. This flexibility
allows BERT-PIN to be used in Demand Response baseline estimation, as well as various

downstream tasks, such as load profile disaggregation [54] and super resolution [55].

The rest of the chapter is organized as follows. Section 3.2 introduces the methodology,
Section 3.3 introduces the simulation results in different cases, and Section 3.4 concludes the

chapter.
3.2 BERT-Based Missing Data Restoration Method Design and Implementation Details

In this section, we first introduce the load profile inpainting problem formulation. Then, the
BERT-PIN model architecture is illustrated in detail. Finally, the performance evaluation metrics

are defined.

3.2.1 BERT-PIN Problem Formulation

Define X,,, as a MDS (the green segment in Figure 3.2) in a time series load profile, X =

[x1, x5, ..., Xy ], Where N denotes the length of the time series.

A
.E Xm,l Xm,z Axm.Nm
3 = \/
Ground &3 /
Truth 3|5
a3 /
| 1 0 1 0 1 0 Tim|P
Mask
1 titart  tond tiart o tsl\i;';" te’\;md N
Ar """"""
é Xm,l Xm,Z/\Xm,N-n
Masked . [E
Load £ &
2|8 /
N, N, 4

1 1 2 2 .
tstart  tend tstart  tond torart tenmd Time

Figure 3.2 Illustration of missing data segments and masking methods.

As shown in Figure 3.2, if X contains Ny, MDSs, i.e., [Xp 1, X2 o Xip iy oos Xy, |, the

objective of the inpainting problem is to find a set of model parameters, 6, to recover all MDSs
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using the non-missing data X in X and the corresponding ambient temperature profile, T =

[x1, x5, ..., Xy] as inputs. So, the problem can be formulated as

—

Xm0 X 2o o Xomir oo X, | = fo(T.X) (3.1)

where X, ; is the i" recovered MDS.

Next, we will introduce the design of the proposed BERT-PIN model to address the problem

formulated above.

3.2.2 BERT-PIN Model Architecture Overview
As illustrated in Figure 3.3, the proposed BERT-PIN model comprises three fundamental

processes: input data adaptation, BERT model for recovering MDSs, and top candidate selection.
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Figure 3.3 An overview of the overall modeling framework. The illustration of the BERT was
inspired by [51]. It’s an example of sequence length N = 5.

________________________________________

Given the established efficacy of the BERT model structure in addressing NLP tasks, our

intention is not to alter the original BERT model architecture. However, as the BERT model is
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initially designed for processing NLP problems, its inputs are a sequence of word tokens.
Therefore, in the Inmput Data Adaptation process, we first align the load profile with its
corresponding temperature profile. Then, we divide the two aligned time-series profiles into
segments to generate the load and temperature embeddings, respectively. As depicted in Figures
3.1 and 3.3, each of these segments resembles a missing word in a sentence, thus rendering the

task of restoring missing data akin to recovering missing words within sentences or paragraphs.

During the Top Candidates Selection process, our objective is not to merely choose a single
candidate with the highest likelihood. Instead, we aim to generate multiple candidates that meet
predetermined confidence thresholds. This functionality enables BERT-PIN to generate an
ensemble of patching options for a MDS. This feature proves especially critical when confronted

with MDSs where several candidates display similar probabilities of being potential outcomes.
In the following sections, we will introduce those three main components in detail.

3.2.3 Data Adaptation
1) Preparation of Ground Truth Load Profiles

To prepare the training data, we collected smart meter data at 15-minute interval over a three-

year period (2018-2020) from 8000 customers in North Carolina. Let P; be the load profile for the
i user containing N data points. Initially, we select a starting time (ts4,¢) and calculate the end
time (tenq) of the time series by teng = tspare + N — 1. Next, we randomly draw Nyg44 (ranges
from 10 to 5000) load profiles (P) from the pool of 8000 load profiles and aggregate them into one
load profile. This step is repeated for 200 times to ensure diversity in the training data. Finally, we
normalize the aggregated load profile by its peak power (Py4x) to create the ground truth load
profile (X). This normalization ensures that X falls within the range of [0, 1]. This process can be

summarized as

1 N
X = Zi:igg Pi (tstart: tend) (3-2)

Pyax

Pyax = max ¥, "% p, (0:N) (3.3)

2) Preparation of Load Profiles with Missing Data

To generate the time series data with N,,, MDSs, we create a mask vector M for each X, so

that
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_ . _ (0, missing data
M = [m; fori=1:N],m; = {1,0therwise (3.4)
Then, the masked load profile, X™, can be represented as
X"=X-M (3.5

Note that we set all missing data segments to be 0 kW because all the aggregated power

values are greater than 0 kW, making it a unique value to be distinguishable.

3) Input Data Adaptation Layer

To align the BERT-PIN inputs with the BERT required format, we map the values in X™ to
integers between 0 to 200. Note that we chose 200 because it strikes a balance between the model’s
size and resolution. In our dataset with 2000 aggregation level, the power range is [210, 1751] kW,
as shown in Figure 3.4. So, the mapping provides a resolution of 8.755 kW.

The mapped load profile is embedded into a N X 200 matrix, represented by the load
embeddings (yellow boxes) in Figure 3.3. This data adaptation process allows the model to
generate a probability distribution for each data point, making it possible to generate an ensemble
of candidates. This transforms the missing data restoration problem, which is usually a regression

problem, into a classification problem.

To address the influence of temperature on load [56], we include the normalized ambient
temperature profile data, designated as T, as an additional modality input to assist in the recovery
of missing load data. T is subjected to normalization based on the highest and lowest annual
temperatures, ensuring that the normalized temperature values also range from 0 to 1. Then, T is

rescaled to the [0, 200] range using the same approach employed for load embedding.

Lastly, we combine X™and T embeddings together by element-wise addition to obtain the
final input matrix, the dimension of which is N X 200. As an illustration, we show the input data

adaptation process when N = 5 in Figure 3.3.

3.2.4 BERT Model

The combined embeddings of load and temperature can be directly fed into the BERT model
using its original model architecture introduced in [52]. Represent a data sequence as D =
{{k1,v.}, ... {ky,vy}}, where k and v are N tuples of keys and values, respectively. For a query
q, the attention [57] over D in the BERT model is formulated as

34



Attention(q,D) = ¥V, a(q, k) v; (3.6)
where a(q, k;) € R (i = 1, ..., N) are scalar values calculated through the dot product of the query
vector and each key vector. These weights, referred to as attention scores, are normalized to ensure
a sum of 1. This calculation is performed for every element in the input sequence. The output

vectors are combined to form the final output of the model.

When processing sequential data, using self-attention can selectively attend to different parts
of the input sequence based on their relevance to the given query vector. Thus, the BERT model
can effectively capture long-range dependencies to form a context for the sequence. This
significantly facilitates the recovery of the missing data because the context reflects the relevance
of all known data points from all modalities (e.g., load and temperature) with the missing data

points in those time-series profiles.

In the training, we use X! to calculate the cross-entropy losses [58] as

1

CrossEntropy = — Nzgzl Y1 x0clog (dy o) (3.7)
where C is the number of classes, x, . is the truth label denoting the power consumption value for
observation o, and d, . is the predicted probability observation o belonging to class c. N is the

length of the sequence.

Note that the objective of BERT-PIN is to effectively restore the missing segments in a load
profile, so we need to train the network to place more focus on restoring the MDSs. Thus, we

construct the loss function as
Loss =(1—2) CrossEntropy(X, Xt )

+2 * CrossEntropy (X, X (3.9)

where A is a hyper parameter for balancing between the global and local losses. Thus, (1 — 1) *
CrossEntropy(X, x! ) represents the global loss for assessing how well the whole load profile

can be restored, and A * CrossEntropy(X,,, X&,) represents the local loss for assessing how well

the MDSs are restored.

3.2.5 Top Candidates Selection Layer
As illustrated in Figure 3.3, we add a Top Candidates Selection process. Define the output
of the BERT model, O, as:
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0 = BERT(X™,T) (3.9)

where O is an N X 200 matrix.

We feed O into a classification layer, which comprises a fully connected layer followed by
a SoftMax layer, to obtain an N X 200 probability distribution matrix, D. Note that the i*" column
of D represents the probability distribution function (PDF) of the value of the i*" data point falling
within the range of 1 to 200.

D = Classification(0) (3.10)
Using D, we can generate an ensemble of curves for patching an MDS rather than outputting

just a single curve with the highest likelihood.

The conventional method for restoring the MDS from D is to use an argmax layer as

illustrated as the orange boxes in Figure 3.3 by

X! = argmax(D) (3.11)

where X1 is considered as the top-1 candidate.

Nevertheless, it is often necessary to explore the top-2 or even the top-3 candidates as
potential patching options to enhance the inclusion. As depicted in Figure 3.1, a single blank in a
sentence can have multiple possible words (i.e., "France", "Quebec" and "Cameroon") that fit the
context of the original sentence. When used for nationality identification, it becomes imperative
to supply a list of regions where French is spoken as an official language, ranked in order of

population size.

Similarly, there may exist multiple plausible curves for patching an MDS. The fop-1 method
depicted in (11) selects the candidate with the highest probability for each missing data point. If
the PDF of the missing data has a higher peak or are more narrowly concentrated around a
particular value (see the red PDF in Figure 3.4), this method may have a higher accuracy in
selecting the best candidate. However, when the PDF curve is a somewhat flattened one (see the
green distribution in Figure 3.4), selecting only the best candidate will greatly limit the inclusion

of the original missing data point.
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Figure 3.5 Illustration of the top-2 candidate selection process.

Therefore, we extend the top-1 method to the top-2 method, by comparing two selection
approaches. Note that this approach can be readily extended to top-X candidate selection by

repeatedly applying the same selection criterion.

Method 1: The simplest approach involves selecting the candidate with the second-highest
probability from each probability distribution to create an additional set of profiles. As illustrated
in Figure 3.5, the solid blue curve connecting the blue circles represents the curve generated by
the top-1 candidates, while the dashed blue curve connecting the blue triangles represents the

patching curve generated by directly selecting the top-2 candidates using Method 1.

However, Method 1 suffers from a significant drawback: it ignores the autocorrelation
among adjacent data points. In practical terms, selecting the second candidate may lead to shifts

in the probability density functions (PDFs) of subsequent missing data points.
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Method 2: To overcome the inherent limitation of Method 1, we propose an iterative
selection approach centered on the initial identification of "fork points". By using the identified
fork points as reference pivots, we can create the top-2 candidate curve accounting for the

autocorrelation among the subsequent data points.

