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Abstract

Reliable power grid operation is critical for supporting nearly every aspect of modern

life. Outages due to extreme weather, equipment malfunction, or even cyber attacks

can disrupt infrastructure and create serious, lasting problems for communication and

emergency services. The Grid Communications and Security group at Oak Ridge National

Laboratory (ORNL) works with industry partners to develop the Autonomous Intelligence

Measurements and Sensor Systems (AIMS) project. AIMS is a system using a machine-

controlled response team with sensors, mobile platforms, communications and data storage

and analysis components. When it comes to monitoring the power grid, leveraging drone

and sensing technology provides new opportunities to improve operations. The different

data streams comprise an interrelated, complex system with significant amounts of data

points. All the data collected by the system will need to be analyzed in order to transform

it into useful information. A Gaussian process (GP) is a probabilistic method that has been

successfully applied to grid data in the past. However, the assumption that the data and

its noise follows a Gaussian distribution is not always realistic. Warped Gaussian Processes

(WGP), a generalization of a GP, retains the power of a GP but is not reliant on that

assumption. Given the non-stationary and non-linear data that tends to accompany the

power grid, WGP is an underutilized method with potential to improve grid modeling. A

Pandapower IEEE 14-Bus system was used to generate power grid data to evaluate the

performance of WGP as a method for data analysis in the grid context. Other data include

real-world signal data from the Grid Event Signature Library and weather-load data from

Panama’s national grid operator, CND. This analysis demonstrates that WGP is suitable

for power grid data analysis because it improves upon GP and other traditional statistical

methods in terms of parameter estimation, signal filtering, and load forecasting. Future
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work should focus on managing the computational complexity of this method and integrating

artificial intelligence and other machine learning techniques into data analysis pipelines.
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Chapter 1

Introduction

1.1 Motivation

Combining statistical methods with remote sensing applications is a significant motivating

factor behind this research. A portion of this chapter draws from my prior publication

titled ”Leveraging Gaussian Processes in Remote Sensing” published in Energies [1]. Power

grid reliability is crucial to supporting critical infrastructure. Service interruptions can have

devastating consequences for communication, emergency, and transportation services, just

to name a few. In addition to infrastructure, nearly every element of modern day living

relies on a stable and functioning power grid, including heating and cooling systems, lighting,

refrigeration, telecommunications, and internet access. Interruptions in the power supply can

range from minor inconveniences, such as the temporary loss of internet or television services,

to more significant problems, like the inability to access medical equipment or emergency

services during critical situations [2]. As climate conditions worsen, the reliability of the

power grid becomes even more significant. Extreme weather events, such as hurricanes,

wildfires, or severe storms, can cause serious damage to power infrastructure, leading to

prolonged power outages. Rising temperatures and changing weather patterns can strain

the grid [3], resulting in increased demand for electricity, which in turn stresses transmission

and distribution systems. Furthermore, much of the existing power grid infrastructure in

the United States is aging and needs to be replaced [4].

1



Recently, Hurricane Helene highlighted the complex nature of power restoration under

volatile weather conditions. Millions lost power and complete recovery took weeks. Energy

providers like Duke used drones to assess hard to reach areas and aid in recovery [5]. A

rising number of cyber and physical attacks also present service concerns [6]. An attack on

a substation in North Carolina left thousands without power and cost millions of dollars

[7] and a terrorist plot revealed efforts to sabotage certain substations to maximize damage

to the grid [8]. Cyber threats to utilities continue to rise and can be carried out remotely,

leaving the United States vulnerable to domestic and international threats.

Managing the power grid is no easy task in ideal conditions, to say nothing of the

threats of weather and attacks. The Grid Communications and Security group at Oak Ridge

National Laboratory (ORNL) researches integrated sensing and communications platforms to

ensure efficient and reliable grid communications. Autonomous Intelligence Measurements

and Sensor Systems (AIMS) is a system with a machine-controlled response team with

sensors, mobile platforms, communications and data storage and analysis components [9].

Figure 1.1 presents a graphical overview of AIMS. This team will be capable of autonomous

inspection and reporting with the explicit goal of improved grid reliability. The system

will be comprised of advanced sensors, generative design AI, communications, autonomic

systems, swarming technologies, energy harvesting, collaborative operation between drone

and command center, and training of grid state measurements. This project intends to work

in conjunction with existing Supervisory Control and Data Acquisition (SCADA) systems

utilities already have in place, allowing for easy adoption by industry partners. Related

projects involve the United States Marine Core (USMC) and utilities on Native American

Reservations as clients for practical implementation of the AIMS use case [10]. These projects

have specific focus on wildfire detection and management. AIMS has significant future

implications for infrastructure management.
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Figure 1.1: Autonomous Intelligence Measurements and Sensor Systems (AIMS) is a
project currently underway in the Grid Communications and Security Group at ORNL.
This shows an overview of the AIMS operational scenario under some triggering event that
requires monitoring [11].

1.2 Background

1.2.1 Remote Sensing

Remote sensing applications have gained significant traction in autonomous surveillance

[12, 13, 14], enabling the monitoring and collection of data related to environmental and

industrial processes. Various devices, such as satellites, unmanned aerial vehicles (UAVs) or

drones, and ocean crawlers, offer valuable tools for data acquisition in diverse contexts.

When it comes to monitoring the power grid, leveraging drone and sensing technology

provides a new opportunity. Drones equipped with sensors and cameras can be deployed

to capture high-resolution imagery and collect data related power infrastructure, such as

transmission lines, substations, and power distribution equipment. This data can include

visual imaging, thermal imaging, LiDAR (Light Detection and Ranging) data, or other

relevant sensor readings.

Machine learning (ML) algorithms can analyze available data to enable more efficient

and targeted maintenance and inspection activities, leading to improved grid reliability and
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reduced downtime. The operational use of drones is efficient and cost-saving. Autonomous

drones can quickly cover large areas, making it feasible to monitor extensive power

infrastructure without the need for human pilots. They can capture data from challenging

or inaccessible locations, such as remote areas or areas with difficult terrain, more easily

than traditional manual inspections. This in turn means that human inspectors can

avoid hazardous or risky situations, such as working at heights or navigating dangerous

environments, minimizing potential risks. Furthermore, drones can be deployed for regular

or periodic monitoring, providing real-time or near real-time data on the grid’s status.

This enables proactive maintenance and response to changing conditions promptly. Drones

equipped with advanced sensors can collect precise measurements, providing detailed and

accurate data on the condition of power grid infrastructure. This allows for better assessment

of the grid’s health and can aid in detecting early signs of potential issues.

There are a variety of useful sensors - cameras (infrared, ultra-violet, and visible light),

acoustic, radio frequency, temperature, and methane - that provide insights into the power

grid. The AIMS projects uses multiple drones in order to accommodate specialty sensors.

The output of this monitoring will consist of multiple types of data in multiple formats,

so robust methods are necessary for analysis. The Gaussian process is a well-established

stochastic method that can model complex relationships while maintaining interpretability.

This method continues to be successful in remote sensing applications using satellites and

physics-based modeling. However, there is little application of Gaussian processes using

drones in a power grid setting. Drones provide high resolution images and much of the data

relevant to the power grid is rooted in physics, lending itself to Gaussian applications.

1.2.2 Gaussian Processes

A Gaussian process (GP) is a machine learning method that uses a generalization of the

Gaussian distribution. It is a stochastic process that can be used for regression (GPR) and

classification (GPC) [15, 16]. Statistically speaking, a GP is a collection of random variables

which have a joint Gaussian distribution [17]. Since this method is rooted in probabilistic

methods, it provides reliable measures of its own uncertainty and is fairly interpretable [18].

Interpretability is an ideal feature for ”physics based” modeling since it can lead to the

4



discovery of factors that influence physical processes, as opposed to the so called ”black

box” of some ML algorithms. Chapter 2 shows the wide use of GPs in the existing literature

for power grid data analysis as well as remote sensing applications. However, GPs can be

complex and have high computational costs - the computational complexity of GPs typically

grows cubically with the number of data points, limiting their scalability [17]. This is a

challenge when dealing with large remote sensing datasets, where acquiring a significant

amount of data is common. There are different methods for reducing the computational cost

discussed in Chapter 2.

In addition to its complexity, the assumption that the data and its noise follows

a Gaussian distribution is not always realistic. Warped Gaussian Processes (WGP), a

generalization of a GP, create a ”warping” function to transform the data to a latent space

in such way that it is modeled by a Gaussian distribution in that latent space [19]. Due

to this transformation in latent space, WGP is capable of modeling non-Gaussian and non-

stationary data. Furthermore, the warping function is discovered from the data itself and is

fully recoverable, unlike many deep learning methods. Since the warping function is specific

to the data, it leads to more precise predictions than that of traditional GP (see Figure 1.2).

However, similar to traditional GP, WGP has high computational complexity and costs.

WGP is a method that is well-suited to the diverse data that contribute to power grid

management. Ambient climate data (temperature, wind, humidity, dew point, etc.) as well

as data intrinsic to the power grid (power flow, voltage sags/surges, damping coefficients,

etc.) under real world conditions are non-stationary and difficult to approximate, but

crucial to operations [20, 21]. The importance of power grid reliability strengthens the

need for accurate and timely estimations and predictions. WGP leverages empirical data

to create a specific warping function, leading to more accurate prediction while maintaining

the stochastic advantages of GPs. WGPs have exciting implications for managing power

grid operations. Parameter estimation, load forecasting, and anomaly detection are all

capabilities of WGPs, just to name a few. Many aspects of power grid operations are

amenable to physics based modeling given their well established scientific properties (voltage,

acoustics, temperature, etc.). As previously mentioned, the AIMS project and use of drones

in the field will generate more data with similar noise and non-Gaussian considerations.
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Figure 1.2: Results of a 1-D regression task: (a) The dotted lines show the actual data,
the dashed lines show GP predictions and the 2σ percentiles, and the solid lines show the
WGP predictions and 2σ percentiles. (b) Predictive probability densities at x = −π/4. [19].

WGP algorithms can be used to analyze this data on the front end (detect problems that

trigger a drone dispatch) and the back end (classification/estimation on the data collected).

Online/offline processes would allow for this data to be analyzed after the fact and be used

for training as well as for analysis in real time. The power grid is a complex system that

provides a critical service. This system would benefit from the flexible modeling and the

interpretable results of WGPs.

The purpose of this research is to evaluate WGPs performance as an effective method

for analyzing grid data. I applied WGP to load modeling, signal analysis, and weather

forecasting. Chapter 2 provides a literature review that draws extensively from my prior

publication found in [1].Chapter 3 defines WGPs and outlines the methodology used in this

analysis. Chapter 4 summarizes the results, Chapter 5 makes recommendations for future

work in this area, and Chapter 6 concludes this paper.
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Chapter 2

Literature Review

2.1 Power Flow and Grid Data

Efficient operation of the power grid relies on forecasting. Forecasting in power grid

operations is difficult because of its complexity - not only in its technical operation, but

also because of climate factors associated with outdoor operation. Wind forces, for example,

have serious consequences for power grid operation, but are very difficult to model.

A physics-informed Gaussian process regression (PI-GPR) takes advantage of established

physical processes to predict the phase angle, angular speed, and wind mechanical power of

a three-generator power grid system [22]. The proposed method is similar to a traditional

GPR but uses stochastic differential equations to estimate prior statistics instead of the

likelihood. The authors compared the PI-GPR to a standard GPR model, the ensemble

Kalman filter (EnKF) method, and autoregressive integrated moving average (ARIMA).

They used log predictive probability to measure and compare accuracy. PI-GPR is slightly

less accurate but comparable to GPR and had smaller standard deviation overall. EnKF is

an online method while PI-GPR is offline, therefore, EnKF is less computationally complex.

However, because PI-GPR does all of the prior estimating offline, the actual forecast is less

computationally complex than EnKF. In terms of performance, PI-GPR is comparable to

EnKF. PI-GPR outperformed ARIMA and was more robust to noisy data. Although PI-GPR

does not significantly outperform other methods overall, the first two seconds of forecasting

are extremely precise. Figure 2.1 shows a comparison of PI-GPR and data-driven forecasting.
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Figure 2.1: PhI-GPR (left) and data-driven GPR (right) forecast of θ2(t) − θ1(t) with θk
and ωk (k = 1, 2, 3) measurements available for t < 8.3375 s every 0.05 s [22].

Another successful method for short-term prediction of electric loads is multi-output

Gaussian process regression (MOGP) [23]. The future predictions (24-hour) are based on

previous load, temperature, and dew point and the authors used mean absolute percentage

error (MAPE) as an accuracy measure in all cases. Simulation cases for prediction included

using previous load, using previous load and dew point data, previous load and temperature

data, and previous load, dew point, and temperature data. Six different kernels were tested

on MOGP performance: linear, Matérn, polynomial, rational quadratic (RQ), piecewise (P.)

polynomial, and the radial basis function (RBF). Prediction using previous load performed

best with linear kernel. In all other cases, best performance occurred using an RQ kernel

with 7 days of previous load and 2 days of previous dew point and temperature data. The

results showed that prediction using previous load and temperature data outperformed that

of previous load and dew point data and that prediction using all three outperformed all

other cases. Opportunities to understand how climate affects the grid and how it can be

used to influence grid operations is an interesting area for future work.

