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Machine Learning based Methods to Improve Power System Opera-
tion under High Renewable Penetration

Sujal P. Bhavsar

(ABSTRACT)

The transformation to a clean and sustainable energy future relies on dramatic changes

in (a) power generation, (b) buildings (demand side) energy use and efficiency, and (c)

clean and efficient transportation. Uncertainty quantification and forecasting emerge as two

overarching requirements in the spectrum of problems in the clean energy transformation.

Tools that blend data-driven and model-based approaches are of much value in addressing

the problems of uncertainty quantification, forecasting and computationally-efficient deci-

sion making in applications. To this end, the objective of the dissertation is to develop and

demonstrate novel machine learning based methods that judiciously harness data, blended

with physics-based models or relevant endogenous and exogenous variables, where appro-

priate, for computationally efficient uncertainty quantification, forecasting (prediction), and

decision making in stochastic systems. The methods are applied to problems ranging from

stochastic unit commitment and economic dispatch in bulk power generation, reserve esti-

mation under load, resource and generation uncertainty, forecasting of solar adoption in the

distribution system, forecasting of building energy load, and probabilistic forecasting and

model predictive control of battery thermal under actual drive cycle uncertainty in electric

vehicles. This dissertation discusses various use cases of the developed machine learning

methods that systematically overcome the limitations of the existing approaches.



Machine Learning based Methods to Improve Power System Opera-
tion under High Renewable Penetration

Sujal P. Bhavsar

(GENERAL AUDIENCE ABSTRACT)

In an attempt to thwart global warming in a concerted way, more than 130 countries have

committed to becoming carbon neutral around 2050. In the United States, the Biden ad-

ministration has called for 100% clean energy by 2035. It is estimated that in order to meet

that target, the energy production from solar and wind should increase to 50-70% from the

current 11% share. Under higher penetration of solar and wind, the intermittency of the

energy source poses critical problems which hinders the performance of power system op-

eration, and presents unique challenges to manage electricity at the end-users side. While

these problems are complex, advances in machine learning and artificial intelligence provide

opportunities for novel paradigms for addressing these challenges. The overall aim of the

dissertation is to harness recent machine learning based and conventional model-based tech-

niques and develop computationally efficient tools for improved power systems operation

under high renewables penetration in the next-generation electric grid. The present work

has contributed in several sub-domains and helped in improving the system performance by

reducing the computational time overhead by significant amount, improving the accuracy of

estimation of uncertain quantities, and reducing the overall operating cost by a considerable

margin.
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Chapter 1

Introduction

The transformation to a clean and sustainable energy future, both in the U.S. and globally,

relies on dramatic changes in (a) power generation, (b) buildings (demand side) energy use

and efficiency, and (c) clean and efficient transportation.

• In power generation, several nations have adopted bold goals of unprecedented amounts

of renewable (solar and wind) power integration into the electric grid. In the United

States, the Biden administration has called for 100% clean energy by 2035. In line

with this goal, the U.S. Department of Energy (DOE) Solar Futures Study1 projects

that renewables will deliver a significant portion of the estimated 1.3 times more than

the current demand in 2035. Correspondingly, solar and wind penetration is projected

to increase to 50-70% from the current 11% share.

• On the demand side, efforts such as the DOE Grid-interactive Efficient Buildings

(GEB) Initiative2 seek to transform buildings into clean and flexible energy resources

by combining energy efficiency and demand flexibility with smart technologies and

communications. An essential aspect of flexibility in the GEB Initiative is that loads

and distributed energy generation/storage can be used to reduce, shift or modulate

grid-level energy use.

1https://www.energy.gov/eere/solar/solar-futures-study; Accessed August, 2022
2http://www.energy.gov/eere/buildings/geb; Accessed August, 2022

1



2 CHAPTER 1. INTRODUCTION

• The DOE defines Sustainable Transportation3 as low- and zero-emission, energy-efficient,

affordable modes of transport, including electric and alternative-fuel vehicles, as well as

domestic fuels, in which all- or hybrid-electric vehicles are projected to be predominant

enablers of our sustainable transportation future.

Achieving the clean energy goals requires addressing a number of challenges in each of the

aforementioned three areas.