Algorithm 1 /terative Top Candidates Selection.
Given the output of BERT-PIN D, find the fork points located on both the left and right sides of the top-1 curve.
Next, replace the top-1 values at the fork points with the top-2 values. Then, iteratively generate the remaining
missing data using top-1 values. Note that e is the threshold for selecting the fork points.
Letl = (tena — tseart)/2
for t = tyaret tstare + 1 do

# find the left fork point.

if top1(D;) — top2(D;) < e do

forkps =t
xmasked = jndex of top2(D,)
break

else

xmasked — index of top1(D,)
end for
fort = topg: tong — L do
# find the right fork point.
if top1(D;) — top2(D;) < e do
forkright =t
xmasked — jndex of top2(D,)
Break
else
xmasked = jndex of top1(D,)
end for

for k = forkierr — tseare: L do
o shift the daily profile by k steps to the left.
e feed shifted data into the BERT-PIN model.
D = BERT(XShifted, Tshifted)
e update the first unknown value in X™asked
xfrasked = index of top1(D'y,, )
end for

for k = tong — forkyign.: L do
o shift the daily profile by k steps to the right.
o feed shifted data into the BERT-PIN model.
D = BERT(XSMfted, Tshifted)
e update the last unknown value in X™asked
x;gg;’iekd = index of topl(D'tend)

end for

Use the final X™k¢4 a5 the restored top-2 load profile, X.
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Define the "right-side" (or "left-side") fork point as the first point, counting from the
rightmost (or leftmost) side of the MSD, where the probability difference between the top-1 and
top-2 candidates is less than e. As depicted in Figure 3.5, after identifying the fork points, we can
start an iterative process to estimate the top-1 values for the remaining missing data points, one at
a time, by shifting the load profile either forward or backward. This method ensures that the shifted
load profile maintains the same masking position as the original one, effectively capturing the shift

in PDFs for subsequent data points.

The resultant top-2 curve is shown by the red continues line in Figure 3.5 and the detailed

algorithm description is depicted in Algorithm 1.

3.2.6 Performance Metrics
The performance metrics used for evaluating the accuracy of the restored data segments are

calculated as

MPE =1 zgl"‘ft;j—e’f' (3.12)
RMSE = \/% YK (@ — xIM)?2 (3.13)
pkEg = (3.14)
vig = (3.15)
payE = EEt 2] (3.16)

FCE = 1 le |FFT(®TY)—FFT (x| (3.17)

K FFT(x[™)

where K is the total number of data points in the MDS, X represents the restored data segment,

M

x AX and xMIN

are the maximum and minimum power values in the MDS, respectively, and FFT
stands for Fast Fourier Transform. These indices offer insights into different aspects of errors,
including point-to-point errors, inaccuracies in peak and valley points, discrepancies in total energy

consumption, and errors within the frequency domain components.
3.3 Simulation Results
In this section, we evaluate BERT-PIN’s capability to recover varying numbers of MDSs in

different scenarios and compare it with three benchmark methods: LSTM [33], SAE [35], and
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Load-PIN [50]. The evaluation encompasses various aggregation levels and training data volumes.
Additionally, we assess the efficacy of the top-1 and top-2 candidate methods in CVR baseline

estimation to highlight the benefits of having several restoration alternatives at our disposal.

3.3.1 Data Preparation

The load profiles used in this study consists of 15-minute resolution smart meter data
obtained from 8,000 users (including residential, commercial, and industrial users) in North
Carolina between 2018 and 2020. The corresponding temperature data is downloaded from the
National Oceanic and Atmospheric Administration (NOAA) [59] website and is used as a second

modality input.

We randomly select a group of users from the pool of 8,000 and combine their data to form
aggregated load profiles. The selected group size ranges from 10 to 5000, to show the model’s
capability to deal with different scenarios. An example of the distribution of load values and daily
peak values in 2000 user aggregation level is shown in Figure 3.6. Moreover, to increase the data
diversity, the selection is repeated for multiple times. These aggregated load profiles are aligned
with the temperature profile and then normalized based on the annual load and temperature peaks,
respectively. Then, we partition the profiles into either daily (96 data points) or weekly profiles
(672 data points). Each missing load data segment is consistently set at 4 hours (16 data points), a
choice guided by the observation that around 70% of missing load data segments in actual utility
data are less than 4 hours in duration. It's important to note that there are no missing data segments
in the temperature profile. The dataset is divided into an 80% training set and a 20% testing set.

In the next sections, we will show the simulation results.

Load Values |

Daily Peak Values -

250 500 750 1000 1250 1500 1750
Power (kw)

Figure 3.6 Distribution of the 2000 users aggregated load values and daily peak values.

3.3.2 Restoration of One MDS
In this base case, we aggregate randomly selected 2000 users for 200 times. Our objective is

to evaluate the performance of BERT-PIN when restoring a single 4-hour MDS. The daily load
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profile, with a 4-hour gap, together with the temperature data of the same day is used as input. And
BERT-PIN restores the MDS. Several restored daily load profiles are shown in Figure 3.7, while
the corresponding performance metrics are depicted in Figure 3.8 and summarized in Table 3-2. It
is evident from the outcomes that BERT-PIN (represented by the red lines) exhibits the smallest
medians and ranges in this case. Furthermore, Table 3-2 provides the mean errors for each
distribution shown in Figure 3.7. The results clearly indicate that BERT-PIN achieves the lowest
errors and outperforms the benchmark methods by 5%-27% across all six indexes. This
demonstrates that our model consistently outperforms the existing approaches by higher missing

data patching accuracy.
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Figure 3.7 Examples of missing data restoration with central-mask using different models: SAE

(blue), LSTM (yellow), Load-PIN (magenta), BERT-PIN (red), and ground truth (green).
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Figure 3.8 Error distributions of different models: SAE (blue), LSTM (yellow), Load-PIN
(magenta), BERT-PIN (red).

41



Table 3-2 Errors of Single MDS inpainting

SAE (%) | LSTM (%) | Load-PIN (%) | BERT-PIN (%) | Improvement
MPE | 2.231 2.414 1.670 1.523 8.80%
RMSE | 1.035 1.112 0.7951 0.7404 6.88%
PKE | 1.065 0.8491 0.6183 0.5130 17.10%
VLE [0.8687 |0.8991 0.6185 0.5870 5.09%
EGYE | 1.525 1.762 1.165 0.8410 27.81%
FCE |2.138 2.046 1.615 1.509 6.56%

3.3.3 Expand the Simulation to Different Aggregation Levels and Different Data Sizes

1) Accuracy vs. Aggregation Level

In the preceding section, we maintained a fixed aggregation level of 2000. However, we now

extend the aggregation level range from 10 to 5000 to demonstrate BERT-PIN's ability to handle

diverse datasets.

The findings are illustrated in Figure 3.9. As the aggregation level rises, errors diminish. A

lower aggregation level typically implies greater randomness in the aggregated load profile, posing

challenges for MDS restoration by the models. Moreover, irrespective of the aggregation level,

BERT-PIN consistently demonstrates higher accuracy compared to the other three methods. This

showcased BERT-PIN's effectiveness across various load aggregation levels.
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Figure 3.9 Errors with different aggregation levels.
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1) Accuracy vs. Data Size

In this section, we assess how the size of the dataset affects training precision, taking the
aggregation of 2000 loads as a case study. The model is trained with datasets ranging from 10 to
400 sets of load profiles. As illustrated in Figure 3.10, a clear reduction in error rates is observed
as the dataset size expands from 10 to 50 sets of load profiles, after which the improvements
plateau. This suggests that aggregating data from 2000 randomly selected users and replicating
this aggregation 200 times to generate 200 aggregated load profiles yields adequate outcomes.
Expanding the dataset beyond this point does not significantly enhance model performance but

results in disproportionately extended training durations.

\

\’\n
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Figure 3.10 BERT-PIN errors with different training data sizes.

3.3.4 Top-2 Candidate Selection

As described in section 3.2, BERT-PIN has the capability to generate multiple restored load
profiles using Top Candidate Selection methods. In this section, we compare the two top candidate
selection methods discussed in section 3.2.5, taking the selection of the top-2 candidates as an

illustrative example. It's important to note that this method can be employed iteratively to choose

the top-X candidates.

The result is presented in Figure 3.11. BERT-PIN is the default fop-/ candidate where the
candidate with the highest probability value is selected. BERT-PIN 2 results are obtained using
Method 1, where candidates having the second highest probability is selected. BERT-PIN 2i
results are obtained using method 2, where an iterative method is used to select a fork point, based

on which, subsequent restoration candidates are selected.

The errors of top-1 candidate and top-2 candidate with different parameters are computed

and presented in Table 3-3.
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Figure 3.11 Examples of top-1 and top-2 restored MDSs.

Given that the process can be repeated for generating an ensemble of candidates for MDS

restoration, we proceed to assess the quality of the top-2 results by calculating the "percentage-of-

closer-points" (PoCP). This metric signifies the percentage of estimated points that are closer to

the ground truth when compared to those estimated using the top-1 method, indicating the potential

expansion of inclusion through the incorporation of the top-2 restored MDS.

Table 3-3 Errors of top-1 candidate, top-2 candidates and combined outputs (%)

BERT- BERT-

PIN PIN 2

MPE 1.523 1.744
RMSE 0.7404 0.9144
PKE 0.5130 0.5917
VLE 0.5870 0.9260
EGYE 0.8410 0.9582

FCE 1.509 1.942
PoCP - 45.12%

BERT-PIN 2i Combine
e=0.3 e=0.1 e=0.05 ¢=0.02

2.407 2.138 1.87 1.761 1.211
1.211 1.071 0.896 0.899 0.577
0.927 0.871 0.665 0.663 0.426
0.817 0.573 0.543 0.669 0.407
1.412 1.301 1.043 0.986 0.633
2.273 2.007 1.727 1.78 1.209

22.94% | 17.29% | 12.25% | 6.29% -

From the results shown in Table 3-3, we made the following observations:

e As expected, the result accuracy of the top-1 method is higher than the top-2 method.

e Nevertheless, the fop-2 method can generate points that are closer to the ground truth. This is

because the BERT output is generated based on probabilities, and the second-best candidate

could also be close to the actual missing data, just with reduced likelihood.
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e Compared with the direct top-2 candidate selection method, iterative ftop-2 candidate selection
method has lower PoCP. However, since the points selected independently lack autocorrelation

among adjacent points, we consider the results to be less valuable for time-series MDS.

e Among all iterative top-2 methods, when e = 0.5 (column highlighted in yellow), the PoCP is
the highest. This demonstrates that the fork point selection influences the range of inclusion.
When e becomes smaller, the iterative top candidate selection algorithm tends to identify a
fork point later. Consequently, the top-2 candidate curve closely resembles the top-1 candidate,

leading to identification of fewer “better” points.

e When we merge the top-1 and top-2 candidate by selecting the best value for each timestamp
(column highlighted in gray), the errors are even smaller than the top-1 result. This
demonstrates the benefit of incorporating both candidates when performing downstream tasks.
This advantage is reflected in the wider range of data encompassed because, with both curves,

we capture data points closer to the original missing data points.