Chance constrained optimal power flow (CC-OPF) is a stochastic method used for

modeling demand in power grid operations under conditions that allow a ”violation

probability” [24]. This method is meant to account for the uncertainties that accompany

a complex system like the power grid, for example, significant and unexpected weather
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events. A major drawback of CC-OPF is the associated computational complexity. A

novel framework inserting GP into this process using Python [24] overcomes this issue while

maintaining accuracy. Under this framework, the need for knowledge of grid configuration

and parameters is eliminated because the GP is data-driven. The authors tested the proposed

method using synthetic data from multiple test cases from the Institute of Electrical and

Electronics Engineers (IEEE) Bus Systems [25]: the IEEE 9-bus Test System with three

generators and three loads and the IEEE 39-bus Test System with ten generators and twenty-

one loads. Both test systms had the same voltage level and power ratio and the loads and

output from renewable sources are unknown. Root Mean Square Error (RMSE) measures

the accuracy of GP prediction. The computation time, generation cost, and the empirical

spread of output variables were also used to evaluate the overall performance. In general,

RMSE is low, but computational complexity remains an issue in this application and an area

for future work.

Initial choices for kernel and basis function in GPR will have different effects on

performance. Evaluating load forecasts using multiple kernel and basis functions [26] gives

insight into this effect. The authors used MAPE to consider three basis functions (constant,

zero, and linear) and six kernel functions (exponential, squared exponential, Matérn 3/2,

Matérn 5/2, rational quadratic, Ard exponential). Best performance varies by location, with

different basis-kernel combinations and month of year (see Table 2.1). This does make sense

in that weather plays a large factor in this model, but it is not particularly revealing of

which combinations should be used. That said, in comparison to ANN and regression tree

applications, GPR outperformed both in terms of MAPE.

As mentioned previously, the ACPF solution is non-linear and difficult to solve. A general

solution framework using voltage and bus injection using GPR is proposed [27] in a simulated

voltage limit violation scenario. The authors found a strong relationship between mean

absolute error (MAE) and voltage variance. Thus, higher predicted standard deviation

leads to higher approximation error. The proposed method outperformed standard methods

including data based methods and is not computationally burdensome. In this case, GPR

has shown promise in evaluating non-linear processes while maintaining interpretability.
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Table 2.1: Results of GPR models with various kernel and basis functions for Indian city
‘Aurangabad’ in terms of MAPE (%) [26].

Load forecasting during anomalous events is difficult given that most applications use

historic data that may not reflect the uncertainty of these rare events. Deep Gaussian

process (DGP) analysis accounts for limited data in this scenario by mimicking the layering

idea of a neural network (NN) [28]. In this study, DGP outperforms back-propagation NN,

sparse GP (SGP) and variational autoencoder DGP (VAE-DGP) in terms of MAPE. In

general, the proposed DGP is better at capturing the uncertainty of the limited data during

an uncertain event. It is clear in Figure 2.2 that DGP captures all of the data throughout

the entire distribution.

GPs are not always the most suitable method for a problem, specifically if the data

or noise is non-Gaussian. A distributionally robust stochastic method for optimal power

flow accounts for non-Gaussian forecast error while maintaining interpretability [29]. Other

stochastic methods (like Gaussian methods) must make assumptions about the data that

can lead to overestimation or underestimation of risk. The authors contend that a data-

driven approach that does not require these assumptions will allow them to more correctly

control the tradeoffs between economic efficiency and risk constraint violation, providing an

optimal solution to the power flow problem. This method is successful in demonstrating the

control over parameters in applications to overvoltages related to photovoltaic power and N -

1 security line flow constraints related to wind generators [30]. The strength of this approach
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Figure 2.2: Probabilistic load forecasting results of various methods for Seattle. (a) SGP.
(b) VAE-DGP. (c) Proposed DGP method. [28] The results clearly show that the proposed
DGP method (c) more closely follows the underlying load and captures all the data within
a 95% confidence interval.
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is in its modeling of forecast error, which leads to improved performance. That said, this

approach is theoretically demanding and was not directly compared to other methods.

Real-time anomaly detection is an important factor of power grid monitoring and key to

AIMS’ goals. Current methods are limited by the assumption that signals are stationary,

which is not practical in a real-world scenario. A novel method using the spectral correlation

function (SCF) allows for improved characterization of grid-signal distortions because it

evaluates non-stationary signals [31]. This method uses the correlation between spectral

components of a signal to extract meaningful features. The authors applied SCF to real-world

data from the Grid Event Signature Library and compared it to the methods amplitude-

phase (AP), Fast Fourier Transform (FFT), power spectral density (PSD) using t-Distributed

Stochastic Neighbor Embedding (t-SNE). SCF outperformed the other methods in terms

of distinctive grouping and distinguished between anomaly events. Future work includes

classifying multiple types of grid signatures and using non-linear models.

Signal distortions are further studied in a solar application. The authors propose that

fast amplitude estimation during harmonics and noise will aid in the control of voltage source

inverters [32]. They used a discrete Fourier transform with an interpolating window in order

to reduce ”spectral leakage.” This method was tested on simulated data to derive theoretical

equations. The strength of this method is in the tractability. The theoretical equations

can aid in creating measurement systems because they can account for the interference from

both noise and spectral elements.

The authors present the Forecasting Aided States Estimation combined with an Extended

Kalman Filter to quickly identify anomalies in PMUs [33] in a Real Time Digital Simulator.

This method was compared to the traditional method using largest normalized innovation

combined with an Unscented Kalman Filter. The proposed method uses skewness in addition

to LNI to improve on the method. Both the traditional method and the improved method

were able to detect anomalies, but the improved method is not significantly better than

the traditional method, suggesting that filter choice may not play a large role in anomaly

detection. Although this method is viable, computational complexity is an issue even with

the Extended Kalman Filter.
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Signal decomposition is addressed in [34] using a warping function. The authors

are building on Variational Mode Decomposition (VMD) specifically applied to the non-

stationary nature of rotating machinery. The proposed Warped VMD (WVMD) improves

upon VMD because it accounts for the time-series element in rotation which was poorly

modeled by VMD. The authors applied this method to simulated and real world data.

However, WVMD still needs to be applied to more complicated signals that may not be

harmonic in nature. This application leaves a path for future research in a grid application

using WGP.

2.2 Estimating Parameters and Unknown/Missing Data

Physics-based simulation is a process to model a dynamic system using the laws of physics.

The appeal of physics-based models is the innate reflection of the physical world (time and

space) and generalizability. Artificial intelligence methods like machine learning perform

quickly and with high accuracy, but at times are intractable and may not be utilizing

statistical frameworks to their advantage. The drawback of statistical methods in big

data applications is the large computational costs associated with their use. However,

new methods have developed that reduce computational time while using the power of

statistics in data analysis. WGPs are not widely used in remote sensing and power grid

operations, for that reason, much of the literature reviewed has a focus on GPs and other

stochastic methods. The following applications are related to remote sensing and many apply

their methods to satellite images. This section is divided into categories which reflect the

underlying structure exploited by the authors in their analysis: Spatial Statistics, Low Rank

and Sparse Approximation, and Spectral Applications.

2.2.1 Spatial Statistics

A common problem in large datasets from remote sensing applications is incomplete lattice,

or missing data. A new approach using Bayesian and Maximum Likelihood Estimation

(MLE) is proposed in [35] to address this problem. The authors used a Markov chain
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Monte Carlo (MCMC) approach for Bayesian inference and a Monte Carlo expectation-

maximization algorithm for MLE. The approach was evaluated using both simulated data

and real world data from the satellite sea surface temperatures in the Pacific Ocean. Figure

2.3 shows the process of estimating missing data using this method. Bayesian estimation

incorporates prior knowledge and quantifies uncertainty but is computationally expensive

and statistically complex. MLE offers simplicity and computational efficiency at the expense

of explicit uncertainty quantification. Further research should explore hybrid approaches that

combine the strengths of both methods for parameter estimation in GPs.

A divide-and-conquer strategy within the Bayesian paradigm addresses scalability in

spatial process modeling for geostatistical data [36]. The authors introduce the concept

of ”spatial meta-kriging” (SMK), which involves partitioning the data into subsets and

analyzing each subset on its own. Then, the approximate posterior for the entire dataset can

be found by combining the individual posterior distributions from each subset. The authors

tested this method using simulations and Pacific Ocean Sea surface temperature data. This

article highlights the importance of addressing scalability issues in spatial process modeling

and provides a practical statistical approach for large datasets. Areas of future work include

discrete and arbitrary spatiotemporal interpolation and multivariate spatial data analysis.

New methods proposed in [37] highlight the limitations of using stationary kernels and the

need for non-stationary kernels to model complex spatio-temporal processes. The authors

introduce a new class of non-stationary kernels that can be learned from the data using a

spectral representation of the covariance function and a GP regression model. Non-stationary

random Fourier features are a type of kernel method that can be used to model nonstationary

covariance functions in spatial statistics. Non-stationary kernels depend on the inputs,

unlike stationary kernels, which only depend on the lag vector. The frequencies used in

the feature maps are treated as kernel parameters that are optimized by maximizing the

log-marginal likelihood. Other examples of non-stationary kernels for this type of modeling

are the polynomial kernel and the neural network kernel. The authors applied this method

to daily high stock prices and temperature data. Overall, the results show that arbitrarily

complex non-stationary kernels were as easy to implement as stationary kernels but gain in

computational efficiency.
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Figure 2.3: Results of missing data reconstruction using TMI satellite data. (a) Observed
data with missing portion, (b)-(c) Posterior mean and standard deviation for MCMC MLE
estimation. (d)-(f) Posterior draws minus the posterior mean for MCMC MLE estimation.
[35]. This collection of figures shows the progression from the observation with missing data
to predictions with low standard deviation and low uncertainty for three posterior draws.
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Much of the image processing in the past was focused on aerial and satellite images with

low spatial resolution. As very high-resolution imaging becomes more accessible, complex

scenes require different methods to classify images. A novel framework using semantic

segmentation and higher-order conditional random fields (HCRF) exploits the range of

contextual information available with higher order CRF [13]. The author’s approach uses

a harmonic label co-existence (which is typical), but they also introduce local object co-

occurence. This method ensures more practical labeling by penalizing unexpected label

combinations and labels that rarely occur together (i.e., a tree segment should not appear

to be surrounded by car segments). The authors combat high computational costs with

movemaking graph cuts. Compared to other methods, HCRF had the highest accuracy,

cleared noisy labeling, and resulted in the most practical labels.

2.2.2 Low Rank and Sparse Approximation

Hierarchical partitioning creates data subsets based on hierarchical groupings to improve

efficiency. One such method was developed using a hierarchical low rank approximation

scheme for maximum likelihood estimation that is computationally efficient for large datasets

[38]. The generalized hierarchical low rank approximation method (HLR) diverges from

other methods by completing a low rank approximation for each hierarchy, meaning the

approximated covariance is not low rank. Computational efficiency is gained by doing

many more small calculations of eigenvalues and eigenvectors but avoiding the entire

eigendecompositon. A numerical study, simulation study, and real-world study were

conducted comparing HLR to several other methods. The numerical study shows HLR

outperforms other methods in terms of dependence, smoothness, and noise level, and

improves approximation. The simulation study reveals HLR outperforms other methods

in terms of mean square error (MSE) and the real-world study shows better performance

based on likelihood. However, in the real-world study, a neural network performed faster

than HLR.

Alternate formulations of the proposed hierarchical nearest neighbor Gaussian process

(NNGP) models [39] expand on the previous work. In this case, the focus is on exploiting

the sparsity of large spatial datasets. The NNGP model took multiple forms: the collapsed

16



NNGP, the response NNGP, and the conjugate NNGP. The collapsed NNGP uses an MCMC

to sample from the posterior and create an NNGP model capable of posterior predictive

inference. This model operates most closely to a full GP model and remains computationally

expensive since it recovers random spatial information and makes predictions. The response

model similarly samples from the posterior to create a posterior predictive inference response

NNGP, however, it does not fully recover latent information. To its advantage, this

reduces computational cost while allowing for full Bayesian analysis and prediction at

arbitrary locations. The conjugate NNGP is the most well-rounded because it retains

the computational efficiency of the response and gives exact Bayesian inference. The

computational advantage is the result of sampling from the marginal posterior distributions

instead of the posterior. However, the conjugate NNGP introduces a hyperparameter that

requires tuning. The authors’ work is the first to successfully use full Bayesian analysis on

a spatial dataset at a scale of five million locations. Future work in this area would include

analysis of spatial datasets from non-stationary processes, an appropriate application for

AIMS, which will use drones equipped with LiDAR for the purposes of monitoring power

grid assets.