• Increasing penetration of renewable poses several challenges to grid management, be-

cause, unlike conventional resources-based power generation, renewable-based gener-

ation doesn’t offer as much predictability and control. Nature, which is the source of

solar and wind based power generation, imposes the kind of uncertainty that we can’t

yet accurately model. The presence of uncertainty makes it challenging to forecast and

maintain grid reliability, and this problem is exacerbated with increasing amounts of

renewables in the grid.

• Increasing renewable penetration also poses unique challenges to the distribution sys-

tem, including predicting solar PV adoption by the user and forecasting building end-

user load profiles and quantifying the associated uncertainty, toward achieving the

flexibility goal of the GEB Initiative.

• Increasing electrification in the transportation sector presents unique challenges to

managing the power generation from batteries in electric vehicle usage. The uncertainty

in the drive cycles need to be accurately forecast for effective real-time power and

thermal management and control during electric vehicle operation.

From the above discussion, it is evident that uncertainty quantification and forecasting

emerge as two overarching requirements in the spectrum of problems in the clean energy
3https://www.energy.gov/eere/sustainable-transportation; Accessed August, 2022
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transformation. Model-based (or knowledge-based) estimation of these quantities has long

been used to generate hypotheses. However, traditional methods fall short in several ways:

(1) they are limited in their capabilities when confronted with system configurations or char-

acteristics that that are previously unencountered, e.g., a future with higher renewable pene-

tration; (2) in some cases, the nascent nature of the clean energy transformation presents the

problem of sparsity of information with which to make decisions, and the existing methods

are not suited for accurate estimation of uncertainty or for forecasting (prediction); (3) they

are not accurate in estimating adequate statistics for uncertainty quantification in time-series

related data which are temporally and often spatially correlated; (4) models are themselves

uncertain and modeling uncertainty is often not accounted for in decision making; and (5)

the combination of large system complexity and dimensionality, extreme amounts of data to

be dealt with and the need to account for (data, environmental and model) uncertainty in

decision making renders the problem computationally challenging that needs to be rendered

tractable for real-time forecasting and decision-making under uncertainty.

Tools that blend data-driven and model-based approaches are of much value in addressing

the problems of uncertainty quantification, forecasting and computationally-efficient deci-

sion making in applications. To this end, the objective of the dissertation is to develop and

demonstrate novel machine learning based methods that judiciously harness data, blended

with physics-based models or relevant endogenous and exogenous variables, where appropri-

ate, for computationally efficient uncertainty quantification, forecasting (prediction), and

decision making in stochastic systems. The methods are applied to problems ranging from

stochastic unit commitment and economic dispatch in bulk power generation, reserve esti-

mation under load, resource and generation uncertainty, forecasting of solar adoption in the

distribution system, forecasting of building energy load, and probabilistic forecasting and

model predictive control of battery thermal under actual drive cycle uncertainty in electric
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vehicles. This dissertation discusses various use cases of the developed machine learning

methods that systematically overcome the limitations of existing approaches. The detailed

organization of the dissertation is as follows:

Chapter 2 addresses the first broad goal of the work in addressing the uncertainty in various

aspects of power generation and systems operation. Modeling systems under uncertainty

requires simulations of several scenarios from which the stochastic measures are estimated

for robust decision-making. However, the computational burden associated with large-scale

uncertainty quantification and optimization is quite intense that needs to be alleviated for

practical implementation. To this end, this work proposes a novel and efficient method to

generate statistically accurate uncertain scenarios from probabilistic forecasts and a method

based on unsupervised machine learning to reduce the number of scenarios and speed up the

computations while preserving the statistical properties of the original set. This approach

yields statistically equivalent characteristics as a full set with a substantially reduced cardi-

nality (from 7000 to 20). The reduced set of scenarios also preserves the temporal correlation,

which is imperative in time-series data and complies with the non-parametric distribution

of power obtained from a probabilistic forecast at a given time.