Although the top-1 candidate delivers the highest accuracy, integrating either direct or
iterative approaches with top-2 candidates broadens the inclusiveness of missing data estimation.
Combining the top-1 and top-2 candidates enhances the robustness of our simulations beyond
what's achievable with only the top-1 candidate. This approach also showcases BERT-PIN's
capability to generate an ensemble of data segments for more comprehensive missing data

restoration.

3.3.5 Restoration of Multiple MDSs

In this section, we showcase the performance of BERT-PIN for restoring multiple MDSs
within a weekly load profile. This use case is essential for Conservation Voltage Reduction (CVR)
baseline estimation. CVR is a frequently adopted strategy among utility companies to manage peak
loads. During CVR events, the voltage on a distribution feeder is deliberately decreased by 2-4%
over a period ranging from 1 to 4 hours. CVR can be executed on multiple days in a hot summer
week or a cold winter week. As depicted in Figure 3.12, accurately assessing the actual load
reduction achieved through CVR often involves estimating the baseline energy consumption

(indicated by the red lines) that would occur in the absence of CVR implementation.
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Figure 3.12 An illustration of the CVR baseline estimation.
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To train BERT-PIN for CVR baseline estimation, we apply 4-hour masks targeting the peak

load periods within weekly load profiles. The number of masks is randomly selected between 1

and 7, thereby representing different numbers of CVR event days. The hyperparameters of the

BERT-PIN model remain consistent with those employed in the single-event scenario. As can be

seen from Figure 3.13 and Table 3-4, BERT-PIN outperforms all existing methods by a large

margin.

SAE

LST™
—— Load-PIN
—— BERT-PIN

= AR

—_— SAE
LST™M

—— Load-PIN

—_ BERT PIN

AN

—— Load-PIN
—— BERT-PIN

Figure 3.13 Missing data restoration examples: SAE (blue), LSTM (yellow), Load-PIN (magenta),
BERT-PIN (red), and ground truth (green).

Table 3-4 Errors of Multiple MDSs Inpainting

SAE (%) | LSTM (%) | Load-PIN (%) | BERT-PIN (%) | Improvement
MPE [ 7.615 6.389 5.168 4.837 6.40%
RMSE | 3.310 2.848 2.301 2.221 3.48%
PKE |3.362 2.193 1.769 1.746 1.30%
VLE [ 2.697 2.407 1.691 1.627 3.78%
EGYE | 4.874 3.822 3.257 2.699 17.13%
FCE | 6.828 5.601 4.808 4.501 6.39%
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This section demonstrates that BERT-PIN can effectively restore multiple missing data
segments and accurately estimate the baseline of demand response programs with CVR baseline

estimation serving as a practical case study.
3.4 Conclusion

In this study, we introduced a cutting-edge framework called BERT-PIN (Bidirectional
Encoder Representations from Transformers-based Profile Inpainting Network), leveraging the
advanced capabilities of the BERT model to restore multiple missing data segments within load
profiles. Our contributions can be summarized in three main aspects. First, to the best of our
knowledge, we are the first to introduce a BERT-based approach for power system load profile
inpainting, leading to higher accuracy. Second, unlike existing methods, BERT-PIN can produce
multiple data restoration candidates with varying levels of confidence, offering enhanced
flexibility in data recovery. Third, BERT-PIN can restore multiple missing data segments (MDSs)

within very long-time windows.

We tested our BERT-PIN model on different datasets from North Carolina, covering various
scenarios like different levels of data aggregation and dataset sizes. The results show that BERT-
PIN outperforming other methods by 5%-30% in accuracy for filling in both single and multiple
gaps in the data. Moreover, using a combination of the top-1 and top-2 predictions allows us to
predict missing data more comprehensively. Overall, BERT-PIN proved effective in specific tasks
like filling in weekly data gaps and demand response baseline estimation, outperforming

traditional methods in accuracy.

In our future research endeavors, we intend to apply the BERT model, already pre-trained,
to a variety of downstream tasks such as Super Resolution, Load Disaggregation, Anomaly
Detection, and Energy Forecasting. Our goal is to investigate how the attention mechanism and
contextual capabilities of BERT can enhance both the precision and reliability of these specific

tasks.
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4. FINE-TUNING LLM FOR MISSING DATA RESTORATION
4.1 Background

Machine Learning has been extensively used in power system load profile analysis tasks,
including missing data restoration, load forecasting, load disaggregation, and load profile
generation. Training a large machine learning model from scratch typically requires substantial
data and considerable training time. However, due to security and privacy concerns, utilities cannot
share vast amounts of load data with the research community for these analyses. As an alternative,
synthetic load profiles derived from real datasets have been used [60]. However, this approach also

requires significant effort in training generative machine learning models.

In this chapter, we propose using fine-tuned Large Language Models (LLMs) for load profile
analysis to address the challenges of data scarcity while reducing computational time and cost.
Initially trained on vast, diverse datasets, LLMs develop an extensive understanding of patterns
and relationships within data. By fine-tuning these models on specific tasks like load profile
analysis, we leverage their pre-existing knowledge, reducing the need for large, task-specific

datasets.

Fine-tuning is data-efficient, requiring only a small dataset to adapt the model to specific
tasks, a significant advantage when data is scarce, sensitive, or expensive. This approach also
demands fewer computational resources than training a model from scratch since it only adjusts a

portion of the model’s weight and is performed on smaller datasets [61].

Furthermore, fine-tuned LLMs offer the flexibility to adapt to various downstream tasks
without extensive reprogramming, allowing the same base model to be used for different analysis
tasks within the same field, such as load forecasting or missing data restoration. This flexibility
ensures high levels of performance even when large, comprehensive datasets are unavailable due

to privacy, security, or practicality concerns.

In this chapter, we will demonstrate how to fine-tune LLMs for conducting the missing data

restoration task, illustrating both the process and the benefits of our approach.
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4.1.1 Missing Data Restoration

Missing data is a common occurrence in load profile processing within power systems.
These data gaps often stem from temporary equipment malfunctions or deliberate human
interventions. Equipment malfunctions lead to periods without consumption measurements,
resulting in missing data segments. Conversely, operations like demand response (DR) and
conservation voltage reduction (CVR) do not directly interrupt consumption measurements but
make the baseline consumption level unknown. This baseline, representing the consumption level
if the operation were not implemented, constitutes another form of missing data. The absence of
load data significantly impacts power distribution system analysis, affecting tasks such as
modeling load behaviors, studying renewable integration, and designing demand response
programs. Therefore, developing an algorithm to restore missing data has become a crucial

solution to these challenges.

In the field of load profile inpainting, methods for restoring missing data can be broadly
classified into two categories: model-based and data-driven approaches. Model-based methods
utilize physical system models to simulate the missing data segments. For example, to estimate the
CVR baseline, researchers use distribution system topology and load models to predict load
variations in response to voltage changes [62]-[27]. These methods depend on accurate physics-

based models that require numerous inputs and careful parameter tuning.

The data-driven approach provides a comprehensive solution for restoring missing data and
has gained significant popularity due to its convenience. Researchers using this approach often
categorize load profiles based on factors such as day type, weather conditions, and shape
characteristics, then restore missing data segments by referencing load profiles with the closest
similarity [28]-[31]. These methods are straightforward, easy to implement, and explainable.
However, they often depend on subjective selections of similarity metrics and weights, typically
defined by human analysts using weighted averages of various factors, making the accuracy

contingent on the analyst's choices.

Recently, regression models have emerged as viable alternatives for load profile inpainting.
Models such as Linear Regression [32], Long Short-term Memory networks (LSTM) [33], Stacked
Autoencoder (SAE) [35], Gaussian Regression [37], Support Vector Regression (SVR) [38][39]

have been increasingly employed to address the missing data restoration problem. These models
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generally achieve higher estimation accuracy compared to similarity-based methods due to their
ability to capture nonlinear patterns in the data. However, it is important to note that deep-learning-
based methods are less explainable and incur higher computational costs compared to similarity-
based approaches. In recent years, hybrid solutions that combine multiple regression models have

been proposed for baseline estimation and missing data restoration [40]-[42].

Additionally, GAN-based methods have also been utilized for restoring missing load data
[44]-[50] and outperform model-based, similarity-based, regression-based, and other GAN-based
methods in restoring missing data segments (MDSs) of fixed length. Moreover, a Bidirectional
Encoder Representations from Transformers (BERT) based method is also employed to restore
missing data in a daily load profile [87]. This method outperforms all the existing load inpainting
methods in accuracy and can produce multiple data restoration candidates with varying confidence

levels. Consequently, we select it as the benchmark method in this chapter.

4.1.2 Application of LLM in Different Areas of Research

However, all the aforementioned methods are trained from scratch, necessitating a large
amount of training data and extended training time. To address this, we propose solving the load
profile inpainting problem by fine-tuning a Large Language Model (LLM). Fine-tuning is a
powerful technique that leverages the pre-trained knowledge and general language understanding
already present in the LLM. This allows for efficient adaptation to new tasks or domains with
relatively small amounts of additional data. Fine-tuning has been widely used to customize
language models for various applications. Table 4-1 provides a list of the main applications of

LLMs in different areas of research.