Fast evaluation of the likelihood for parameter inference in large datasets is also explored

with Vecchia approximations [15]. Vecchia approximations are a class of approximations that

reduce the computational complexity of GPs by exploiting the spatial structure of the data.

The authors discuss two different variable orderings for the Vecchia approximation: response-

first ordering and latent-first ordering. In response-first ordering, the response variables are

ordered first, followed by the latent variables. This ordering is useful when the response

variables are of primary interest and the latent variables are used to model the spatial

dependence (the opposite for latent-first ordering). There are three different schemes for

response-first ordering: full conditioning, partial conditioning, and no conditioning and two

different schemes for latent-first ordering: full conditioning and no conditioning. Figure 2.4

shows the results of parameter estimation using the proposed method. A simulation reveals

that the low-rank and sparse approximations did well in both accuracy and computational

efficiency. Furthermore, the choice of variable ordering and conditioning have significant
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Figure 2.4: Results of applying ordering Vecchia approximations on data from a real-world
Orbiting Carbon Observatory 2 satellite to predict solar-induced chlorophyll fluorescence
for the RF-full, RF-stand, and RF-ind methods. These methods perform similarly, but the
RF-full shows less noise than RF-stand and RF-ind, as evidenced by the streakier quality
the of latter two. These results provide evidence for fast and accurate evaluation in large,
sparse datasets [15].

impact on both. The first-order methods were also applied to data from a real-world Orbiting

Carbon Observatory 2 satellite with similar results.

2.2.3 Spectral Approximation

Class specific random forest (CSRF) successfully combines machine learning and stochastic

processes [40]. CSRF, created by the authors, combines cross-correlation measures into

random forest applications for classifying hyperspectral images. Spectral-spatial cross-

correlation preserves the spectral-spatial components of the image and then uses class specific

trees to classify the image. Applying CSRF to an Indian Pines Dataset and a Washington,

D.C. mall Dataset reveals that CSRF outperforms support vector machine (SVM) methods

and achieves the highest accuracy when combined with a composite kernel. That said, CSRF

would benefit from future efforts in parameter tuning and computational cost analysis.

Change detection is the process of identifying and quantifying changes in remotely

sensed images [41]. Detecting changes in these images is challenging due to variations in
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lighting conditions, sensor characteristics, and geometric distortions. This is only made more

complicated by multimodal sensor systems. The proposal of an unsupervised pixel pairwise-

based Markov Random Field (MRF) model for multimodal change detection in remote

sensing images is explored with a Bayesian approach [12]. MRF captures spatial relationships

between pixels in remotely sensed images by incorporating contextual information and

dependencies between neighboring pixels. Figure 2.5 gives a visual representation of this

framework. The MRF framework effectively models the spatial interactions by defining an

energy function that incorporates the pairwise potentials and assigns labels to each pixel.

This approach includes local and global contextual cues, leading to improved accuracy. MRF

outperformed other models in both accuracy and computational efficiency. Future work

should focus scalability and the potential for real-time change detection applications.

2.3 Gaussian Process Emulators

One particular type of physics-based GP is called an emulator. An emulator, also called a

surrogate or proxy model, builds a statistical model meant to mimic a particular process

[42, 14]. The advantage of emulators over full GPs is the increased computational efficiency

while maintaining tractable models that can produce confidence intervals. Emulators focus

on the use of physics-aware GPs in remote sensing and their implications for accurate and

interpretable predictions. A Joint GP model combining actual data with simulated data,

a latent force model (LFM) that encodes ordinary differential equations, and Automatic

Gaussian Process Emulator (AGAPE) for forward and inverse modeling with automatic

emulation [42] explore emulators as generators. Simulated data from a same-site scenario

versus a cross-site scenario was evaluated to determine if the inclusion improved prediction

accuracy. Although the Joint GP model did not outperform a full GP method, it did

show that it is a safe way to combine simulated data with real data. The GP-LFM model

combines data-driven Bayesian approaches with purely mechanistic models such that it can

be a generative model, maintain interpretability, and show good extrapolation capabilities.

However, there is significant computational cost to this method and it is only applicable

to differentiable processes. In a toy example with multi-output and scalar inputs, AGAPE

19



Figure 2.5: The MRF change detection model takes each pixel and includes a subsample
window to create a spectral feature vector that incorporates neighboring pixels into the
change detection algorithm [12].

outperformed other methods in approximating the underlying function it was emulating.

However, this method’s success is very dependent on choosing good starting points.

Emulators are further studied by using active learning to mimic complex and costly

computational codes in a multioutput setting [14]. Here, the authors refer to a generic active

emulation (AE) function and active multi-output Gaussian process emulator (AMOGAPE).

Figure 2.6 shows the general idea behind Automatic Emulation. They focus on a sequential

method that uses an acquisition function that is optimized via gradient based methods. In

this case, the authors apply AMOGAPE as a GP interpolator and regression formulation

to synthetic and real-world data. They compared AMOGAPE to other sequential and non-

sequential methods using synthetic data. In both cases, AMOGAPE outperformed other

available methods as the number of nodes increased. Finally, the authors applied AMOGAPE

to a leaf canopy PROSAIL radiative transfer model (RTM) in two dimensional and three

dimensional space. Once again, AMOGAPE outperforms random sampling in both cases.
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Figure 2.6: General sketch of an Automatic Emulation (AE) procedure. The actual model
g(y) (top - solid line), its approximation ĝt(y) (top - dashed line) and an acquisition function
At(y). The maximum represents the new node [14]. This is an iterative process that continues
produces new nodes until some condition has been met. The activation function is physics-
informed since it captures the underlying distribution of the data and its geometry.

Future work involves using alternative acquisition and kernel functions as well as performance

measures other than RMSE.

2.4 Additional Gaussian Applications

The aforementioned problems with traditional GPs are addressed by utilizing Deep Gaussian

Processes (DGP) that account for complex kernel processes, scale to large datasets, and

improve prediction accuracy [16]. DGP creates hierarchies of GP models in a similar

structure to deep neural networks. This setup improves computational efficiency since it can

model multiple simple kernels, as opposed to a complex kernel required by some GP models.

Figure 2.7 shows a graphical representation of the proposed framework. The authors applied

this method to superspectral sounding data with multiple models: a full GP model, a sparse

GP model, and DGPs with one to four layers. DGPs with two or more layers outperform

the full GP model and are more computationally efficient.

Learning control-oriented models involving the development of optimal experiment de-

sign, receding horizon optimal control, and continuous model improvement are also available
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Figure 2.7: Graphical representation of the DGP model [16].

for GP applications [18]. Data-driven control strategies are possible with the integration

of GPs in control frameworks because they can model system uncertainties/anomalies and

predict behavior. Over time, the incorporation of prior knowledge will allow for optimized

control actions and more adaptability within system dynamics. A case study of a simulated

electricity grid with real world data verified this method in a ”demand response” problem.

This research provides a valuable framework for using data-driven machine learning for

physical systems controls with GPs. Further research should focus on addressing scalability

and real-time implementation.

In practice, data does not always follow a Gaussian distribution, so it is transformed

(usually with a logarithmic or exponential function). A Warped Gaussian Process (WGP)

addresses this by using a model that automatically learns the optimal transformation by

”warping” the predictions of a standard GP model and using continuous optimization to

infer the parameters [43]. Another advantage of WGP is that the learned warping function

is accessible. The authors compared the performance of the novel WGP to standard GP and

variational heteroscedastic GP (VHGP) through three different experimental applications:

the estimation of ocean chlorophyll concentration, vegetation parameter retrieval, and causal

inference on a set of 28 geosciences problems. The chlorophyll experiment revealed that

WGP outperforms standard GP and VHGP in all comparisons, the vegetation parameter

retrieval showed that WGP had lower uncertainty and more homogeneous results, and WGP

performed better than the other methods in causal inference. These combined results show
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that WGP performs well and has explanatory capabilities. Future work would benefit from

WGP applications to non-parametric functions.

2.5 Temperature Detection in Images

Temperature sensing for identifying hot spots on power lines and transformers is valuable to

power grid operations. Hot spots can be indicative of failure or potential failure and affect

efficiency. Infrared (IR) is a convenient way to estimate temperature and IR cameras can

be easily mounted on drones for inspection, as in the AIMS project. A new method with

LiDAR and long-distance IR cameras [44] uses Temperature-Radiation and Radiation-Digital

distance mapping to approximate temperature more accurately. The process uses an offline

method for data collection and interpolation (calculating distance through digital count

and radiation via Planck’s law) and an online method for analysis. In the online process,

LiDAR provides the distance measure and the IR camera provides the radiation measure.

In a blackbody application, the proposed method outperformed forward looking IR and

single mapping method at 3.5 and 7 m according to MSE. That said, under non-controlled

conditions, atmospheric elements like humidity may have negative effects on results.

An application to stream management does consider the problems atmospheric conditions

can add to temperature estimation from high and low resolution IR images [45]. Spectral

mixing analysis (SMA) is the method of choice since it accounts for spectral signature, the

topography, shadowing effects and the spatial resolution. This method was not compared

to others and is limited by instrumentation of the time (2001). Although this analysis is

focused on stream management, it is relevant to power grid applications in that the stream

is an asset that must be distinguished from air temperature surrounding it, much like power

lines. This method could be revisited with new technology.

A direct application of IR imaging for hot spot identification [46] using drones

leverages information from both IR images and visible light images using image registration

methodology. This process involves first identifying the power lines in the image using

a Gaussian filter, edge detection, and Hough transform. After identifying power lines, a

histogram threshold is used for hot spot identification. Once again, this method was to
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test functionality and was not compared to other methods, nor did it estimate temperature

directly. Future work in this area should make comparisons to other methods and attempt

to measure temperature.

2.6 Wind Speed Forecasting

Wind speed is difficult to forecast because it is random in nature and therefore there is no

probability distribution that totally describes it. [47] compares four different distributions:

a 2-parameter Weibull, 3-parameter Weibull, Gamma, and Lognormal distributions to

ascertain the most suitable. Table 2.2 shows the results applied to wind data. The

3-parameter Weibull outperforms the other distributions, but none are significantly fit.

Statistically, these distributions are interpretable, but a more flexible method like WGP

may be useful here.

Statistical models are usually limited to short term prediction, but hybrid models seek to

overcome this [48]. GP regression combined with other meteorological data and atmospheric

stability ratings on public data from UK weather stations outperformed the current numerical

method. However, it was somewhat location dependent. Furthermore, this method was

interested in applications to improve wind power output prediction more accurately, not

specifically for forecasting power grid loads. Other research in hybrid models combing GPs

with RNN similarly seeks to increase prediction accuracy while maintaining the probabilistic

properties of GPs [49]. This method uses GP to provide necessary information to enhance

the RNN model. The authors applied this method to data from the National Wind Energy

Technology Center to assess its accuracy. The method outperforms other state of the

art methods in terms of RMSE, but accuracy decreases as the forecast step increases and

computational time was not reported.

A sparse GP with moving window strategy is proposed for predicting wind gusts [50].

Historical data from numerical weather prediction (NWP) and the European Center for

Medium-Range Weather forecasts (ECMWF), as well as observed data from the 2022

Winter Olympics were used to train and validate the proposed method. The proposed

method outperforms the others (ECMWF, GP regression, random forest, ECMWF-Sparse
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Table 2.2: Results from a comparison of four distributions for wind speed modeling [47].

GP regression, and ECMWF-multiple linear regression models) in both short term and long

term forecasting. The authors note that the spatial correlation of the input variables may be

affecting the accuracy of this method. Furthermore, the moving window is meant to reduce

computational complexity, but computational times were not reported.

An application using WGP is presented in [51]. The authors use sparse online WGP in

order to account for the time-based data and the high computational cost associated with

WGP. Once again, the purpose of this analysis is to better predict wind power production.

On data from an actual wind farm, the proposed method was competitive with GP and

splines quantile regression. However, future work would improve hyperparameter estimation,

include heteroscedasticity, changes in wind direction, and terrain. Figure 2.8 shows the wind

power prediction compared to the observed data and with confidence intervals. The results

show the flexibility of WGP in action.

2.7 Drone Functionality

2.7.1 Exploration

A truly autonomous system requires no user intervention. One element of autonomous

drone navigation is exploration. Programming a specific path for a drone can be efficient in

scenarios where the operation is routine, however, in the case that an event is not routine,

an autonomous drone needs to be able to make path decisions. In these events, a drone

may need to be deployed to gather information and would ideally know when it has collected

enough or must continue searching. GPs can determine the best trajectory based on available
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Figure 2.8: Results of one-hour ahead wind power forecasting using sparse online WGP
[51]. This figure highlights not only the accuracy of the WGP method, but also the flexibility
of WGP. The prediction intervals adjust to capture fluctuations in the data.

data while measuring the uncertainty of the unexplored area, i.e., what is the probability

that an unexplored area would have new, valuable information.