In Chapter 3, building on the above, the work further focuses on reducing the computational

overhead of stochastic unit commitment and economic dispatch in the operation of central-

ized power generation. While the approach in Chapter 2 focused on reducing the number of

scenarios needed for an accurate stochastic simulation, this second approach takes the view

of reducing the underlying system simulation time itself for stochastic analysis so that a large

number of scenarios can be simulated quickly. This work, therefore, focuses on creating a

surrogate physical model to address computational intractability. A hybrid data-driven and

model-based paradigm is proposed to solve the stochastic unit commitment and economic

dispatch considering the uncertainty in wind power forecast and solar power forecast sepa-
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rately. The hybrid approach uses machine learning-based methods for accurately estimating

the optimal cost, which is, in turn, used to solve for the optimum unit commitment con-

sidering forecast uncertainty. The approach’s effectiveness is presented on the RTS-GMLC

single-node system and is shown to be quite accurate in operational planning on new unseen

days.

In Chapter 4, a single-node system is being extended to a multi-node electric grid system. In

this case, physically consistent and spatially correlated wind power scenarios are considered

based on National Renewable Energy Laboratory’s Wind Integration National Dataset. A

k-means clustering-based method is developed to encode different characteristics of wind

profiles in creating clusters or distribution functions. Importance sampling is applied to

developed clusters, and a two-stage stochastic economic dispatch problem is solved to reduce

the total operating cost. The effectiveness of the improved scenarios creation strategy is

assessed on the TAMU 200 bus system. On average, the reduction in total operating monthly

cost by 5% is found with the proposed approach.

In Chapter 5, an approach to re-forecasting is proposed for better reserve estimation to

accommodate renewable intermittency. The increasing renewable penetration also offers the

opportunity to reduce the reserve requirement on conventional generators. To this end, the

work proposes a dynamic reserve estimation method for flexibility that incorporates machine

learning-based reforecasting to provide a day-ahead prediction of the mean and spread of

uncertainty around the base forecast. Considering CAISO (California Independent System

Operator) solar, wind and load data over an 18-month period, up to 67% reduction in

the amount of reserve capacity needed for a one-day reserve and reserve penalty for solar

uncertainty is demonstrated. Additionally, the risk of reserve insufficiency in meeting the

net demand is reduced by 20% with the proposed method.

While the focus of the discussion in Chapters 2–5 has been on bulk generation, much of
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the renewable penetration in the emerging grid is also on the distribution system. With

the proliferation of distributed power generation in clean energy production, the second

broad goal of the dissertation is to address challenges on the distribution system related

to PV adoption and end-use load prediction. It is eminently clear that distributed solar

generation using PV will be a leading source in the distributed energy resources (DER)

market. Improved electric utility planning and operation starts with understanding customer

adoption characteristics and being able to predict adoption based on socioeconomic factors.

So that utilities can target resources appropriately, it is imperative to understand household

and consumer potential that favor solar PV adoption. To this end, the Chapter 6 presents

data-driven modeling approach that strategically prunes a large set of consumer profile

features using a machine learning framework to develop a model for predicting potential

solar adoption. Validation of the presented approach on a survey data collected by the

National Rural Electric Cooperative Association (NRECA) in Virginia in 2018 demonstrates

the excellent predictive capability of the machine learning based approach to modeling solar

adoption reliably.

Increasing adoption of DERs also increases the need to accurately forecast the end-use load

in buildings for better planning and operation. To this end, a surrogate of a physics-based

building simulator for residential buildings is developed in Chapter 7 to predict the end-

use load from the weather and building characteristic features. The model is shown to be

accurate in predicting daily, seasonal, and annual building load profiles for a wide range of

residential building types. The proposed model is also efficient and accurate in analyzing

uncertainty and provides a tool for managing building loads.

Electric vehicles (EVs) are increasingly becoming an integral part of our transportation

infrastructure, but also has an impact on the future grid. To this end, Chapter 8 presents a

machine learning based probabilistic forecasting of drive schedules combined with surrogate
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modeling of thermo-electro-chemical physics-based battery operation, to develop stochastic

model-predictive control (MPC) for thermal management of batteries in EVs. The approach

is the first to consider the uncertainties in drive schedules on battery thermal management.

The effectiveness of the proposed approach is assessed on US06 driving cycle data for the 3

hours of driving under uncertainty. The stochastic MPC is shown to reduce total number

of temperature overshoots by about 69% compared to the constant mass flow case and by

over 51% compared to a persistence forecast case. Further, the approach provides of thermal

management under uncertainty with reduced coolant usage. Althogh the stochastic MPC

approach is presented in the context of EVs, the study bears broader relevance to thermal

management of grid- and residential-level battery storage in support of high penetration of

intermittent renewables in the future electric grid.