Although LLMs have been applied to various fields, their application in power systems is
still relatively limited. LLMs have been utilized in smart grid cybersecurity studies [101][102],
and J. Ruan et al. have discussed the potential security threats associated with applying LLMs to
power system [103]. However, research on using LLMs to restore missing data in power systems
and estimate DR baselines is lacking. Investigating how LLMs perform compared to specifically

designed missing data restoration models is a promising area of research.
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Table 4-1 Applications of Large Language Models in different areas of research

Field of application Tasks References | Main contribution
[88] Investigating example selection for In-Context
Learning to generate code effectively.
Code generation [89] Propose a novel prompting technique to
Software improve the performance of LLMs in code
. . generation.
engineering - - - - —
[90] Identify the mistakes in code by investigating
Self-Debug the execution re.sults and explaining the
generated code in natural language and
streamline the debugging process.
Calculations in [91] Encountered incorrect procedures, formulas,
Mechanical . or results. Showing that ChatGPT should not
. ) mechanical . . ) .
engineering . . be relied upon solving practical mechanical
Enei . engineering
ngineering problems.
Mathematical [92] Investigate the math@ma‘ucal c.apablhtlfzs of
. . ChatGPT by testing it on publicly available
Mathematical calculations
engineering datases.
Mathematical [93] Use ChatGPT as a tool for teaching and
education learning mathematics
Support design, [94] Propose a technology development roadmap to
manufacturing, and successfully integrate ChatGPT into the
engineering manufacturing industry.
Manufacturing education
. [95] Evaluated ChatGPT’s ability in technical
Manufacturing . . .
. matters, including printing parameters and bed
troubleshooting. : .
detachment, warping, and stringing issues.
Risk assessment, [96] Propose an end-to-end framework, FinGPT, to
. . algorithmic serve as a catalyst for stimulating innovation
Finance Risk assessment . . .
trading, and low- in the finance domain.
code development.
[97] Shows ChatGPT’s performance in the United
Assistant learning States Medical Licensing Exam (USMLE) was
medical and problem comparable to or exceeded the passing
education solving. threshold, indicating its proficiency in medical
knowledge without requiring specialized
training or reinforcement.
radiologic Al-based clinical [98] nghllghFlng' its 'fea51b_111‘ty and potential
.. . .. . benefits in improving clinical workflow and
decision-making | decision-making . . . .
ensuring responsible use of radiology services
Medical [99] ChatGPT’s performance did not significantly
differ from humans when answering genetics-
clinical eenetics Answer genetics- related questions. However, the model
£ related questions demonstrated better accuracy on
memorization-type questions compared to
questions requiring critical thinking.
Gathering patient [100] The recent popularity of LLMs can potentially
Patient care data, administering not only improve patient confidence in
surveys or interacting with such chatbots but also
questionnaires. improve upon the services provided.
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In this chapter, we propose a two-stage strategy to fine-tune the ChatGPT to minimize data
requirements in load profile analysis, demonstrated through the restoration of missing data in

power system load profiles. The contributions are three-fold.

e Pioneering Application: To the best of our knowledge, this is the first application of a fine-
tuned LLM to a specific power system data analytics task, specifically missing data restoration
and baseline estimation. The fine-tuned model achieves acceptable accuracy in missing data

restoration, comparable to state-of-the-art specifically designed models.

e Innovative Fine-Tuning Strategy: We introduce a two-stage fine-tuning strategy using few-
shot transfer learning. By leveraging a very small amount of training data, we can transfer the
knowledge from a general language model to the task of power system missing data restoration.

This approach significantly reduces the data needs and training time for load profile analysis.

e Empirical Evaluation: We evaluate the fine-tuned model using real smart meter data collected
from various households and conduct a comprehensive study on the effect of different fine-
tuning strategies. This offers valuable insights, including the importance of prompt
engineering, optimal utilization of fine-tuning samples, and the efficiency of few-shot learning.
These findings enhance understanding of model behavior and inform other load profile

analysis tasks.

The rest of the chapter is organized as follows. Section 4.2 introduces the fine-tuning
methodology, Section 4.3 introduces the simulation results in different cases, and Section 4.4

concludes the chapter.
4.2 Fine-Tuning LLM for Missing Data Restoration Method Design Details

This section begins by formulating the missing load profile restoration problem. We then
provide an overview of the proposed two-stage fine-tuning strategy, detailing its key components
and functionalities. Additionally, we introduce performance evaluation metrics that will be used as

benchmarks to assess the accuracy of the fine-tuned model.

4.2.1 Missing Data Restoration Problem Formulation
In this context an event refers to a missing data segment (MDS), visually depicted as the

green segment in Figure 4.1. The event is characterized by the starting time T:4,+ and the ending
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time Tppq. Let X = [xq, X5, ..., xy] represent a historical time series of load, where N denotes the

length of the time series. Consequently, X can be divided into three distinct parts:

X = [Xpre;Xevent' Xpost] 4.1)

where Xepent = [X1y,q00 1 XTppg)-

The objective of missing data restoration problem is to recover the missing portion of the
load, denoted as X,pen;, utilizing the pre-event load X,,,.. and post-event load X, In essence,

the missing data imputation problem can be defined as follows:

Xevent = f(Xpre»Xpost) 4.2)
where f is the mapping function.
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Figure 4.1 Illustration of missing data imputation problem.

Moreover, the event can also be an unknown Demand Response (DR) baseline or
Conservation Voltage Reduction (CVR) baseline. Because the DR or CVR baseline estimation is
to recover the would-have-been load profiles assuming the DR or CVR program had not been
executed, which can be considered as a special case of the missing data imputation problem. Thus,
the missing data imputation method proposed in this chapter can be applied to DR or CVR baseline
estimation, which is valuable for load service providers to evaluate the performance of DR or

CVR.

4.2.2 Fine-tuning Strategy Overview

Although many machine learning based methods can be used to restore missing data in load
profiles, we propose this Large Language Model fine-tuning method for two key reasons: First,
our method requires significantly less data and training time compared to models trained from
scratch, yet it achieves comparable accuracy in missing data restoration. Second, this approach
eliminates the need to design complex models and training processes. Instead, we only need to

develop a fine-tuning strategy based on the well-knownChatGPT-3.5 model.
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Figure 4.2 An overview of the two-stage fine-tuning strategy.

The overview of the two-stage fine-tuning strategy is illustrated in Figure 4.2. In the first
stage, the standard GPT-3.5 model is fine-tuned using data collected from 10 users similar to the
target user. An encoding method and prompt technique are employed to create the intermediate
model, GPT-FT-1. In the second stage, we further fine-tune this intermediate model using data
from the target user. Different sample sizes are tested in this stage to achieve the best fine-tuning

results.

4.2.3 I'' Stage Fine-tuning
In this section, we will outline the main steps involved in the first stage of fine-tuning. These
steps include data preprocessing, smart meter data-to-words encoding, prompt engineering, and

OpenAl fine-tuning.

1) Data Preprocessing
Unlike the BERT-PIN model [87] which utilizes data from 8000 users over a three-year
period, our first stage fine-tuning uses data collected from only 10 users over three months. The
load profiles are segmented into daily load profiles for this process. To generate the time series
data with MDS, we create a mask vector M for each X, so that

0, missing data

M = [m; fori=1:N],m; = {1 otherwise

(4.3)

Then, the masked load profile, X™, can be represented as
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Xm=X-M (4.4)
Note that we set all missing data segments to be 0 kW because all the power values are

within [210, 1751] kW, making “0” a unique value to be distinguishable.

To address the influence of temperature on load, we include the normalized ambient
temperature profile data, designated as T, as an additional modality input to assist in the recovery
of missing load data. X™ and T are subjected to normalization based on the highest and lowest
annual power value and temperatures respectively, ensuring that the normalized power and

temperature values range from 0 to 1. Then, X™ and T are rescaled to the [0, 200] range.

Load Values - |

Daily Peak Values

250 500 750 1000 1250 1500 1750
Power (kw)

Figure 4.3 Distribution of the load values and daily peak values.
2) Encoding Smart Meter and Temperature data to Words

ChatGPT is primarily a large language model, so our approach involves converting load and
temperature values into words that can be easily interpreted by ChatGPT. We propose an encoding

method to transform smart meter data and temperature values into words.

After data preprocessing, both load and temperature data are represented by integers between
0 and 200. We use a five-digit ternary code to represent each load or temperature value, with each
digit having three possible values: "0", "1", and "2". This five-digit ternary code can represent
3% = 243 different numbers, which is sufficient for our range. We then convert the ternary code
into a "word" by replacing "0", "1", and "2" with "L", "M", and "H", respectively. Missing values

are encoded as "OOOOQ" to distinguish them from actual data.

To further explore time alignment capabilities, we combine the load and temperature
encodings at each timestamp into a single long "word", where the first five letters represent the

load value, and the last five letters represent the temperature value.

An illustration of this load-temperature to "word" encoding is shown in Figure 4.4. The

example includes a sequence of three time points with a missing value in the middle. The load and
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temperature sequences are encoded into a long "word" sequence. This sequence is then fed into
ChatGPT using a proper prompting strategy (introduced in the next section) to obtain a restored
load "word" sequence. Finally, the restored load value is generated by decoding the restored

"word", which is the inverse process of encoding.

Missing value
1 t / t+1 1 t t+1
Load value (40) Temperature value 147 145 147
Load ternary ... 01111 Temperature ternary .. 12110 12101 12110
Load “word” ... 00000 Temperature “word” ... MHMML MHMLM  MHMML
[ Combine to long “words” ]
-1 / t g t+1 /
Long “word” MHMML QOO0O0OMHMLIM MHMML
( Prompting + ChatGPT ]
Qutput Load “word” LMMMM
Qutput Load value 40

¥— Restored value

Figure 4.4 An illustration of load-temperature to “word” encoding method.

In the simulation section, we will discuss the performance across different scenarios:
“encoded” versus “not-encoded”, and ‘“load-temperature-as-a-single-word” versus “load-

temperature-as-separate-words”.

3) Prompt Engineering
Prompt engineering is a methodology employed in the field of natural language processing
(NLP) to design effective prompts for language models like GPT-3.5. It involves crafting specific
instructions or queries that guide the model to generate desired outputs or responses. This process
requires understanding the capabilities and limitations of the model, as well as the nuances of the
task or domain for which prompts are being created. Effective prompt engineering can significantly
improve the performance and applicability of language models across various tasks, including

missing data restoration, demand response baseline estimation, and more.
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In the power system demand response baseline estimation task, as shown in Figure 4.5 (a),
we structure the prompt in a multi-turn chat format. The conversation follows the format defined
by OpenAl [104], consisting of a list of messages where each message has a role and content. The
"user" is the person interacting with ChatGPT, and the "assistant" represents ChatGPT. Initially,
the user informs the assistant about the task and explains how the data is defined. Then, the user
provides the encoded data as requested by the assistant. Finally, the assistant estimates the missing
data and outputs the complete load encodings, which can be decoded to generate the complete load

profile.

Combining load and temperature into a single long encoding is optional. We can also provide
load and temperature encodings separately, as illustrated in Figure 4.5 (b). The comparison

between these two prompting methods is discussed in the simulation results section.