Modern remote sensing provides a novel way to characterize important features of

unexplored phenomena of interest [52]. The authors treat the combination of the available

measurements and the probable uncertainty as an optimization problem. Parameters that

estimate the cost of maneuvering are also incorporated. The authors evaluate this process in

a simulated space exploration with test cases that emphasize and de-emphasize exploration.

Case 1 favored exploration over data refinement, Case 2 placed less emphasis on exploring

the whole field of interest, Case 3 decreases emphasis on exploration over time as data

is collected, and Case 4 made emphasis on exploration dependent on the cost to perform

maneuvering. Best performance occurred under conditions that favor exploration.

The autonomous exploration of unknown phenomena is further investigated via a process

termed ”informative planning” [53]. In this case, the focus is on long-term planning, where

the computational expense remains a continuous problem as data accumulates. Therefore,

the authors use Sparse Online Gaussian Processes (SOGP) to reduce high computational

costs. Online learning is pertinent here as the SOGP needs to incorporate the temporal

variation of the environment, re-estimating the hyperparameters when needed. This process

needs spatio-temporal cues to justify the computational cost of any updates. The authors
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applied this method to a simulated ocean environment using real world salinity data.

When hyperparameters were manually set, performance was weak, but data-driven selection

improved performance and reflected ground truth.

2.7.2 Energy Harvesting

Energy harvesting is crucial in remote sensing operations. EH is defined as the process of

using energy from external sources (i.e. wind, solar, etc.) and storing it as usable electricity

[54]. A critical component of the AIMS project is the use of drones and sensors, which have

a finite battery life. Charging stations, drones, sensors, etc. need to record battery level

so that the system can make decisions accordingly. Drones need to retain enough battery

to return to their charging stations and sensors need to indicate low battery life to the

main control system to ensure their timely replacement. Adding stochastic processes to this

system can create more efficient operation over drone and sensor battery life. Furthermore,

electric field energy harvesting is of interest to power grid operations in general [55].

A novel method using an Age of Information (AOI) based status update system for a

two-state stochastic process extends recent AOI research by considering the state of the

stochastic process (normal or alarm) and the status changes unknown to the monitoring

application [56]. The authors use an EH sensor that sends status updates to a destination

node under the condition that the stochastic process will be in the normal state or the alarm

state for a certain amount of time. At every time slot, the sensor generates a status update

and then determines if the destination node and monitor are advised. If there is a state

change, the system should leverage that with the AOI at the destination node to determine

if an update is desirable given energy resources. Consideration of all these variables is a

cost minimization problem to determine the best energy harvesting policy, achieved using

a Markov Decision Process. The authors conclude that reserving energy is necessary to

prepare for unexpected, long periods of an alarm state. In practical terms, status updates

will be less frequent during a normal state and much more frequent during an alarm state.

Figure 2.9 depicts the cost of different combinations of state transitions.
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Figure 2.9: The impact of different combinations of stochastic process’ state transition
(P10 is normal, P01 is alarm) probabilities on the cost function, J∗(s0) [56]. Cost remains
high during scenarios where there is a high probability of transitioning from a normal state
into an alarm state. The lowest cost occurs when both the probability of transitioning to
either state is high, suggesting that constant state transitions maintain low cost but are
likely not collecting a large amount of information.
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Chapter 3

Methodology

3.1 The Warped Gaussian Process

3.1.1 The Gaussian Process

As the name suggests, the Warped Gaussian Process (WGP) is built upon the traditional

Gaussian process (GP). Therefore, in order to explain the WGP, I will begin by mathe-

matically defining a GP. A portion of this section draws from my prior publication, ”A

Warped Gaussian Process Tutorial using a Simple Example” [57]. As stated in Chapter 1,

a GP is a collection of random variables that have a joint Gaussian distribution [17]. If

X is a vector of random variables that follow a Gaussian distribution, then X ∼ N (µ,Σ)

where µ is the mean and Σ is the covariance matrix. X can be written in vector notation

as X =
[
X1 X2 . . . Xn

]T
where N is the number of input vectors. It follows that the

corresponding function values f(x) =
[
f(x1) f(x2) . . . f(xn)

]T
also follow a Gaussian

distribution [58], so f(x) is a Gaussian process. The GP, f(x), is defined as follows:

f(x) ∼ GP(m(x), k(x,x′)) (3.1)

m(x) = E[f(x)] (3.2)
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k(x,x′) = E[(f(x)−m(x))(f(x′)−m(x′))] + δijσ
2 (3.3)

where m(x) is the mean function and k(x,x′) is the covariance function, also called a

kernel. δ is the Kronecker delta (see Appendix A). This definition assumes independent

and identically distributed (i.i.d.) Gaussian noise, denoted as ϵ ∼ N (0, σ2). The joint

distribution of f(x) and some function value f(x∗) at test point x∗ can be written as

 f(x)

f(x∗)

 ∼ N (m(x∗),

K(X,X + Iσ2
n) K(X,X∗)

K(X∗, X) K(X∗, X∗).

) (3.4)

where the Iσ2
n term represents the i.i.d. noise. The conditional probability is defined as

follows:

f(x∗)|X, f(x), X∗ ∼ N (m(x∗), K(X,X∗)) (3.5)

f̄∗ = E[f(x∗)|X, f(x), X∗] = K(X∗, X)[K(X,X + Iσ2
n)]

−1f(x) (3.6)

cov(f∗) = K(X∗, X∗)−K(X∗, X)[K(X,X + Iσ2
n)]

−1K(X,X∗) (3.7)

where f̄∗ is the mean and cov(f∗) is the covariance. One method for determining the best

model hyperparameters is done by maximizing the log marginal likelihood function. The

marginal likelihood, or the probability of y given X is defined below:

p(y|X) =

∫
p(y|f , X)p(f |X)df . (3.8)

Taking the log of the previous equation results in the log marginal likelihood:

log p(y|X) = −1

2
yTK(X,X + Iσ2

n)
−1y − 1

2
log|K(X,X + Iσ2

n)| −
n

2
log(2π). (3.9)
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Solving the integral in Eqn. 3.8 not straightforward. The full derivation can be found

in [17]. Recall that GPs are considered computationally expensive. The derivation shows

why: solving for mean and covariance requires matrix inversion, which is computationally

demanding. There are several methods to address this that were outlined in Chapter 2, but

this is one of the main drawbacks of using a GP.

3.1.2 The Warped Gaussian Process

In this section I will introduce the Warped Gaussian Process. This method uses a warping

function to project the observation space into a latent space in such a way that the data

is well-modeled by a Gaussian distribution. In order to warp the observation space target

values (yN) to latent space, let zN be a vector of latent target values modeled by a GP. The

monotonic function f maps all the entries from the actual target space to the latent space,

as defined below:

zn = f(yn; Ψ) (3.10)

where Ψ denotes the set of parameters for the warping function f . The only restriction

on the function f is that it must be monotonic or the probability distribution will not be

valid over f(x) [19]. Going forward, the hyperbolic tangent function will serve as the warping

function:

f(y,Ψ) = y +
I∑

i=1

ai tanh(bi(ci + y) (3.11)

where ai, bi ≥ 0 ∀i. This function generates smooth steps over the target values. In this

case, a represents the magnitude, b represents the slope, and c represents the position of the

steps. The number of hyperparameters a, b, and c is determined by how many iterations, I,

of the warping function are used in the transformation. The number chosen must be weighed

against the computational complexity that the warping function will produce. I used only

the number of iterations necessary to improve upon the standard GP, either I = 2 or I = 3.

Continuing the warping process, the log marginal likelihood undergoes the transforma-

tion, thus logp(zN |XN ,Θ) and logp(yN |XN ,Ψ) are defined below:
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log p(zN|XN ,Θ) = −1

2
zTnK(X,X + Iσ2

n)
−1zn −

1

2
log|K(X,X + Iσ2

n)| −
n

2
log(2π) (3.12)

log p(yN|XN ,Ψ) = −1

2
f(yn)

TK−1f(yn)−
1

2
log|K|+

N∑
n=1

log
∂f(t)

∂t
|tn − n

2
log(2π) (3.13)

where K = K(X,X + Iσ2
n) and the Jacobian accounts for the warping. (The Jacobian is

defined in more detail in Appendix A). Now, prediction in the latent space moves forward

with a standard GP as defined earlier in this chapter - the latent space targets, zn are

predicted using XN with GP parameters Θ. To return the data to the observation space,

the targets zN are passed back through the warping function to predict the original target

space, yn:

P (yN+1|xN+1,Θ,Ψ) =
f ′(yN+1)√
2πσ2

N+1

exp[−1

2
(
f (yN+1)− zN+1

σN+1

)2] (3.14)

As seen from Eqn. 3.14, predicting the observation space targets yn from XN depends on

the parameters from the latent space GP, Θ, and the parameters from the warping function,

Ψ. Recall Ψ contains the hyperparameters a, b, and c which control the shape of the warping

function. The GP parameters Θ depend on kernel choice, for example, the length scale, l, is

a hyperparameter that controls the smoothness of the GP. Kernels will be discussed in more

detail in the next section.

WGP provides the complete probability distribution with the equation above and can be

used to make point predictions for the median by inverting the warping function directly. I

used the median for prediction, so all forecasting loss functions are based on mean absolute

error (MAE) [59]:

MAE =
1

n

n∑
i=1

|yi − ŷi| (3.15)
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where n is the number of data points, yi is the actual value, ŷi is the predicted value,

and |yi − ŷi| is the absolute error for each data point. Figure 3.1 shows the basic code for a

WGP in Python for I = 2.

3.1.3 Kernels

The kernel function is the heart of the GP. There are several well-defined kernel functions,

and kernels can be combined and scaled to best model the data [60]. The choice of kernel will

not only affect the outcome of the model, but also the associated computational complexity.

The best choice for kernel function will depend on domain knowledge, the underlying data

structure, and hyperparameter optimization. In this paper, I used single, simple kernels

to compare the basic performance of GP vs. WGP. Some well-known kernels that will be

referenced later are defined below.

White Noise (WN):

kWN(xi, xj) = σ2δ(i, j) (3.16)

where σ2 is the variance and δ is the Kronecker delta. As its name suggests, this kernel

models the i.i.d. Gaussian noise referenced earlier in this chapter.

Squared Exponential (SE):

kSE(xi, xj) = σ2exp[−(
xi − xj

l2
)2] (3.17)

where l is the length scale. This is also known as the Radial Basis Function (RBF) kernel,

which is how I refer to it in this paper. This is one of the most commonly used kernels for

GP analysis in the literature (see Chapter 2).

Rational Quadratic (RQ):

kRQ(xi, xj) = σ2(1 +
(xi − xj)

2

αl2
)−α (3.18)
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Figure 3.1: Basic code for a WGP in Python.
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where α is the index, and l is the length scale. The RQ kernel is built off of the SE, and

both are suitable to smooth functions.

Matérn (M):

kM(xi, xj) =
21−ν

Γ(ν)
(2
√
ν
|xi − xj|

l
)Bν(2

√
ν
|xi − xj|

l
) (3.19)

where Γ is the standard Gamma function and B is the modified Bessel function of second

order, ν is the degree of differentiability (typically, ν = 3/2, 5/2), and l is the length scale.

Periodic (P):

kP (xi, xj) = C2exp(−
2sin2(

π|xi−xj |
p

)

l2
(3.20)

where p is the period and l is the length scale. Aptly named, this kernel is useful for

modeling periodic functions.

3.1.4 Time-series analysis

Several of the following analyses will rely on time-series forecasting as the basis for modeling.

Classical statistics methods like Autoregressive integrated moving average (ARIMA) and

seasonal ARIMA and GP regression are well represented in the literature. WGP offers

a method to further investigate kernel choice in forecasting and maintains the statistical

interpretability of classic methods. Time-series analysis under WGP is considered a

regression problem and will follow the definition outlined earlier in this section. In time

series analysis, the input vector is xt =
[
x1,t x2,t . . . xn,t

]T
, representing the i-th variable

at time t and the target values yt are the time-series at time t. ARIMA is an established,

widely used statistical method for time-series analysis. ARIMA is denoted as ARIMA(p,d,q)

where p is the lag order, d is the degree of differencing, and q is the order of the moving

average. Vector Autoregression (VAR) is a generalization of ARIMA for multivariate data.

For a detailed explanation of ARIMA and VAR, see Chapter 2 of [61].
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3.2 Power Grid Simulation

In this section I will describe the methods and software packages to simulate the power grid

datasets. The Institute of Electrical and Electronics Engineers (IEEE) provides different

bus test cases based on the American Electric Power system. These standardized cases are

commonly used in the literature for power analysis and allow for consistent comparative

analysis. The IEEE 14 bus system [62] has 14 buses, 11 loads, and 5 generators. Figure 3.2

shows a graphical depiction of this system. Associated data tables can be found in Appendix

3.