A multi-turn chat, as shown in Figure 4.5, serves as a data sample for fine-tuning. A
collection of such data samples constitutes a fine-tuning dataset, which is used to fine-tune
ChatGPT. Once fine-tuning is complete, ChatGPT will be able to understand the inherent
correlations between the missing parts and the rest of the load data, enabling it to perform missing
data restoration and demand response baseline estimation. For testing purposes, the testing set is

prepared in the same format, with the last message in each multi-turn chat removed.

load profile with missing segments and a complete”

cw

a
y temperature profile, estimate the missing portions of

"the load profile. The load and temperature data are provided"
"jointly. Each value for load and temperature is encoded as a"
"ten-digit word in ternary format. The first and
"digits represent load and temperature, respecti
"load values are represented by 00000. Please pr
"estimated load profile in the same format and length."},
"role": "assistant",
"content": "What's the encoded data?"},
"role": "user",
"content"”: long_encodings},
"role": "assistant",
"content": completion
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"content":"Given load profile with missing segments and a complete"

cw

a
"daily temperature profile, estimate the missing portions of

"the load profile. The load and temperature data are provided"

"separately and exhibit a correlation. Each value for load or"

"temperature is encoded as a five-digit word in ternary format."
"Missing load values are represented by 00000. Please provide"
"the estimated load profile in the same format and length."},

"role": "assistant",

"content”: "What's the encoded load profile?"},

"role": "user",

"content”: load_encodings},

"role": "assistant",

"content”: "What's the en

"role": "user"”,

"content”: temperature_encodings},

"role": "assistant",

"content”: completion

(b)

Figure 4.5 Prompting methods used in missing data restoration. (a) load-temperature-as-a-single-
word. (b) load-temperature-as-separate-words.

4) OpenAl Fine Tuning

Fine-tuning is a powerful technique because it leverages the knowledge and general
language understanding already present in the pre-trained model, allowing for efficient adaptation
to new tasks or domains with relatively small amounts of additional data. It has been widely used

to customize language models for a wide range of applications.

Fine-tuning in the context of OpenAl's language models involves adjusting a pre-trained
model on a specific dataset or task to improve its performance for that particular use case. When
fine-tuned, the model's parameters are updated based on new data, allowing it to adapt to the

specifics of the task or domain.

For example, with GPT-3.5, fine-tuning involves providing additional training data related
to a specific task, such as missing data restoration or demand response baseline estimation, and

then adjusting the model's parameters through further training on this data. This process helps the
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model learn task-specific patterns and nuances, ultimately enhancing its ability to perform well on

the given task.

To create a fine-tuning job with OpenAl, we first upload the fine-tuning dataset created in
the previous section, then initiate the fine-tuning job through the Fine-tuning User Interface [105]
or programmatically. The OpenAl platform will then fine-tune the specified model using the
provided dataset and generate the fine-tuned model. In our fine-tuning job, we experimented with
different numbers of samples in the dataset. These data sizes are relatively small compared to those
used for training a traditional machine learning model from scratch. The performance evaluation

of different fine-tuning data sizes will be presented in the simulation results section.

4.2.4 2" Stage Fine-tuning
In the second stage, we use an even smaller amount of data from the target user, whose
pattern is similar to the 10 users used in the first stage, to further fine-tune the model obtained from

the first stage.

Fine-tuning is a powerful technique because it leverages the knowledge and general
language understanding already present in the pre-trained model, enabling efficient adaptation to
new tasks or domains with relatively small amounts of additional data. The first stage fine-tunes
ChatGPT from a general language model to a specific missing data restoration model for a group
of users. The second stage then adapts this model for the target user, effectively narrowing the gap
between a general model and a highly specialized model, making the fine-tuning process smoother.
If we were to fine-tune ChatGPT directly with data from the target user, the limited data availability

would prevent the model from performing well.

The data preprocessing, encoding, and prompt engineering techniques used in this stage are
the same as those in the first stage. We also experimented with different numbers of samples for
the second stage fine-tuning, resulting in varying levels of missing data restoration accuracy.
Additionally, we attempted to fine-tune ChatGPT directly with data from the target user. The

results of these experiments will be presented in the simulation results section.

4.2.5 Evaluation Metrics
The performance metrics used for evaluating the accuracy of the restored data segments are

calculated as
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where K is the total number of data points in the MDS, and X represents the restored data segment.
These indices offer insights into different aspects of errors, including point-to-point errors and

discrepancies in total energy consumption.
4.3 Simulation Results

In this section, we assess the ability of the fine-tuned large language model to recover
missing data segments (MDS) under different scenarios and compare it with the benchmark
method BERT-PIN [87]. The evaluation encompasses diverse fine-tuning scenarios and variations
in training data volumes, providing valuable insights into fine-tuning Large Language Models for
tasks in power system data analytics. Lastly, we discuss applying the proposed method to other

power system data analysis tasks, such as load forecasting.

4.3.1 Data Preparation

The load profiles used in this study consists of 15-minute resolution smart meter data
obtained from 11 users in North Carolina in summer 2018. The corresponding temperature data is
downloaded from the National Oceanic and Atmospheric Administration (NOAA) [59] website

and 1s used as a second modality input.

These load profiles are aligned with the temperature profile and then normalized based on
the overall load and temperature peaks, respectively. Then, we partition the profiles into daily (96
data points) profiles. Each missing load data segment is consistently set at 4 hours (16 data points),
a choice guided by the observation that around 70% of missing load data segments in actual utility
data are less than 4 hours in duration. It's important to note that there are no missing data segments

in the temperature profile. The dataset is divided into an 80% training set and a 20% testing set.

4.3.2 Evaluation of 1*' Stage Fine-tuning
In the first stage of fine-tuning, the standard GPT-3.5 model is fine-tuned using data collected
from 10 users. These users are evenly distributed between the fine-tuning and testing datasets.

Subsequently, the fine-tuned GPT model is utilized to restore a 4-hour missing window in a daily
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load profile. BERT-PIN [87] is chosen as the benchmark method due to its superior performance
in power system missing data restoration compared to other existing methods. Figure 4.6 presents
several restored daily load profiles. Upon visual inspection, it is evident that the fine-tuned GPT
model (represented by the red lines) achieves comparable performance with BERT-PIN
(represented by the blue lines). The missing data segments restored by both methods closely

resemble the ground truth.

— GPT-FT — GPT-FT
—— BERT-PIN BERT-PIN
— GT GT

—— GPT-FT GPT-FT
—— BERT-PIN BERT-PIN
— GT GT

Figure 4.6 Examples of missing data restoration by fine-tuned model and benchmark model.

To quantitatively evaluate the accuracy of the fine-tuned model, we explored various
scenarios. Before delving into these scenarios, it's important to clarify some concepts. A sample
refers to a multi-turn chat message depicted in Figure 4.6, representing one daily load profile.
"Advanced prompt" is a prompt method introduced in section 4.2.3, while "non-advanced prompt"
implies the absence of detailed explanation information in the message, making it challenging for
GPT to comprehend the encoding strategy and data features. "Discard encoding" refers to replacing
load and temperature encodings with integers. "Abnormal days" are those when there is a sudden
drop in temperature, which could affect the quality of the fine-tuning data, particularly during

summer.
The experiment comprises seven scenarios:

Scenario 1: Fine-tune with 128 samples, using a non-advanced prompt, and combining load data
and temperature data in the input. The encoding method is employed, and abnormal days are not

removed.

Scenario 2: Similar to scenario 1, but with the number of samples increased to 256.
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Scenario 3: Similar to scenario 2, but with the number of samples further increased to 512.

Scenario 4: Similar to scenario 3, but adopting the advanced prompt method introduced in section

4.2.3.

Scenario 5: Similar to scenario 4, but with load encoding and temperature encoding separated in

the input, as shown in Figure 4.5 (b).

Scenario 6: Similar to scenario 5, but removing the encoding part, and directly using integers

representing load and temperature values as input.
Scenario 7: Similar to scenario 6, but removing abnormal days from the fine-tuning dataset.
Based on the results presented in Table 4-2, the following observations were made:

e Across scenarios 1-3, using more samples in the first stage fine-tuning leads to higher accuracy.
Increased data coverage enables the fine-tuned model to better capture various load patterns,
thus enhancing its capability in missing data restoration. The selection of 512 samples was
based on data availability, with each user contributing about 50 samples from the 86 summer
days, leaving the remainder for testing purposes. Thus, 512 is selected as the number of

samples in the following scenarios.

e Scenario 4, which employs an advanced prompt, yields lower errors. The detailed information
about the task description, encoding strategy, and output constraints provided in the advanced
prompt aids GPT in understanding the correlations between load and temperature as well as

contextual information within load sequences, thereby improving the model's performance.

e Scenario 5, where the load encoding and temperature encoding are presented in a two-turn
chat, instead of in one single long encoding, simplifies the encoding format. Because GPT
model does not need to identify which part of the long encoding represents load and which part

represents temperature. Therefore, scenario 5 further decreases the restoration error.

e Inspired by the success of scenario 5, scenario 6 removes the encoding mechanism entirely,
replacing load and temperature encodings with normalized integers. This results in further

performance improvement, indicating that ChatGPT can comprehend direct numbers better
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than encoded "words". Because these “words” have not appeared in ChatGPT’s training

dataset, it’s hard to make ChatGPT understand it by fine-tuning with a small amount of data.

In scenario 7, abnormal days with sudden temperature drops are removed from the fine-tuning
dataset. This mitigates the adverse effect of temperature drops on power consumption, which
makes the model's parameters be updated to another direction. Consequently, the removal of

abnormal days leads to a further increase in missing data restoration accuracy.

Despite the decreasing errors observed from scenario 1 to scenario 7, the performance remains
slightly below that of the benchmark model BERT-PIN [87]. BERT-PIN is a BERT-based
model that has been trained from scratch using a significantly larger dataset, comprising
approximately 220,000 samples collected from 8,000 users over three years, with a training
duration of 6-8 hours. In contrast, the proposed fine-tuned model only requires 512 samples
collected from 10 users over three months, with a fine-tuning time less than 1 hour. Despite
using fewer resources, the fine-tuned model achieves acceptable performance. Moreover,

further performance improvements are expected in the second stage of fine-tuning.

Table 4-2 Missing data restoration in different scenarios

4of | Advanced Separate Discard Remove Errors (%)
Load & ) abnormal

samples| prompt temperature Encoding days MPE | RMSE | EGYE
Scenario 1| 128 N N N N 5.609 | 4.513 | 4.303
Scenario 2| 256 N N N N 4.609 | 3.816 | 3.652
Scenario 3| 512 N N N N 4.59 | 3.795 | 3.547
Scenario 4| 512 Y N N N 3.806 | 3.027 | 2.987
Scenario 5| 512 Y Y N N 3.266 | 2.656 | 2.469
Scenario 6| 512 Y Y Y N 2.48 | 2.029 | 1.639
Scenario 7| 512 Y Y Y Y 2221 | 1.977 | 1.443
BERT-PIN| ~220K - - - - 1.612 | 0.699 | 0.887

4.3.3 Evaluation of 2" Stage Fine-tuning

In the first stage, GPT-3.5 undergoes fine-tuning with data collected from 10 users (user0 —

user9), resulting in the generation of the fine-tuned model GPT-FT-1. Subsequently, in the second
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stage, GPT-FT-1 undergoes further fine-tuning with data collected from a target user, distinct from
the users utilized in the first stage (user10 - user19). It's important to note that only one target user
is employed in the second stage fine-tuning, with the experiment being repeated using 10 different

target users to assess the reliability of the fine-tuning strategy.