The IEEE Bus 14 test case was implemented using Python’s Pandapower to simulate

power grid data. Pandapower is an open-source Python library for power system analysis and

optimization built on top of Pandas and NumPy [63] to model transmission and distribution

systems specifically. All of the data used in the pandapower network is recoverable as pandas

dataframes. This output includes the following data points:

1. Voltage magnitude and angle at each bus

2. Voltage estimates from state estimation

3. Power flow through external grid elements

4. Generator active/reactive power output

5. Static generator power output

6. Power consumption by loads

7. Reactive power from shunts

8. Results from storage elements

9. Power flow, current, and loading of lines

10. Power flow and loading in 2-winding transformers

11. Power flow in 3-winding transformers
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Figure 3.2: Graphical depiction of the IEEE 14-Bus test case system [62].
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12. Results for impedance elements

13. Results for switches (open/closed)

14. Results from DC lines

The combined data from all these elements are usually about 100 rows by 32 columns.

I used Pandapower to generate grid data for approximating the OPF equations, estimating

parameters, and load forecasting. The code can be found in Appendix F.

3.2.1 The Optimal Power Flow Solution

There are several methods in the literature (Chapter 2) for optimal power flow (OPF)

solutions, including GPR. However, WGP has not been applied to estimating the OPF

solution. The equations associated with OPF are non-linear and complex, therefore, WGP

may be better suited to this problem than GP due to its increased flexibility [29].

The AC Optimal Power Flow (ACOPF) problem aims to minimize the total cost while

satisfying the necessary constraints [64]. The ACOPF objective function is

min
P,Q

n∑
i=1

Ci(Pi) (3.21)

where P = [P1, P2, . . . , Pn] is the vector of active power generation, Q = [Q1, Q2, . . . , Qn]

is the vector of reactive power generation, and Ci(Pi) is the cost function associated with

generator i.

The power balance equations ensure that the power injected at each bus matches the

power consumed and lost in the transmission network:

Pi =
n∑

j=1

|Vi||Vj|(Gij cos(θij) +Bij sin(θij)) (3.22)

Qi =
n∑

j=1

|Vi||Vj|(Gij sin(θij)−Bij cos(θij)) (3.23)
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where Pi and Qi are the active and reactive power injections at bus i, Gij and Bij are

the real and imaginary parts of the admittance between buses i and j, and θij is the phase

angle difference between buses i and j.

The inequalities below represent the multiple constraints in this problem: 1) that there

are minimum and maximum active and reactive power generation limits for each generator,

2) that all voltage magnitudes at all buses are within acceptable bounds, and 3) that the

phase angle differences between adjacent buses is limited.

Pmin,i ≤ Pi ≤ Pmax,i (3.24)

Qmin,i ≤ Qi ≤ Qmax,i (3.25)

Vmin ≤ |Vi| ≤ Vmax (3.26)

θmin,ij ≤ θij ≤ θmax,ij (3.27)

A recurring theme in the OPF literature is finding stochastic methods that can model this

problem without having to rely on a Gaussian representation of the data and/or noise. WGP

is well-suited to this problem because it can model non-Gaussian problems and captures

noise well. Optimizing through WGP can be achieved multiple ways [65, 66]. A general

representation of the optimization problem constraint is given by

∑
i

ãixi ≤ b

ãi = g(zi) (3.28)

where xi is a decision variable and ãi depends on the vector of decision variables zi ∈ Rk

through some function g (in a WGP context, g is the warping function). The set U contains

the constraints on the ãi parameters. Adapting the constraint problem for WGP optimization

[66] gives
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min
x,z∈X

f(x, z)

s.t.
∑
i

h−1(µ(zi))xi ≤ b, i ∈ [n] (3.29)

where z is the vector of decision variables zi ∀i, f is a known function, and h−1(µ(zi))

is the inversely warped mean prediction of the GP. An α-confidence ellipsoid εα can be

constructed in latent space:

εα(z) = {ξ : (ξ − µ(z))TΣ−1(z)(ξ − µ(z)) ≤ F 1−α
n } (3.30)

where F 1−α
n is the chi-squared cumulative distribution with n degrees of freedom and Σ

is the covariance matrix. Then the optimization problem can be written as

min
x,z∈X

f(x, z)

s.t. yTx ≤ b, ∀y : h(y) ∈ εα(z) (3.31)

Rewriting in terms of the uncertainty set U , the optimization problem can be written as

min
x,z∈X

f(x, z)

s.t. yTx ≤ b, ∀y ∈ U(z) (3.32)

where U(z) = {y ∈ Rl : (h(y)− µ(z))TΣ−1(z)(h(y)− µ(z)) ≤ F 1−α
n } (3.33)

Figure 3.3 shows a representation of these spaces.

In the literature, GP has been used successfully as a surrogate model for the OPF

equations (see Chapter 2). I compared data-driven surrogate models using GP and WGP

to estimate the solution to the OPF equations. Once again, the pandapower IEEE 14-

Bus system was used to generate the data (100 runs producing 32 outputs per run). The

network data was extracted for training and testing, and Pandapower’s internal OPF function

comprised the true values. Pandapower’s OPF function uses PYPOWER, a Python port of
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Figure 3.3: Graphical depiction of εα in latent space and U in observation space [66].

MATPOWER to solve the OPF equations. This ensures that the constraints discussed in

this section are maintained. The benefit of using a surrogate model is reduced computational

time as the the OPF solution does not need to be directly solved. However, this data-driven

approach means that the GP and WGP surrogate models do not enforce constraints as in

the direct OPF equations. The results of this analysis can be found in Chapter 4.

3.2.2 Parameter Estimation

The power grid is a complex system that depends on multiple variables for successful

operation. In some power grid system with a set of N buses, N = {1 . . . N} with generator

buses Ng and load buses Nl, the following represent some of the applicable system variables:

· Vi: Voltage magnitude at bus i.

· θi: Voltage phase angle at bus i.

· ωi: Rotor frequency deviation at bus i.

· PM: Mechanical power input to generator i.

· P L: Power load output from generator i.
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· δi: Phase angle deviation at bus i.

· δ̇i: Rate of change of phase angle at bus i.

· Mi: Inertia coefficient of generator i.

· Di: Damping coefficient of generator i.

Using the variables above, the dynamic power system can be described by the following

equations [67]

δ̇i = ωi, i ∈ Ng (3.34)

Miω̇i = PM
i −

∑
j∈N

Bij sin(δij)−Diωi, i ∈ Ng (3.35)

Diδ̇i = −PL
i −

∑
j∈N

Bij sin(δij), i ∈ Nl (3.36)

where Bij is the susceptance of the line i, j and δij = δi − δj. The inertia and damping

coefficients are particular interesting for parameter estimation. In the power grid, inertia is

a physical property referring to the energy stored from the rotating generators. This helps

maintain reliability by responding to frequency imbalances [68]. Damping, which occurs from

mechanical and electrical losses, is critical to maintaining stability [69, 70]. Both are physics-

based parameters that are non-linear, non-stationary, and crucial to power grid stability,

making WGP regression a suitable and underused method [71]. I extracted the data from

a pandapower IEEE 14-bus system to simulate the swing equations in Python (Pandapower

code can be found in Appendix F). Over time (200 data points over 5 seconds), I tracked

the rotor angular deviation and angular velocity deviation to extract dynamic features: the

maximum and final rotor angular deviations and angular velocity deviations. The results of

this analysis can be found in Chapter 4.

The power flow equations are not the most practical way to estimate parameters in a

power grid setting. Measurements are noisy and may not be available at every grid element at

any given time. State estimation (SE) addresses this problem through a measurement model
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to estimate states. This model, in total, consists of five different functions: Measurement pre-

filtering, topology processor, observability analysis, state estimation, and bad data processor

[72]. Various statistical methods are applied within this problem, including weighted least

squares, chi-squared and residual tests, etc. The full problem definition can be found in

Chapter 4 of [72]. Generally, consider an input vector m that contains a set of measurements

for each system state:

m =


m1

m2

. . .

mm

 =


h1(x1, x2, . . . , xn)

h2(x1, x2, . . . , xn)

. . .

hm(x1, x2, . . . , xn)

 (3.37)

where hm is a non-linear function of a system state vector x for the ith measurement

mi. There is error, e associated with each measurement, thus m = h(x) + e. It should be

immediately apparent that this is collection of functions, suitable to WGP analysis.

Other methods, including GPR, are used in the literature for SE, but WGP has not been

applied to this problem. WGP is well-suited to SE because it can handle non-linear and

noisy data. Managing a SCADA system with WGP also benefits from its interpretability.

3.2.3 Load Forecasting

Electricity demand has peak and non-peak hours, meaning efficient operation relies on

properly identifying these hours. Previous research applications in the literature have used

traditional GPs or other stochastic methods to model power demand successfully, but WGP

is underrepresented in this area, particularly in transmission and distribution applications.

WGP is suitable for this problem given that alternate current power flow is usually modeled

with non-linear equations and demand forecasting often requires using non-stationary, noisy

data. The focus of this research is short-term prediction (24-hours ahead).

The system uses a distributed slack to ensure every generator contributes and one

controller for load scaling. One week of data was simulated with one data point per hour

for 168 data points total. Figure 3.4 shows the total load power over the week, Figure 3.5

43



Figure 3.4: Simulated total power load for one week.

shows the generator output, Figure 3.6 shows voltage for each bus, and Figure 3.7 shows the

line loading.

The total power load (Figure 3.2) generated from the pandapower IEEE 14-Bus network

shows an increase in load in the early hours of each day with a peak in the afternoon/evening,

and then a decrease in the night, which is expected. The data show general daily seasonality

well suited to time series analysis, however, there is noise present and the peak hour is not

the same every day. Summary statistics for total power load are shown in Table 3.1. I

compared an ARIMA model, a GP model, and a WGP model to analyze the load profile

time series and assess each model’s predictive power. As mentioned earlier in this chapter,

time series analysis with WGP is a regression problem where the time step t acts as the x

variable, in reference to the basic WGP code (Figure 3.1). The results of this analysis can

be found in Chapter 4.
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Figure 3.5: Simulated generator loads for one week.

Figure 3.6: Simulated bus voltages for one week.
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Figure 3.7: Simulated line loading for one week.

Table 3.1: Summary statistics for total power load (MW).

Total Load (MW)
min 235.8910

25th percentile 241.0552
mean 247.1071

75th percentile 253.2757
max 258.9776
std 6.9663
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3.3 Signal Analysis

One key aspect of the AIMS project is the deployment of drones during some trigger event

to assess the situation. These ”triggers” will likely be the result of some anomaly that has

been assessed by the SCADA system. One type of anomaly that can be measured in a power

grid is electrical signal distortion [31]. Continuous or transient disturbances can be modeled

and analyzed through signal analysis, and these types of disturbances can be thought of as

anomalies. Signal analysis in power grid operations is challenging due to the non-linearity

and non-stationary nature of the data, not to mention the large number of contributing

variables (voltage, current, phase angle, etc.). If a signal is represented by a waveform, x(t),

then the detection equations can be represented as follows [73]:

xa(t) = x(t) + jH[x(t)] (3.38)

= A(t)ejϕ(t) (3.39)

where x(t) is the real-valued signal, j =
√
−1, H[·] is the Hilbert transform, A(t) is the

instantaneous amplitude, and ϕ(t) is the instantaneous phase. The instantaneous amplitude

can be rewritten for envelope detection as

A(t) =
√

x(t)2 +H[x(t)]2 (3.40)

and the instantaneous phase is defined below:

ϕ(t) = tan−1

(
H[x(t)]

x(t)

)
. (3.41)

The Fast Fourier transform (FFT) is calculated with the following equation:
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FFTk =
N−1∑
n=0

e−j2π kn
N xn (3.42)

where FFFk is the k-th frequency component of the transformed signal, xn is the n-th

sample of the input signal, and e−j2πnk/N represents the complex exponential representing

the k-th frequency basis function. The FFT is an efficient way to calculate the Discrete

Fourier Transform, a technique useful for analyzing signals in the frequency domain. More

information on DFT can be found in [72].

It is common to model power transmission under the assumption that it is balanced [74],

however, this is not a guarantee in practice. WGP is underutilized in signal analysis [75]

since it can account for asymmetric and unbalanced data and is more suited for modeling

noise than traditional GPs. SCADA is particularly relevant here. Each of these grid aspects

separately (i.e. load, damping, inertia, signal, etc.) are important, but it is more useful

to integrate the data so that there is feedback between different measurement systems. In

the AIMS scenario, this is relevant to the drones ”communicating” with each other to share

information. With the increase in smart technologies like Phasor Data Concentrators [76],

anomaly detection applications will likely see an influx of data that must be transformed

into usable information.