In the second stage fine-tuning, varying numbers of samples ranging from 10 to 50 are
utilized to investigate the requisite sample size. This exploration is particularly advantageous in
scenarios where suitable training data is scarce. Additionally, the performance of the GPT-FT-1
model without the second stage fine-tuning is evaluated on the target user to demonstrate the
transferability of the first stage fine-tuned model. Furthermore, attempts are made to fine-tune the
original GPT-3.5 model solely with data from the target user. In this scenario, 68 samples from the
target user are utilized for fine-tuning, with the remaining 18 samples reserved for testing purposes.
The setup of this scenario, depicted in Figure 4.7, serves to illustrate the necessity of the proposed

two-stage fine-tuning strategy, particularly in cases where suitable training data is scarce.

1t stage 2rd stage
fine-tuning fine-tuning
GPT-35 ooy GPT-FT-1 —————————) GPT-FT-2
512 samples from 10-30 samples
10 users from 1 user

1-step fine-tuning

GPT-FT-3
68 samples from 1 user

Figure 4.7 An illustration of fine-tuning the original GPT-3.5 model solely with data from the target
user.

Table 4-3 Errors of Second Stage Fine-Tuning

GPT-FT-2 fine-tuned with GPT-FT-1
Target | Errors | different numbers of samples (W/O 2™ stage) (?\l;v];_olﬂ;?
Users |0 | 4o | 20 | 30 | 40 | so [ Testom | Testom |t
target user | user0-9
MPE |2.245|2.277|2.428 | 2.395 | 2.361 2.497 2.221 2.983
User10 | RMSE |1.988/1.969|2.014| 2.094 | 2.140 | 2.182 1.977 2.772
EGYE |1.501|1.513|1.599| 1.604 | 1.637 1.843 1.443 2.461
MPE |2.206|2.168|2.416| 2.352 | 2.549 2.77 2.221 3.216
Userll |[RMSE [1.911]1.887|1.957|2.008 | 2.164 | 2.438 1.977 2.837
EGYE |1.499]1.453|1.534| 1.649 | 1.692 | 2.103 1.443 2.524
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MPE |2.276|2.453|2.483 | 2.533 | 2.676 | 2.441 2.221 3.068
Userl2 |RMSE |1.962]1.997/2.016| 2.147 | 2.163 | 2.206 1.977 2.649
EGYE [1.524(1.517|1.567| 1.599 | 1.643 1.784 1.443 2.581
MPE |2.382|2.448|2.565| 2.604 | 2.412 | 2.503 2.221 2.979
Userl3 | RMSE |2.009|2.018(2.097| 2.105 | 2.166 | 2.263 1.977 2.729
EGYE [1.587|1.589[1.535| 1.673 | 1.749 1.958 1.443 2.441
MPE [2.318]2.248|2.558 | 2.48 | 2.336| 2.673 2.221 3.110
Userl4 | RMSE [1.997]|1.948|2.021| 2.134 | 2.196 | 2.273 1.977 2.811
EGYE [1.472(1.499/1.514| 1.731 | 1.887 | 2.094 1.443 2.687
MPE [2.314|2.273{1.999| 2.088 | 2.116 | 2.528 2.221 2.914
Userl5 |RMSE |1.964/1.897/1.846| 1.943 | 2.155| 2.364 1.977 2.761
EGYE |1.507(1.414]1.634| 1.697 | 1.805 1.833 1.443 2.416
MPE |2.186|2.302{2.418| 2.336 | 2.237 | 2.767 2.221 3.131
Userl6 | RMSE |1.885|1.934/2.149]| 2.261 | 2.381 2.419 1.977 2.828
EGYE |1.455[1.393/1.620| 1.678 | 1.803 1.972 1.443 2.338
MPE [2.453|2.323/2.681| 2.698 | 2.536 | 2.625 2.221 3.401
Userl7 |RMSE |2.012|2.244/2.198 | 2.265 | 2.337| 2.397 1.977 2.945
EGYE |1.572({1.461|1.628| 1.724 | 1.796 | 2.007 1.443 2.367
MPE [2.466|2.449/3.019| 2.466 | 2.777 2.92 2.221 3.274
Userl8 | RMSE |2.194/2.130/2.248 | 2.555 | 2.730 | 2.615 1.977 2.716
EGYE |1.419/1.527/1.699| 1.647 | 1.933 | 2.118 1.443 2.592
MPE ]2.693|2.598|2.474| 2.662 | 2.856 | 2.644 2.221 3.392
Userl9 | RMSE |2.248|2.267/2.101| 2.377 | 2.409 | 2.529 1.977 2.779
EGYE |1.623(1.584]1.770| 1.764 | 2.008 | 2.177 1.443 2.486

Based on the results presented in Table 4-3, the following observations were made:

Contrary to common intuition, the performance of the second stage fine-tuned model does not
improve with an increase in training data. Instead, optimal accuracy is achieved with 10 to 30
fine-tuning samples, while adding more samples (40 or 50) leads to decreased performance.
This suggests that the GPT-FT-1 model, following the first stage fine-tuning, has grasped the
underlying principles of the missing data restoration task in general user cases. Consequently,
only a small number of samples are required for effective transfer of knowledge from general

users to a specific target user, with additional data being redundant and detrimental to accuracy.

Testing GPT-FT-1 on the target user yields increased errors compared to testing it on users0-9.

This discrepancy arises because GPT-FT-1 is fine-tuned with data from users0-9, resulting in
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better performance for these users. However, even when tested on data from a new user, GPT-
FT-1 still achieves acceptable accuracy, indicating that the first stage fine-tuning endows GPT-
FT-1 with a general understanding of the missing data restoration problem, thereby possessing

potential for further fine-tuning to enhance performance.

e Compared to testing GPT-FT-1 without the second stage fine-tuning on target user (second
column from the right of Table 4-3), the second stage fine-tuned model GPT-FT-2 exhibits
improved accuracy for all target users. This underscores the effectiveness of the second stage
fine-tuning in tailoring the model to the target data, successfully transferring the general
understanding of missing data restoration to the specific user context with minimal labeled

examples.

e Direct fine-tuning of the original GPT-3.5 model with 68 samples from the target user results
in inferior performance compared to all other cases. While increased training data would likely
improve accuracy significantly, such an approach is impractical in scenarios of data scarcity.
In contrast, the two-stage fine-tuning strategy addresses this challenge by leveraging data from
other users over a shorter timeframe, circumventing the need for extensive data collection from

the target user over a prolonged period.

4.3.4 Cost Analysis

The fine-tuning strategy proposed in this chapter is executed through the OpenAl API. We
upload the prepared fine-tuning data onto the OpenAl platform and initiate a fine-tuning task. The
platform then proceeds to fine-tune the specified model with the uploaded data, generating the
fine-tuned model. The cost associated with this process varies depending on the number of samples

utilized in the fine-tuning process.

As depicted in Figure 4.8 (a), employing more samples results in a higher number of tokens
trained by the platform. According to pricing information sourced from OpenAl [107], the cost
amounts to $8 per 1M tokens trained. Consequently, the training cost for different sample sizes is
illustrated in Figure 4.8 (b). For instance, fine-tuning with a dataset comprising 512 samples would
incur approximately $13 in training costs. It's important to note that this cost solely pertains to the
fine-tuning process; testing costs are calculated separately but are relatively lower compared to

training expenses, hence not depicted in Figure 4.8.
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One of the key advantages of utilizing fine-tuning is its time efficiency. Fine-tuning 512
samples takes merely 1 hour to achieve acceptable results. This stands in stark contrast to the hours
required to train a specific model from scratch. Therefore, fine-tuning represents a trade-off

between marginal performance improvements and computational resource consumption.
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Figure 4.8 The cost of fine-tuning versus number of samples.

4.4 Conclusion

In conclusion, this chapter introduces a novel approach using fine-tuned LLMs for load
profile analysis, exemplified by the missing data restoration task. We adapted the pre-trained GPT-

3.5 model for power system load analytics through a two-stage fine-tuning process. Our empirical
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results demonstrate that the fine-tuned model restores missing data with accuracy comparable to

advanced models like BERT-PIN.

Key insights include the effectiveness of using a minimal number of fine-tuning samples,
which underscores the efficiency of few-shot learning. Additionally, advanced prompt engineering
and separate encoding of load and temperature data significantly enhance model performance. The
fine-tuning strategy proved to be cost-effective and time-efficient, presenting a viable alternative

to training models from scratch, especially in data-limited and resource-scarce settings.

Future work from this research will focus on extending the application of LLMs to additional
power system load analysis tasks, including load forecasting, load disaggregation, customer

segmentation, and synthetic data generation.
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5. GENERATIVE AI-BASED POWER SYSTEM EVENT DETECTION USING
SYNCHROPHASOR DATA

5.1 Background

With the growing penetration of renewable energy, increasing system complexity, and tighter
operating margins, the need for real-time, accurate, and robust detection of power system
disturbances has become critical. Synchrophasor data, collected via Phasor Measurement Units
(PMUgs), offers high-resolution, time-synchronized measurements that are ideal for monitoring
system dynamics and enabling early warning of abnormal events. However, effectively analyzing

such data at scale remains a significant challenge.

Existing approaches to PMU event detection can be broadly categorized into signal
processing-based and data-driven methods. Traditional signal processing techniques, such as
wavelet transforms [108], short-time Fourier transforms [109], and principal component analysis
(PCA) [110], detect events by examining frequency-domain components or low-rank subspace
deviations in raw PMU data. Other methods employ correlation coefficient matrices [111] or
singular value decomposition (SVD) [112] to capture spatial correlations and structural changes.
While effective in some settings, these rule-based methods typically depend on manually defined
features, thresholds, and fixed-time windows, which limit their adaptability and accuracy for

detecting diverse event types.

To improve generalization, supervised learning models have been introduced, including
decision trees [113], convolutional neural networks (CNNs) [114][115][116][117], and hybrid
models such as autoencoders with LSTMs [118][119]. These approaches require both positive and
negative labeled samples, which can be difficult to obtain in realistic grid environments,
particularly for rare or emerging event types. Furthermore, many supervised models rely on
extracted features rather than directly utilizing raw PMU signals, potentially losing critical
temporal and spatial resolution. The recent use of GANs for PMU event detection [120] marks a
shift toward unsupervised generative modeling, but conventional GANSs face limitations in training

stability and latent space interpretability.
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To address these limitations, this chapter proposes a novel event detection framework based
on Variational Autoencoder—Generative Adversarial Networks (VAE-GAN) using raw PMU data.

Our method provides several key advantages:

e No manual feature definition: The model learns directly from raw multivariate PMU

waveforms.

e Unsupervised learning: Only normal (non-event) data is needed for training, improving

scalability.

e Detection of unknown event types: The model generalizes to event types not seen during

training.

o Flexible temporal-spatial modeling: It can detect long-duration and spatially distributed events

across multiple PMUs, overcoming the rigidity of fixed-window models.

The proposed architecture is evaluated using real-world synchrophasor data across a wide
range of event types, including line trips, faults, and oscillations. Experimental results demonstrate
the superiority of our model over baselines in terms of the capability to identify a wide range of

power system events, including those that are often missed by conventional methods.

The remainder of the chapter is organized as follows: Section 5.2 provides a detailed
overview of the proposed method. Section 5.3 illustrates the simulation results on event detection.

Finally, section 5.4 concludes the chapter.
5.2 VAE-GAN Based Event Detection Method

This chapter leverages the representational power of VAEs to learn a compact latent space
of normal operating conditions in PMU time series and utilizes a GAN-style discriminator to
enhance the model’s ability to distinguish between real and synthetic (reconstructed) PMU data.
Additionally, the inclusion of a sliding window—based temporal segmentation mechanism enables
the framework to monitor extended periods of time and detect evolving or long-lasting events that

may not be evident from instantaneous or short-window analyses.
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5.2.1 Signal Selection and Data Pre-processing
In the synchrophasor data, there are many signals that are available for event detection. After
extensive testing with field recorded synchrophasor data, inventors found that the following signals

provide the best detection performance:
* Voltage magnitude at phase A
* Voltage magnitude at phase B
* Voltage magnitude at phase C
* Positive sequence current magnitude
* Frequency
* Rate-Of-Change-Of-Frequency (ROCOF)

Then, the selected signals for the nt* PMU are normalized by

vn

Vpy = e (5.1)
Vhorm = Vpu — mean(v{}u) (5.2)
Inorm = im — mean(ip) (5.3)
fraorm = T —mean(f™) (54

Where v" is the phase voltage magnitude, v, is the rated voltage at the measurement
point, iy, is the positive sequence current magnitude, and f" is the frequency. In this way, the
normalized signals values are distributed around zero no matter the original voltage or current

levels.

5.2.2 Event Detection via VAE-GAN

This study utilizes a deep learning—based approach to detect power system events by
modeling normal system behavior with a Variational Autoencoder—Generative Adversarial
Network (VAE-GAN). As illustrated in Figure 5.1, the system consists of three major components:

Encoder, Decoder/Generator, and Discriminator.
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The encoder network receives the normalized PMU measurements at a 5-second length. It
outputs two vectors: mean vector y, and standard deviation vector g. A latent vector z is then

sampled using the reparameterization trick:
z=pu+o0-e, wheree~N(0,1) (5.5)

The Decoder/Generator reconstructs a signal G(z) from the latent representation. This

reconstruction is compared to the original input to detect anomalies.

The Discriminator network receives both the original PMU signal and the reconstructed
signal. It is trained to distinguish the difference between real and reconstructed samples, thereby

enhancing the generator’s realism.

Under normal operating conditions, the model learns to accurately reconstruct time-series
data from phasor measurement units (PMUs), resulting in consistently low reconstruction and
discrimination errors. However, when an abnormal event occurs—such as a fault, oscillation, or
disturbance—the input pattern deviates from the learned distribution of normal behavior. As a
result, the model’s reconstruction becomes less accurate, and the discriminator identifies the
difference more sharply, leading to a significant increase in error metrics. These deviations are
used to flag and detect power system events in real time, providing a data-driven, unsupervised

framework for enhancing grid situational awareness and resiliency.
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(a) VAE-GAN Architecture.
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Figure 5.1 VAE-GAN for PMU event detection

5.2.3 Loss Function Designation

Reconstruction Loss that measures the difference between original and reconstructed signals

using a hybrid of MSE and a max-penalty term:

Lrecon = 3 ZiLllx; — G(@)I? + max (|lx; — G()))

KL Divergence Loss that regularizes the latent space:

Liw = =32(1 +1og(6?) — u? = 0?)

Adversarial Loss that encourages realism in the reconstructed output:

Loay = —]E[lOgD(G(Z))]

The total loss for training the VAE-GAN model is:

Lyag-can = Lrecon T MLk + 12Lgaw

Where A, and A, are scaling coefficients.

The discriminator D itself is trained using:

5.2.4 Decision Metrics

Lp = —E[log D(x)] — E[log(1 — D(G(2))]

(5.6)

(5.7)

(5.8)

(5.9)

(10)

Each sample is evaluated by two errors: reconstruction error €., and discriminator output

error ep. Those two values are jointly used to score the time window. As shown in Figure 5.1,

events are expected to deviate from the normal data cluster in a 2D feature space defined by €,.0con

and ep, enabling both threshold-based and classifier-based detection mechanisms.
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An event is detected if the metrics meet the following criteria:

Arecon " €recon T AD “ép > 1 (5-11)

Where 7, is the threshold for event detection, A,..,, and A are the weights for the two errors,

respectively.

5.2.5 Sliding Window-based Processing

A hierarchical sliding window mechanism is incorporated to enable continuous and long-
term monitoring of power system events using phasor measurement unit (PMU) data streams. This
mechanism is essential to the temporal structure of the method, allowing it to detect both short-

duration transient and slow-developing system events over extended periods.
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Figure 5.2 A two-level sliding window mechanism

As shown in Figure 5.2, the mechanism operates on two levels:

Primary Windowing — VAE-GAN Inference per PMU: A larger time window (e.g. 1
minute) of PMU data is segmented into smaller overlapping windows (e.g. 5-second segments
with 1-second steps). Then, each short segment is independently processed by the VAE-GAN
model to generate reconstruction error and discriminator error. Third, the combined error is
compared against a threshold 7,. If it exceeds this threshold, the segment is flagged as abnormal
for that PMU stream. This process is repeated across multiple PMU channels, forming a 2D binary

anomaly matrix representing spatial-temporal detection flags for each segment and PMU.
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Secondary Windowing — Spatiotemporal Aggregation: A second level sliding window
(e.g., 1-second steps across the matrix) scans the binary detection matrix generated above. Within
each time-aligned slice (i.e., row), the maximum number of consecutive abnormal flags is
calculated. If the result exceeds the secondary threshold 7,, that time slice is flagged as suspicious.
This results in a sequence of binary indicators across PMUSs. A final event detection decision is
made by applying a third threshold 75 on the accumulated event flags, allowing for confirmation

of persistent or impactful events.

This multi-resolution sliding window framework is not simply a pre-processing step — it is
an integral part of the framework’s ability to detect events that unfold gradually across PMUs,
capture temporal continuity in disturbances, and reduce false positives by incorporating
spatiotemporal correlations. By structuring the input this way, the method ensured robust detection

of both localized and system-wide anomalies in real-time PMU streams.
5.3 Simulation Results

This section presents the simulation results evaluating the performance of the proposed VAE-
GAN-based event detection framework using real-world synchrophasor data. The model is tested
against a diverse set of power system disturbances and benchmarked against the traditional Max

Envelope method.

5.3.1 Model Training

The VAE-GAN model was trained to capture the normal operating behavior of power system
dynamics using historical phasor measurement unit (PMU) data. Training was conducted in an
unsupervised fashion, where only normal (non-event) time-series segments were used to establish
the latent distribution and reconstruction capabilities of the model. This approach enables the
model to identify deviations associated with abnormal conditions without relying on labeled event
data. Each PMU signal was first segmented into overlapping windows of fixed length (e.g., 5
seconds) with a defined stride (e.g., 1 second). These windowed segments served as input samples
for training. The model was implemented using PyTorch and trained using the Adam optimizer
with a learning rate of 2 X 10~*. The batch size was set to 128, and early stopping was employed
based on reconstruction loss on a validation set. To improve generalization, batch normalization
was applied during training. Upon convergence, the model demonstrated the ability to reconstruct

normal PMU patterns with low error while producing higher reconstruction and adversarial scores
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on eventful or abnormal sequences. This discrepancy forms the basis for effective anomaly

detection in downstream applications.

High speed event detection is the key when dealing with massive amount of synchrophasor
data. The scalability of the algorithm is tested on a laptop PC. It only takes around 5 seconds for
the proposed detection to scan through a 1-minute synchrophasor dataset and create a list of events.

It shows that the proposed detection method is able to detect events in a real-time manner.

5.3.2 Event Detection on 5-second Window for Single PMU

To validate the effectiveness of the proposed VAE-GAN-based event detection framework,
a series of detection experiments were conducted using labeled phasor measurement unit (PMU)
time-series data containing both normal and abnormal system conditions. Each data segment was
processed using a 5-second sliding window, and the resulting outputs were used to evaluate the

reconstruction error €0, and discriminator error ep, which were then combined to compute an

overall event detection score.

Figure 5.3 (a) illustrates the distribution of individual PMU data segments in the 2D feature
space defined by the reconstruction error and discriminator error. Blue dots correspond to data
segments associated with known power system events, while orange dots represent non-event
(normal) segments. As shown in the plot, event-related segments tend to occupy regions with
higher values of either or both error metrics. In contrast, non-event samples cluster tightly in the

lower-left quadrant of the error space, indicating high-fidelity reconstruction and low discriminator

rejection.

104
event

non_event
0.9 4

0.8 1

0.7 4

ure_error
o
N
o

o o <
- -
v

0.6

- » @ 000000

0.5

0 @ o o GogERe
acc

0.4+

o
o
o

© I & WNSE

0.3

. 0.2 0.3 0.4 0.5 0.2 4
fecons_jeivor 0.000 0.025 0.050 0.075 0100 0125 0.150 0.175 0.200
thres

(a) 2D feature space and threshold. (b) Accuracy over a range of scoring thresholds.
Figure 5.3Event detection accuracy over a range of scoring thresholds.

@ b av o8 o ‘eemo

A WD 1B @

SR . Oy Ry

P ™

o
o
<)
[

o ®
e

76



A conceptual decision boundary is drawn to separate these two distributions, illustrating the
discriminative capability of the learned scoring space. This visualization confirms that the joint
error space provides a meaningful separation between normal and abnormal behavior, forming the

basis for effective threshold-based detection.