The Grid Event Signature Library (GESL) [77] is a repository for power grid waveform

data hosted by ORNL and the Lawrence Livermore National Laboratory under the Office

of Electricity. The waveforms available are phasor measurement unit (PMU) and point-on-

wave (PoW) data over different sampling rates, voltage levels, and measurement parameters.

The PMU data analyzed from the GESL are events that can be categorized as anomalies

due to lightning strikes, arcing, and fuse blows. There are 82 samples in total: 21 in the

lightning strike class, 30 in the arcing class, and 31 in the fuse blow class. In order to

expand this dataset for classification, I used the real world data to simulate synthetic signals.

Each waveform was augmented by adding noise to the signal, applying random time shifts,

and scaling the signal amplitude within a given range (.80-1.1). After this augmentation

process, 332 total waveforms were used for classification. Figures 3.8 - 3.10 show examples
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Figure 3.8: Magnitude spectrum for a signal under a lightning strike.

of anomalies and their effect on the magnitude spectrum. There is a clear distinction between

all three, suggesting that feature extraction from signal analysis will aid in classification. I

compared a GP and WGP filter for classifying anomaly grid events with a random forest

classifier. Figure 3.11 shows the diagram for this process.

WGP time-series analysis is another avenue for detecting energy loss anomalies and arcing

within a signal. Non-technical energy loss can be due to theft or faulty equipment [78] while

arcing is characterized by a large release of energy [79]. In both cases, outlier detection

and prediction are necessary, which can be accomplished by WGP analysis. Other methods

(parametric and non-parametric) have been used to identify anomalies in time-series data,

but WGP is not often used for time series analysis despite its advantages in analyzing non-

stationary data, periodicity, and noise - which can hinder deep learning methods [80].

3.4 Load + Weather Forecasting

Climate change presents new challenges for power grid operation. Strong winds can damage

infrastructure by causing galloping power lines, flying branches and debris, and downing

power poles. Extreme high or low temperatures create significant demand on power grids.
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Figure 3.9: Magnitude spectrum for a signal under arcing.

Figure 3.10: Magnitude spectrum for a signal under a fuse blow.
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Figure 3.11: Diagram showing the process for classifying signal anomalies.

They can cause power lines to expand or contract due to their material composition. Weather

variables are random in nature, therefore difficult to model. Since they do not follow existing

distributions, WGP is particularly applicable since it creates a warping function based on

empirical data. Moreover, how these variables are related and/or interact is of interest to grid

operations, for example, load forecasting is influenced by weather. Wind speed is often used

in forecasting temperature and vice versa. Previous research using deep learning methods to

forecast weather have reported high accuracy, but do not show consensus on which kernels

are most effective and success varied by location and season [81, 82].

Publicly available, well-maintained datasets with both weather and power load measure-

ments are not readily available in the U.S. despite the close relationship between weather and

grid operations [83]. I performed the time-series analysis on national electric load data from

Panama’s national utility, CND [84]. The Panama dataset contains hourly measurements of

the national load in Panama, and the temperature, humidity, precipitation, and wind speed

for three different cities: Tocumen, Santiago, and David. It also contains holiday category

(holiday or no holiday), holiday id, and school category (school in session or out of session).

I used the most recent data available for 24-hour ahead prediction (June 20, 2020 to June

25, 2020). Summary statistics for hourly weather data can be found in Table 3.2.

Correlation maps for the hourly weather data are shown in Figure 3.12 - 3.14. Each city

shows moderate correlations between humidity and precipitation, which is expected. In all

cities, temperature is more positively correlated with national load demand than the other

weather variables. In general, the correlation maps differ quite a bit city to city, suggesting

the weather and power are uniquely related to location.
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Table 3.2: Summary statistics for national load demand and weather data for three different
cities: Tocumen (T), David (D) and Santiago (S).

Nat Load Temp (T) Humidity (T) Precipitation(T) Wind Speed (T)
min 997.9285 26.7056 0.0191 0.0387 4.6958

25th percentile 1052.3753 26.8453 0.0199 0.0606 8.6619
mean 1106.2777 27.6412 0.0200 0.0884 12.3878

75th percentile 1175.963100 28.5247 0.0203 0.1138 16.4929
max 1225.1657 28.8738 0.0205 0.1525 0.1525
std 73.3156 0.8441 0.0004 0.0349 4.7793

Temp (D) Humidity (D) Precipitation(D) Wind Speed (D)
min 23.0642 0.0177 0.1509 0.7792

25th percentile 23.3149 .0181 .1611 1.8949
mean 24.3112 0.0183 0.1920 2.3729

75th percentile 25.463075 0.0185 0.2203 2.9236
max 26.1293 0.0189 0.2458 3.1381
std 1.1378 0.0003 0.0321 0.7081

Temp (S) Humidity (S) Precipitation(S) Wind Speed (S)
min 24.7919 0.0188 0.0739 1.99078

25th percentile 25.1371 0.0191 0.0996 2.7075
mean 26.4440 0.0195 0.1114 3.9597

75th percentile 27.8826 0.0199 0.1225 5.5007
max 28.6414 0.0201 0.1539 6.4854
std 1.4326 0.0004 0.0179 1.5215
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Figure 3.15 - 3.17 show the national load demand versus each weather variable. As

was suggested by the correlation map, there is a positive trend between load demand and

temperature. Each city has separation in terms of temperature and humidity, however, the

trend between national load demand and humidity is not as clear. Precipitation is much less

separable by city, and there is no clear relationship between that and load demand. Tocumen

clearly experiences higher wind speeds than David and Santiago, but again there is no clear

relationship between load demand and wind speed.

Figure 3.19 - 3.22 show the time series for each of the weather variables and 3.23

shows the time series for the national load demand. Temperature is showing very periodic

behavior reflecting the rise and fall each day, but all of these variables are showing non-

stationary behavior. The other weather variables show much more random behavior with

significant spiking at certain points. The national load demand is most closely related

to the temperature variable by inspection. WGP is a flexible model that is suitable to

this type of data. I performed multiple statistical tests prior to performing ARIMA to

determine the p, d, and q variables for each variable model. The Augmented Dickey-Fuller

test (ADF) and the Kwiatkowski-Phillips-Schmidt-Shin test (KPSS) are both unit root tests

to determine stationarity [85, 86]. The test statistics and results of these tests can be found

in the Appendix B. I compared WGP with a standard GP and a VAR model using hourly

frequencies for short-term (24-hours ahead) evaluation. The results of this analysis can be

found in Chapter 4.
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Figure 3.12: Correlation heatmap for hourly weather variables in the city of Tocumen.

Figure 3.13: Correlation heatmap for hourly weather variables in the city of David.
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Figure 3.14: Correlation heatmap for hourly weather variables in the city of Santiago.

Figure 3.15: National load demand v temperature for each city.
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Figure 3.16: National load demand v humidity for each city.

Figure 3.17: National load demand v precipitation for each city.
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Figure 3.18: National load demand v wind speed for each city.

Figure 3.19: Temperature time series for each city.
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Figure 3.20: Humidity time series for each city.

Figure 3.21: Precipitation time series for each city.
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Figure 3.22: Wind Speed time series for each city.

Figure 3.23: National load demand for Panama.
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Chapter 4

Results

4.1 Power Grid Modeling

4.1.1 The Optimal Power Flow Equations

This section discusses the results of using WGP as a surrogate model for approximating

the OPF equations based on a Pandapower IEEE 14-Bus system. The surrogate model

used the network parameters (bus voltages, line loadings, etc.) to approximate the voltage

magnitude, voltage angle, and generator active load outputs. Both surrogate models had no

line loading violations. Figure 4.1 shows a chart comparison for the MAE at each output

for GP and WGP. Bus voltages (VM pu) are represented by indexes 0-13, bus angles (VA

degrees) by 14-27, and generator load (P MW) by 28-31. Clearly, GP outperforms WGP in

this scenario. Both models show MAE of zero or close to zero for the bus voltages. This is

likely because the voltages at the buses are operating under steady state conditions which

is easier to estimate compared to bus angles and generator active power loads. MAE starts

to spike in estimating bus angles and generator loads. As discussed in Chapter 3, OPF

models operate under constraints and produce smooth outputs by design as part of the

OPF solutions while surrogate models cannot enforce constraints. WGP is more suited to

non-Gaussian and non-linear data, thus a standard GP has better performance under stead

state conditions. Essentially, unless all the variables are similarly non-smooth or noisy, the

poor fitting variables will drag down accuracy. Notably, the WGP results worsened with
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Figure 4.1: GP v WGP MAE for OPF surrogate models based on 100 random runs of a
Pandapower IEEE 14-Bus network. Bus voltages (VM pu) are represented by indexes 0-13,
bus angles (VA degrees) by 14-27, and generator load (P MW) by 28-31. GP performance
is more accurate than WGP in terms of MAE.

additional iterations. The results here show that like most Gaussian models, the underlying

assumptions must be met as closely as possible to ensure best performance. WGP accuracy

may be improved by choosing only certain elements of network data to include, but in terms

of OPF surrogate models in this case, GP is superior.

4.1.2 Parameter Estimation

This section discusses the results of estimating damping and inertia coefficients from

Pandapower IEEE 14-Bus power grid data. I used GP and WGP in a data-driven analysis

of the output of the Pandapower simulation and swing equations. Table 4.1 shows the MAE

for the GP and WGP models. Figures 4.2 and 4.3 show the predicted value vs. true value

plots of inertia and damping for each method and

WGP outperforms GP in both cases, but inertia has a more significant improvement.

In both cases, the damping predictions are much flatter than that of inertia. This suggests

that damping is more difficult to estimate using these models or that the features extracted

from the Pandapower output are simply more suited to inertia. In addition, the physical

properties of inertia and damping play a role. Damping is more sensitive to noise [87], which
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Table 4.1: Results of estimating damping and inertia coefficients from a Pandapower IEEE
14-Bus grid data using GP and WGP. WGP outperforms GP in both cases.

MAE (GP) MAE (WGP)
Inertia (H) 0.1359 0.0920

Damping (Kd) 0.0406 0.0385

Figure 4.2: Prediction plots for inertia and damping coefficients from a Pandapower IEEE
14-Bus grid using GPR. GPR performance is stronger in inertia prediction.
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Figure 4.3: Prediction plots for inertia and damping coefficients from a Pandapower IEEE
14-Bus grid using WGPR. WGPR performance is stronger in inertia prediction and improves
upon GP prediction for both parameters.
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would explain why WGP improves performance but it is still more difficult to approximate

than inertia.

Compared to OPF, WGP is more suited to these grid data parameters because of their

known non-Gaussian behavior (especially under a disturbance) and relationship to power

system states like phase angle or frequency. WGP is ideal for estimating parameters with

known non-Gaussian behavior.

4.1.3 Load Forecasting

The results of the time-series analysis for load forecasting using ARIMA, GP, and WGP are

discussed in this section. Figures 4.4 - Figure 4.6 show the load forecasts for the ARIMA, GP,

and WGP models along with their confidence intervals. This forecast analysis is for short-

term prediction of simulated power load data from a Pandapower IEEE 14-Bus system. It

consists of six days of training data to predict 24 hours ahead. The GP and WGP figures

shown in this chapter are those with the Matérn 2.5 kernel, which had lowest WGP MAE.

Figures showing the load forecasts for each kernel can be found in Appendix D.

WGP outperformed both GP and ARIMA in this analysis. Table 4.2 shows the MAE

based on different kernels used in analysis (this only applies to the GP and WGP models).

I used four different kernels for comparison: the Square Exponential (RBF), the Matérn

kernels (M 3/2 and M 5/2), and the Rational Quadratic (RQ). The model with the best

overall performance is the WGP model with Matérn 5/2. Table 4.2 illustrates the importance

of kernel choice in both GP and WGP analysis - the optimal kernel differed between the two

approaches, highlighting that each model captures underlying system behavior in distinct

ways. Notably, the worst kernel performance in the WGP model is still more accurate than

the best kernel performance in the GP model. The right kernel choice is crucial to reap the

full benefits of WGP, but the improvements over a traditional GP in load forecasting are

clear.
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Figure 4.4: ARIMA power load forecast for 24-hour ahead prediction of power load data
generated from a Pandapower IEEE 14-Bus system (MAE = 3.1353). ARIMA had the worst
performance in terms of MAE.

Figure 4.5: GPR (M 5/2) power load forecast for 24-hour ahead prediction of power load
data generated from a Pandapower IEEE 14-Bus system. GP outperforms ARIMA but not
WGP in terms of MAE.
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Figure 4.6: WGP (M 5/2) power load forecast for 24-hour ahead prediction of power load
data generated from a Pandapower IEEE 14-Bus system. WGP outperforms both ARIMA
and GP in terms of MAE.

Table 4.2: Average MAE by kernel for the GP and WGP 24-hour ahead prediction of power
load data generated from a Pandapower IEEE 14-Bus system. WGP has better performance
overall and better individual kernel performance.

Kernel GP WGP
Train Test Train Test

Squared Exponential (RBF) 2.5284 2.9930 2.3465 2.5893
Matérn (M 3/2) 2.4931 3.2100 2.1257 2.5601

Matérn (M 5/2) 2.5043 3.1118 2.1182 2.4475
Rational Quadratic (RQ) 2.5284 2.9934 2.1869 2.6668

Average 2.5136 3.0771 2.1943 2.5659
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Figure 4.5 and Figure 4.6 show the flexibility of WGP in action. Not only does the

WGP confidence interval capture more of the noise in test data, it also ”stretches” further

than the GP in response to the noise in the data. Figure 4.7 shows the entire distribution

of these models over the training and test data where the ”warping” behavior of WGP is

obvious. The GP and WGP are not wildly different, but in specific areas (especially around

hour 24), it is clear the WGP is more robust to the non-linear and noisy nature of the data.

Furthermore, WGP can be improved by adding warping iterations if necessary to reach an

accuracy threshold.

However, Figure 4.1 shows the ARIMA model shows improved performance at the end

of the forecast. In terms of practical implementation, short term prediction may favor

WGP, whereas ARIMA may be more suited to long term prediction. This analysis focused

on simple, well-known kernels for implementation illustration. Further study with more

sophisticated kernel combinations could improve the long term WGP forecast. Overall,

WGP outperforms existing statistical methods, but further improvement is available.

4.2 Signal Analysis

The results of the signal analysis are discussed in this section. I used three features for

classification: frequency centroid, rms, and standard deviation. Tables 4.3 - 4.8 show the

results of the GP and WGP filtering on the classification of selected signal anomalies:

arcing, lighting strikes, and fuse blows. WGP filtering performs best overall in accuracy

and F-1 score. Each model classifies the baseline signal most accurately, so detecting an

anomaly is more successful than classifying the anomaly. Classifying lightning strikes has

poor performance for all models, but best performance from WGP. That said, WGP is least

successful at classifying arcing. Arcing and lightning strikes have similar effects on signal

data, which affects the model’s ability to distinguish between them. Furthermore, lightning

and arcing produce fast, high-frequency transients, adding to the detection difficulty. These

anomalies can also occur intermittently or propagate unpredictably. WGP is particularly

successful at classifying fuse blows. This is likely due to the nature of the anomaly - fuses

are designed to blow as a protective measure, and they have a distinct effect on the signal.
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Figure 4.7: GP and WGP (M 5/2) comparison for 24-hour ahead prediction of power load
data generated from a Pandapower IEEE 14-Bus system. WGP is more flexible than GP
and its 95 percent confidence intervals capture more of the noise in the predictions.

Table 4.3: Classification Report — Unfiltered: Results of the anomaly classification using
combined real-world and synthetic signal data from the GESL. Classifying baseline (no
anomaly) behavior is most accurate.

Class Precision Recall F1-score Support
Arcing 0.35 0.44 0.39 16
Baseline 0.95 0.90 0.92 20
Fuse Blow 0.33 0.35 0.34 17
Lightning Strike 0.40 0.29 0.33 14
Accuracy 0.52 (67 samples)
Macro Avg 0.51 0.49 0.50 67
Weighted Avg 0.53 0.52 0.53 67
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Table 4.4: Confusion Matrix — Unfiltered

Arcing Baseline Fuse Blow Lightning Strike
Arcing 7 1 6 2
Baseline 2 18 0 0
Fuse Blow 7 0 6 4
Lightning Strike 4 0 6 4

Table 4.5: Classification Report — GP Filtered: Results of the anomaly classification using
combined real-world and synthetic signal data from the GESL. GP filtering performance is
the worst, with particularly bad performance in classifying lightning strikes.

Class Precision Recall F1-score Support
Arcing 0.38 0.38 0.38 16
Baseline 0.91 1.00 0.95 20
Fuse Blow 0.33 0.35 0.34 17
Lightning Strike 0.09 0.07 0.08 14
Accuracy 0.49 (67 samples)
Macro Avg 0.43 0.45 0.44 67
Weighted Avg 0.46 0.49 0.48 67
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Table 4.6: Confusion Matrix — GP Filtered

Arcing Baseline Fuse Blow Lightning Strike
Arcing 6 1 4 5
Baseline 0 20 0 0
Fuse Blow 5 1 6 5
Lightning Strike 5 0 8 1

Table 4.7: Classification Report — WGP Filtered: Results of the anomaly classification
using combined real-world and synthetic signal data from the GESL. WGP filtering
performance is the best.

Class Precision Recall F1-score Support
Arcing 0.36 0.25 0.30 16
Baseline 0.82 0.90 0.86 20
Fuse Blow 0.45 0.53 0.49 17
Lightning Strike 0.43 0.43 0.43 14
Accuracy 0.55 (67 samples)
Macro Avg 0.52 0.53 0.52 67
Weighted Avg 0.53 0.55 0.54 67
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Table 4.8: Confusion Matrix — WGP Filtered

Arcing Baseline Fuse Blow Lightning Strike
Arcing 4 2 6 4
Baseline 2 18 0 0
Fuse Blow 3 1 9 4
Lightning Strike 2 1 5 6

Note that GP filtering actually hurt performance. This suggests that the noise filtering

may be removing important characteristics of the signal, highlighting WGP’s superior

handling of non-stationary and non-Gaussian signal components. However, WGP’s effect

on RF classification accuracy is not strong on its own. Other preprocessing classification

methods could bolster WGP’s filtering. There are also other features that may need to be

considered that better reflect the behavior of the signal anomalies. In general, WGP filtering

is more effective at accurately modeling signal noise than GP filtering, but more research

is needed to improve performance in anomaly classification. This method is well-suited to

modeling noisy signals and shows promise at identifying anomalies in signal data associated

with power grid operations.

4.3 Load + Weather Forecasting

This section focuses on the results of the load forecasting in combination with weather data.

Weather has a significant impact on grid operations, but both are complex systems that are

hard to model. I performed this analysis on a real-world dataset measuring temperature,

relative humidity, and wind speed for three separate cities in Panama, as well as the national

demand [84]. Figures 4.8 - 4.10. show the results of multivariate forecasting with a VAR

model, a GP model, and a WGP model using temperature, wind speed, and humidity.
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Figure 4.8: Wind speed VAR model for 24-hour ahead prediction of national load demand.
VAR had the worst performance.

Figure 4.9: Wind speed GPR (RBF) model for 24-hour ahead prediction for national load
demand. GPR outperforms VAR but not WGP
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Figure 4.10: Wind speed WGPR (RBF) model for for 24-hour ahead prediction of national
load demand. WGP had the best performance.

Table 4.9 shows the MAE for all of the models and weather variables. Overall, the WGP

models outperformed the others. The largest error improvement from GP to WGP occurred

for the wind model. Wind is particularly random in nature, illustrating WGP’s capability

at handling complex data with an unclear underlying distribution. Similarly, the humidity

data showed randomness and had the worst model performance for VAR, GPR, and WGPR.

In comparison, the best performance for all models occurred for the temperature model.

Given what was observed in the preliminary data analysis in Figure 3.18, this makes sense.

The temperature was most similar in underlying distribution and much less sporadic than

the other weather variables. While the GP outperformed the VAR model in test data, it

is clear from the figures that it is underfit. Figure 4.11 shows how little of the underlying

distribution it captured. Furthermore, the confidence intervals for the GP prediction are

extremely small, meaning there is a small window for flexibility in prediction. It is also

possible that the kernel choice (RBF) does not reflect the underlying data well. In this case,

WGP once again is able to adapt to data better even if the ideal kernel was not chosen. The

flexibility of WGP is able to more accurately reflect the past data and predict the future

data. These results suggest that temperature is widely the best choice among wind speed

and relative humidity to predict future load demand in Panama. However, the WGP model
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Table 4.9: MAE by weather variable for the VAR, GP, and WGP models for 24-hour ahead
prediction of national load demand. Best performance was seen in the WGP temperature
model. WGP outperforms the other methods overall.

VAR GP WGP
Temp 100.6717 88.2059 60.2273
Wind 115.0599 96.8465 64.0123

Humidity 117.3112 103.4478 82.8670

starts to bridge the gap for wind speed. (Figures for all other weather variables can be found

in Appendix E). The data used for this method is somewhat limited by the use of weather

variables for three different cities to account for national load demand. Weather variables

are significantly affected by location, meaning variables from different regions of the country

may be affecting the outcome. Overall, WGP improves upon other statistical methods to

incorporate weather data into load demand forecasting. Further improvements via kernels

or warping iterations should be explored.
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Figure 4.11: Humidity GP and WGP (RBF) 24 hour forecast for load demand. WGP
shows more flexibility in representing the underlying distribution of the data.
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Chapter 5

Future Work

This research has shown the viability of WGPs for power grid data analysis. However, I

simulated the power grid data for this analysis using the Pandapower IEEE 14-Bus system.

Future work should expand to gathering real-world data from power utilities, including solar

and hydro power plants in addition to traditional transmission and distribution. There are

also other complex industrial processes (i.e., manufacturing) that may benefit from WGP in

terms of its flexibility with non-Gaussian, noisy data.

As evidenced from the results here and in the literature, kernel selection is an important

aspect of any Gaussian method. There are multiple areas for future research on WGP

kernels. I used simple kernels in order to compare each one under different conditions,

but combining kernels may improve performance and should be investigated in future

applications. The analysis revealed that WGP outperformed other methods even with its

worst kernel. This suggests that WGP may be able to outperform GPs with more complex

kernel methods with the use of simple kernels. This lends itself to tractability and may reduce

the computational complexity associated with these methods. Furthermore, this evaluation

focused on comparing GPs and WGPs since they are interpretable, generalizable models

well-suited for regression problems with noisy, non-Gaussian data. Future efforts should

compare WGP to other statistical distributions (Gamma, Weibull, etc.) as well as other ML

methods, like Long, Short Term Memory neural nets and Gaussian Mixture Models.

Continued research into the effects of weather on grid functioning is necessary as climate

conditions fluctuate. I applied WGP to real-world data, but this sort of analysis is very
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specific to location. Utilities in Florida are concerned with high temperatures and hurricanes,

while utilities in Alaska deal with extreme cold and snow and ice. Furthermore, future

research should incorporate prediction during extreme weather events in addition to daily

weather. Regular demand from customers certainly strains the grid, however, more analysis

on responding to grid events during extreme weather is needed. This research supports data

integration from multiple streams to manage grid malfunctions - incorporating the AIMS

project in future work could provide a way for utilities to immediately respond to issues.

The warping function is not explored much in the literature, nor was it the focus of this

analysis. It is essentially a means to an end to improve accuracy. The warping function acts

like an activation function in neural networks, with the exception that it is fully recoverable.

I used the hyperbolic tangent function, but this is not the only function available. Further

research into the use of other functions like sigmoid or the ReLU variations are needed for

comparison. Additionally, since the function itself is learned from the data, it may have

more to offer in terms of understanding the underlying relationship between the variables.

In addition, the number of warping iterations, I, should be furthered evaluated to determine

the accuracy-complexity tradeoff and incorporate I as a parameter itself.

WGP is a computationally complex method, even more so than traditional GP. Recall

that the warping function calls for iterating over the data I times. For my purposes, I did not

need to use anything more than I = 3 to outperform GP. However, there is no limit on how

many iterations can be applied, and more complex data may require more iterations. Scaling

WGP to big data applications will need to incorporate methods that reduce that complexity.

This is a particularly important aspect in grid management because of the need to operate

in real time and respond quickly to problems. Minimal research into sparse WGPs can be

found in the literature, but methods using rank approximations, nearest neighbor, grouping

and permutations, and offline/online processes deserve more research. These methods have

all had success in GP analysis, making them applicable to WGP.
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5.1 Warped Gaussian Processes and Artificial Intelli-

gence

Any discussion on the future of a ML method like WGP would be incomplete without

mentioning Artificial Intelligence (AI). Recent rapid improvements in AI have attracted a

lot of attention in both academic and non-academic spaces. The exact definition of AI is not

well defined. Figure 5.1, below, is a common variation of the Venn diagram depicting how

these categories relate to one another. ML methods are often referred to as subsets of AI,

including Gaussian Processes. Statistics and AI are interrelated, and statistics can make up

the building blocks of AI [88]. WGPs were developed from from a well established MLmethod

(GPs) that leverages the power of statistics in its analysis. That said, the rationale of how AI

models arrive at their results is not easily interpreted. One well known problem with big data

and AI is that the quality of the data has strong effects on the reliability, reproducibility, and

bias of the results [89]. This is also true of traditional statistics, however, statistical models

are less opaque. WGP could benefit AI because it calculates a prior distribution, making it

obvious if the model is not capturing the underlying data regardless of accuracy measures. It

is also possible to quantify its uncertainty through confidence intervals. AI can also support

WGPs [90]. Preprocessing data is necessary for creating quality and relevant datasets, but it

is often time consuming. AI can speed up this process and create datasets prepared for WGP

analysis. Using AI to reduce data dimensionality would accommodate WGP’s computational

complexity. Future research should focus on best practices for combining AI and WGP.
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Figure 5.1: A Venn diagram depicting the relationship between artificial intelligence and
machine learning (ML) [91]. GP and WGP are both considered supervised ML methods.
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Chapter 6

Conclusion

Power grid SCADA systems collect a variety of grid related data and continue to integrate

new sources of energy from wind and solar. Additionally, new capabilities in remote sensing,

like the AIMS project, provide even more data from the use of advanced sensors. Much of this

data may be non-Gaussian, non-stationary, non-linear, and/or noisy. Managing this data is

difficult under ideal conditions and is only made more difficult by extra strain due to climate

change, physical and cyber attacks, and aging infrastructure. Successful SCADA systems

must leverage this data to to ensure reliable service and facilitate quick decision making.