To determine an optimal detection threshold, a range of values was evaluated for their impact
on binary classification accuracy. Figure 5.3 (b) shows the variation of detection accuracy as a
function of the event score threshold 7. The accuracy increases rapidly as the threshold increases
from 0 to approximately 0.025, reaching a peak of 97.3%. Beyond this point, accuracy gradually

declines due to the increase in false negatives (i.e., undetected events).

These results demonstrate that the proposed VAE-GAN model, when paired with an
appropriately tuned threshold, can effectively distinguish between event and non-event PMU
behavior using only unsupervised training on normal data. The joint use of reconstruction and
adversarial features enhances the model's sensitivity to subtle system changes while maintaining a

low false-positive rate.

5.3.3 Event Detection on 1-minute Window for Multiple PMUs

Figure 5.4 demonstrates the ability of the proposed VAE-GAN framework to detect and
localize a power system event using l-minute phasor measurement unit (PMU) data. The left
subplot shows normalized voltage magnitude signals from multiple PMU channels over a 60-
second interval. While most signals remain steady, a sharp drop occurs around timestamp 01:09:36,
clearly indicating the presence of an event. A smaller disturbance is also visible just before the

main deviation, suggesting early anomalous behavior.
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Figure 5.4 Illustration of binary anomaly matrix.
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The right subplot in Figure 5.4 presents a spatiotemporal anomaly matrix generated by the
detection framework. Each row corresponds to a specific PMU channel, and each column
represents a time step derived from overlapping sliding windows. Black squares mark the segments
where the joint event score—based on reconstruction and adversarial errors—exceeds a predefined
threshold. The resulting matrix highlights a well-localized cluster of detections aligned with the
event timing and the affected channels. The framework successfully identifies not only the core
event but also the precursor variations, offering both spatial and temporal precision in event
characterization. This confirms the effectiveness of the proposed method in delivering

interpretable, data-driven insights for real-time power system monitoring.

5.3.4 Performance Comparison with Max Envelope Method

As a benchmark, the Max Envelope method [121] identifies disturbances by calculating the
area between moving minimum and maximum bounds of power system signals. A larger envelope
area typically indicates abnormal behavior. The envelope size is a critical hyperparameter;
empirical studies suggest it should be approximately one order of magnitude greater than the event

duration for optimal detection sensitivity.

To illustrate the practical differences between the two methods, several representative figures
are included. Figures 5.5 and 5.6 illustrate qualitative differences between the two methods. Figure
5.5 showcases events detected exclusively by one method: (a) depicts events identified solely by
the Max Envelope method, typically characterized by short, spike-like changes in single channels,
while (b) highlights events detected only by VAE-GAN, which tend to involve subtle, multichannel
disturbances that evolve over a longer duration. These differences underscore the limitations of

envelope-based techniques when encountering spatially distributed or low-amplitude anomalies.

Figure 5.6 shows examples of events detected by both methods but with varying durations.
In these cases, the VAE-GAN model generally captures a broader temporal scope of the
disturbance, while the Max Envelope method often restricts its detection to the peak or central
portion. This difference demonstrates VAE-GAN’s ability to recognize prolonged or slowly

progressing events, which is crucial for accurately assessing power system stability in real time.
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Figure 5.6 Example event detected by both methods with different durations.

Table 5-1 summarizes a comparative evaluation between the proposed VAE-GAN-based
event detection approach and the Max Envelope method across multiple criteria. The VAE-GAN
model detected 420 events, significantly outperforming the Max Envelope approach, which
detected 272 events. While the Max Envelope technique is effective for identifying spike-like
events and single-channel patterns, it struggles with more complex event dynamics. Specifically,
it often misses long-term, low-magnitude, or multi-channel patterns due to its dependence on fixed

time windows and threshold heuristics.

In contrast, the VAE-GAN framework demonstrates broader capabilities. It successfully
captures not only sharp disturbances but also gradual, spatially distributed events across multiple

PMUs. The model’s unsupervised architecture and ability to learn directly from raw PMU
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waveforms contribute to its generalization power and sensitivity to subtle anomalies. Although the
Max Envelope method remains appealing for its simplicity and interpretability, its effectiveness is

limited in more diverse and data-rich operational scenarios.

Table 5-1 Performance Comparison

Criteria Max Envelope VAE-GAN
Spike-like events \ V
Long-term events \
Pattern shown in one channel \

Simplicity and interpretability

Subtle events v

Generalization

5.4 Conclusion

This chapter presents a novel generative Al-based framework for power system event
detection using a Variational Autoencoder—Generative Adversarial Network (VAE-GAN). Unlike
traditional threshold-based or supervised approaches, the proposed method requires only normal
data for training and effectively detects both known and previously unseen events directly from
raw PMU waveforms. By modeling spatial-temporal dynamics without fixed time window
assumptions, the architecture exhibits strong generalization to diverse event types, including long-

duration disturbances.

Evaluations on real-world synchrophasor datasets demonstrate that the proposed VAE-GAN
model outperforms the benchmark method, particularly in detecting a wider range of event types
and showing enhanced robustness to subtle and long-duration disturbances. Additionally, the
model's scalability makes it suitable for real-time monitoring applications in wide-area power
systems. These findings indicate the potential of the VAE-GAN framework for real-time anomaly
detection and to serve as a foundation for future research, including event localization and

classification.
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6. SUMMARY AND FUTURE WORK

This dissertation presented a suite of Generative Al-powered methods to address

fundamental data challenges in power systems, namely, the scarcity, incompleteness, and event

detection using synchrophasor data. These limitations have long hindered the adoption of advanced

machine learning and data-driven tools across utility applications. Through the integration of

generative adversarial networks (GANSs), transformer-based models like BERT, fine-tuned large

language models (LLMs), and deep learning classifiers, this research offers scalable and flexible

solutions to enhance data quality and availability in the modern grid.

6.1 Summary of Contributions

The key contributions of this research are summarized as follows:
GAN-Based Synthetic Data Generation

The development of Generative Adversarial Networks (GANs) capable of generating synthetic
load profiles that accurately capture spatial-temporal correlations across households and time
periods. This contribution addresses the issue of limited data availability, providing high-
quality synthetic datasets that mirror real-world data characteristics. The generated synthetic

datasets can be safely shared across the community without privacy concerns.
BERT-Based Missing Load Data Restoration

The application of BERT-based approach for restoring missing load data in power systems. By
leveraging the contextual understanding of BERT, the model successfully predicted missing
values in load profiles with high accuracy. This work highlighted the importance of using
language models for non-textual data and provided evidence that BERT can effectively restore
missing information, improving data quality for downstream applications. This method can be

used to demand response baseline estimation, which is critical for demand-side management.
Fine-Tuning Large Language Models (LLMs) for Missing Data Restoration

The exploration of fine-tuned LLMs for missing data restoration, showing that these models
can achieve comparable accuracy to BERT-based methods while requiring significantly less
training data and computational resources. This provides a flexible and efficient solution for

data restoration in power systems.
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e Power System Event Detection Using PMU Data

A generative Al-based framework was developed to identify known and novel power system

events with high accuracy and resilience. This work supports wide-area situational awareness

and real-time monitoring in inverter-based, data-rich environments.

Overall, this research has contributed to the development of Al-powered solutions that

enhance the reliability, efficiency, and resilience of power systems.

6.3 Future Work

While this dissertation has made significant strides in solving the problem of data analysis

in power systems, several areas warrant further exploration and development. The following are

suggestions for future research:

1.

Expansion of Synthetic Data Generation Techniques:

Future work could explore the integration of additional Al models, such as Variational
Autoencoders (VAEs) or Diffusion Models, with GANs and Transformers to enhance the
quality and diversity of synthetic load profiles. Investigating the applicability of these
models to other types of power system data, such as voltage or frequency data, could also

be beneficial.

Contribute to Open-source Community and Standardize Synthetic Data Generation

Performance Evaluation:

As the field of power system data analysis continues to grow, contributing to the open-
source community and establishing standardized benchmarks for performance evaluation
will be crucial for advancing research and ensuring consistency across studies. Future work

in this area could focus on the following:
a. Open-source Tool Development:

Sharing the tools, models, and datasets developed during this research with the broader
Al and power systems communities could accelerate progress and facilitate
collaboration. By releasing code and documentation through open-source platforms

like GitHub, other researchers and practitioners can replicate results, build upon
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existing models, and apply these techniques to their own datasets. Open-sourcing these
resources will also promote transparency and encourage innovation, allowing the

community to explore new approaches and improve upon current methods.
Establishing Standardized Evaluation Metrics:

The performance of synthetic data generation models is often evaluated using a variety
of metrics, making it difficult to compare results across different studies. Future
research could focus on developing and promoting standardized evaluation metrics that
are widely accepted by the research community. These metrics should assess not only
the accuracy and fidelity of the synthetic data but also its utility in downstream tasks
such as load forecasting or demand response. Standardized benchmarks would enable
more consistent comparisons between models and help identify the most effective

approaches for specific applications.
Benchmark Datasets for Synthetic Data Generation:

Creating and maintaining publicly available benchmark datasets specifically designed
for synthetic data generation in power systems would provide a valuable resource for
researchers. These datasets could include real-world load profiles, voltage readings,
and other relevant power system data, along with corresponding synthetic datasets
generated by various models. By comparing the performance of different models on
these standardized datasets, researchers can gain insights into the strengths and
limitations of each approach, fostering the development of more robust and

generalizable models.
Community-driven Competitions and Challenges:

Organizing competitions or challenges within the research community, focused on Al
in power system, can stimulate innovation and drive the adoption of standardized
practices. These events could encourage participants to develop new models, improve
existing ones, and apply them to benchmark datasets, with results being openly shared
and compared. Such initiatives would not only push the boundaries of current research

but also help establish best practices for Al in power systems.
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e. Collaborative Research and Knowledge Sharing:

Engaging with the broader Al and power systems communities through workshops,
conferences, and collaborative research projects can facilitate the exchange of ideas
and promote the adoption of standardized evaluation practices. By actively
participating in these forums, researchers can contribute to the collective understanding
of synthetic data generation, influence the development of industry standards, and

ensure that future advancements are guided by a shared vision.

By contributing to the open-source community and working towards the
standardization of synthetic data generation performance evaluation, future research can
ensure that developments in this field are transparent, reproducible, and widely accessible.
This approach will not only advance the state of the art but also foster a collaborative
environment where innovations can be rapidly disseminated and adopted across the power

systems domain and beyond.
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