Interpretability is key for grid data analysis to ensure trust in model outputs and determine

the rationale behind decision making processes. This research shows WGPs are a viable

method for power grid data analysis. WGP is a generalization of the well-established GP

method. It is a stochastic based method that improves upon standard GP performance when

facing non-stationary, non-Gaussian, and noisy data - which describes much of real-world

grid data. The flexibility of WGP makes it suitable for power grid data analysis because it

can handle multiple data streams (signals, grid parameters, loading, etc.), it is interpretable,

and can produce measures of its own uncertainty. This method is underutilized in the power

grid space given its many advantages. WGP was applied to a combination of simulated and

real-world data from multiple sources, including grid data from a Pandapower IEEE 14-Bus

system simulation; real and synthetic signal data from GESL; and real-world weather and

load demand data collected by Panama’s national utility, CND. The results show WGP is

an effective method for estimating grid parameters, reducing noise in signals, forecasting
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power load demand, and incorporating weather data into power load forecasts. Future areas

of research should focus on techniques to manage computational complexity, incorporate

real-world grid data, and integrate AI into data analysis pipelines.
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distributions for wind speed modeling,” Procedia Engineering, vol. 192, pp. 713–718,

2017. 24, 25

[48] V. Hoolohan, A. S. Tomlin, and T. Cockerill, “Improved near surface wind speed

predictions using gaussian process regression combined with numerical weather

predictions and observed meteorological data,” Renewable Energy, vol. 126, pp. 1043–

1054, 2018. 24

[49] S. Zhu, X. Yuan, Z. Xu, X. Luo, and H. Zhang, “Gaussian mixture model coupled

recurrent neural networks for wind speed interval forecast,” Energy Conversion and

Management, vol. 198, p. 111772, 2019. 24

[50] H. Wang, Y. Zhang, and J. Mao, “Sparse gaussian process regression for multi-step

ahead forecasting of wind gusts combining numerical weather predictions and on-site

measurements,” Journal of Wind Engineering and Industrial Aerodynamics, vol. 220,

2022. 24

[51] P. Kou, F. Gao, and X. Guan, “Sparse online warped gaussian process for wind power

probabilistic forecasting,” Applied Energy, vol. 108, pp. 410–428, 2013. 25, 26

[52] M. Shekaramiz, T. K. Moon, and J. H. Gunther, “Exploration and data refinement

via multiple mobile sensors based on gaussian processes,” in Asilomar Conference on

Signals, Systems, and Computers, 2017, pp. 885–889. 26

88



[53] K.-C. Ma, L. Liu, and G. S. Sukhatme, “Informative planning and online learning with

sparse gaussian processes,” in 2017 IEEE International Conference on Robotics and

Automation (ICRA), 2017, pp. 4292–4298. 26

[54] T. Sanislav, G. D. Mois, S. Zeadally, and S. C. Folea, “Energy harvesting techniques

for internet of things (iot),” IEEE Access, vol. 9, pp. 39 530–39 549, 2021. 27

[55] X. Zeng, Z. Yang, P. Wu, L. Cao, and Y. Luo, “Power source based on electric

field energy harvesting for monitoring devices of high-voltage transmission line,” IEEE

Transactions on Industrial Electronics, vol. 68, no. 8, pp. 7083–7092, 2021. 27

[56] G. Stamatakis, N. Pappas, and A. Traganitis, “Control of status updates for energy

harvesting devices that monitor processes with alarms,” in 2019 IEEE Globecom

Workshops (GC Wkshps), 2019, pp. 1–6. 27, 28

[57] E. Foley, “A warped gaussian process tutorial using a simple example,” International

Research Journal of Engineering and Technology, vol. 11, pp. 417–420, 06 2024.

[Online]. Available: https://www.irjet.net/volume11-issue6 29

[58] A. Zhang, Z. C. Lipton, M. Li, and A. J. Smola, Dive into Deep Learning. Cambridge,

United Kingdom: Cambridge University Press, 2023. 29

[59] C. Sammut and G. Webb, Eds., Encyclopedia of Machine Learning. Berlin: Springer,

2010. 32

[60] D. Duvenaud, “Automatic model construction with gaussian processes,” PhD thesis,

University of Cambridge, Cambridge, England, June 2014, available at https://www.

repository.cam.ac.uk/handle/1810/247281. 33

[61] R. H. Shumway and D. S. Stoffer, Time Series Analysis and Its Applications (Springer

Texts in Statistics). Berlin, Heidelberg: Springer-Verlag, 2005. 35

[62] U. of Washington ECE, “Power systems test case archive,” Available: http://labs.ece.

uw.edu/pstca/pf14/pg tca14bus.htm. 36, 37, 98

89

https://www.irjet.net/volume11-issue6
https://www.repository.cam.ac.uk/handle/1810/247281
https://www.repository.cam.ac.uk/handle/1810/247281
http://labs.ece.uw.edu/pstca/pf14/pg_tca14bus.htm
http://labs.ece.uw.edu/pstca/pf14/pg_tca14bus.htm
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A Supplementary Functions and Definitions

A.1 The Kronecker Delta Function

The Kronecker delta [17] is defined as

δij =

1 if i = j,

0 if i ̸= j.

A.2 Jacobian Matrix

Let

f : Rn → Rm

be a vector-valued function defined by

f(x) =


f1(x1, . . . , xn)

f2(x1, . . . , xn)
...

fm(x1, . . . , xn)

 where x =


x1

x2

...

xn

 .

The Jacobian matrix [92] of f at x ∈ Rn, denoted by

Jf (x) = Df(x) =
∂f

∂x
,

is the m×n matrix of all first-order partial derivatives of the component functions fi, defined

as

Jf (x) =


∂f1
∂x1

∂f1
∂x2

· · · ∂f1
∂xn

∂f2
∂x1

∂f2
∂x2

· · · ∂f2
∂xn

...
...

. . .
...

∂fm
∂x1

∂fm
∂x2

· · · ∂fm
∂xn

 .
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Each row of Jf (x) corresponds to the gradient of a component function fi, and each

column corresponds to the partial derivatives of all fi with respect to a specific variable xj.

A.3 Augmented Dickey-Fuller Test

The Augmented Dickey-Fuller (ADF) [85] test determines whether a time series has a unit

root; or that a time series is non-stationary.

H0 : γ = 0 (unit root present, non-stationary)

H1 : γ < 0 (no unit root, stationary)

A.4 Kwiatkowski-Phillips-Schmidt-Shin Test

The Kwiatkowski-Phillips-Schmidt-Shin (KPSS) [86] test determines whether a time series

has a unit root; or that a time series is non-stationary.

The null and alternative hypotheses of the KPSS test are as follows:

H0 : The time series is stationary (around a deterministic trend or level).

H1 : The time series is non-stationary (has a unit root).
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B ARIMA: Statistical Test Results

Table 1: ADF and KPSS test results for IEEE Bus 14 simulated power load forecasting.

Test Statistic P-value
ADF -4.9107 3.3245e-05
KPSS 0.1055 0.1000

Table 2: ADF and KPSS test results for multivariate weather load forecasting.

ADF statistic ADF p-value KPSS statistic KPSS p-value
Load -3.9284 0.0018 0.07887 0.1000

Toc Temp -3.3521 0.0127 0.0448 0.1000
Toc Humidity -2.7623 0.0639 0.0916 0.1000

Toc Precipitation -3.0778 0.0282 0.1113 0.1000
Toc Wind -2.3590 0.1536 0.0953 0.1000
Dav Temp -3.3014 0.0148 0.0476 0.1000

Dav Humidity -3.0581 0.0298 0.1003 0.1000
Dav Precipitation -3.3832 0.0115 0.0607 0.1000

Dav Wind -4.8688 4.0085 0.0863 0.1000
San Temp -3.6284 0.0052 0.0411 0.1000

San Humidity -4.1271 0.0009 0.0995 0.1000
San Precipitation -4.3556 0.0004 0.1611 0.0374

San Wind -4.2384 0.0006 0.0616 0.1000
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C IEEE 14 Bus System Data Tables

The data tables for the IEEE 14 Bus System [62].

Table 3: IEEE 14-bus system bus data

Bus No. Bus Type V θ PM QM PL QL

1 swing 1.06 0 0 0 0 0

2 gen 1.045 0 0.4 0.424 0.217 0.127

3 gen 1.01 0 0 0.234 0.942 0.19

4 load 1 0 0 0 0.478 0

5 load 1 0 0 0 0.076 0.016

6 gen 1.07 0 0 0.122 0.112 0.075

7 load 1 0 0 0 0 0

8 gen 1.09 0 0 0.174 0 0

9 load 1 0 0 0 0.295 0.166

10 load 1 0 0 0 0.09 0.058

11 load 1 0 0 0 0.035 0.018

12 load 1 0 0 0 0.061 0.016

13 load 1 0 0 0 0.135 0.058

14 load 1 0 0 0 0.149 0.05
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Table 4: IEEE 14-bus system line data

From Bus To Bus Resistance Reactance Half line charging admittance Tap Ratio

1 2 0.01938 0.05917 0.0528 1

1 5 0.05403 0.22304 0.0492 1

2 3 0.04699 0.19797 0.0438 1

2 4 0.05811 0.17632 0.0374 1

2 5 0.05695 0.17388 0.0340 1

3 4 0.06701 0.17103 0.0346 1

4 5 0.01335 0.04211 0.0128 1

4 7 0 0.20912 0.0000 0.978

4 9 0 0.55618 0 0.969

5 6 0 0.25202 0 0.932

6 11 0.09498 0.19890 0 1

6 12 0.12291 0.25581 0 1

6 13 0.06615 0.13027 0 1

7 8 0 0.17615 0 1

7 9 0 0.11001 0 1

9 10 0.03181 0.08450 0 1

9 14 0.12711 0.27038 0 1

10 11 0.08205 0.19207 0 1

12 13 0.22092 0.19988 0 1

13 14 0.17093 0.34802 0 1
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D IEEE Bus 14 Simulated Load Forecasts

Figure 1: GP (RBF) 24 hour forecast for power load.
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Figure 2: WGP (RBF) 24 hour forecast for power load.

Figure 3: Comparison of GP and WGP models (RBF) over testing and training data.
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Figure 4: GP (M 3/2) 24 hour forecast for power load.

Figure 5: WGP (M 3/2) 24 hour forecast for power load.
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Figure 6: Comparison of GP and WGP models (M 3/2) over testing and training data.

Figure 7: GP (M 5/2) 24 hour forecast for power load.
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Figure 8: WGP (M 5/2) 24 hour forecast for power load.

Figure 9: Comparison of GP and WGP models (M 5/2) over testing and training data.
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Figure 10: GP (RQ) 24 hour forecast for power load.

Figure 11: WGP (RQ) 24 hour forecast for power load.
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Figure 12: Comparison of GP and WGP models (RQ) over testing and training data.

Figure 13: ARIMA model over testing and training data.
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E Load + Weather Forecasts

Figure 14: Humidity GP and WGP (RBF) 24 hour forecast for load demand.
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Figure 15: Temperature GP and WGP (RBF) 24 hour forecast for load demand.

Figure 16: Wind Speed GP and WGP (RBF) 24 hour forecast for load demand.
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Figure 17: Humidity GP (RBF) 24 hour forecast for load demand.

Figure 18: Temperature GP (RBF) 24 hour forecast for load demand.
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Figure 19: Wind Speed GP (RBF) 24 hour forecast for load demand.

Figure 20: Humidity WGP (RBF) 24 hour forecast for load demand.
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Figure 21: Temperature WGP (RBF) 24 hour forecast for load demand.

Figure 22: Wind Speed WGP (RBF) 24 hour forecast for load demand.
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Figure 23: Humidity VAR 24 hour forecast for load demand.

Figure 24: Temperature VAR 24 hour forecast for load demand.
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Figure 25: Wind Speed VAR 24 hour forecast for load demand.
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F Selected Code - Pandapower

Figure 26: OPF code
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Figure 27: Parameter Estimation Functions
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Figure 28: Parameter Estimation Code
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