Overall, the dissertation contributes several foundational strategies that will enable robust

and computationally-efficient decision making under uncertainty.



Chapter 2

Machine Learning Enabled

Reduced-order Scenario Generation

for Stochastic Analysis of Solar Power

Forecasts

The work reported in this Chapter appears in the following journal publication:

S. Bhavsar, R. Pitchumani, and M. A. Ortega-Vazquez. ”Machine learning enabled reduced-

order scenario generation for stochastic analysis of solar power forecasts.” Applied Energy

293 (2021): 116964. doi: https://doi.org/10.1016/j.apenergy.2021.116964

2.1 Abstract

With increased reliance on solar-based energy generation in modern power systems, the

problem of managing uncertainty in power system operation becomes crucial. However, in

order to properly capture the uncertainty spread of the power forecast time series along with

all its statistical properties, a large number of scenarios are normally required to be simu-

lated at significant computational cost. This work presents a novel and efficient method to

8
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generate statistically accurate scenarios from probabilistic forecasts and a method based on

unsupervised machine learning to reduce the number of scenarios and speed up the compu-

tations, while preserving the statistical properties of the original set. Through a systematic

parametric study, an optimum clustering-based machine learning method and its associated

parameters are derived. This approach yields statistically equivalent characteristics as a full

set with a substantially reduced cardinality (from 7000 to 20). The reduced set of scenarios

also preserves the temporal correlation, which is imperative in time-series data and complies

with the non-parametric distribution of power obtained from a probabilistic forecast at any

particular time. Applying the optimal algorithm to the benchmark RTS-GMLC and the

actual California ISO yearly solar production data, it is shown that the uncertainty in the

estimation of the statistical moments is reduced to less than 2% and 4.5% of the respective

daily peak power values.

2.2 Introduction

As the penetrations of solar generation deepen into power systems [1], it becomes critical to

properly capture the increased uncertainty introduced when planning the operation of power

systems. Dynamic reserve quantification considering uncertainty, e.g. [2], and stochastic

generation scheduling tools, [3],[4], are examples of methods used to account for uncertainty

in operational planning, which requires the construction of a set of scenarios. Even though

the best representation of input uncertainty is via continuous random variables in the form

of an analytical probability density function (PDF), it is challenging to use such distribu-

tions directly in decision making under uncertainty systems of realistic size [5]. The problem

becomes even more complicated when the inputs are correlated temporally and spatially

[6, 7, 8] , such as in the case of time-series data. In these cases, it is practical to work with a
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CHAPTER 2. MACHINE LEARNING ENABLED REDUCED-ORDER SCENARIO GENERATION FOR

STOCHASTIC ANALYSIS OF SOLAR POWER FORECASTS

deterministic model that can represent different realizations of the stochastic variable, which

are simply discrete selections from the PDFs. The classical numerical sampling-based simu-

lation methods such as Monte Carlo (MC) simulation and Latin hypercube sampling (LHS)

are based on this approach [9]. In the application of stochastic programming or uncertainty

quantification (UQ) it is fundamental to have an accurate set of such realizations that would

represent the underlying distribution of random variables while being of a manageable size.

In a time-series, the number of input variables is equal to the number of time-indices over

the study horizon, where each variable is assumed to have unique marginal non-parametric

distribution and to be correlated to the other variables. The probabilistic forecast represents

each variable as an independent random number and forecasts its values at different quantiles.

Hence, it is expected that different time-indices over the planning horizon may follow different

distributions. In other words, the probabilistic forecast does not provide any temporal

dependency amongst different time indices. Hence, it is required to interconnect different

quantiles of the different variables to form time-series, which yields one potential realization

(one scenario) of the stochastic process over the planning horizon. The probabilistic scenarios

should preserve the temporal dependencies and respect the non-parametric probabilistic

information. Such scenarios can be generated using the concept of the inverse distribution

function [10] and the correlation matrix [11, 12]. A similar concept was used in [7] and in

[13] to generate a set of wind power production scenarios.

The required number of realizations/scenarios can be determined through stochastic con-

vergence analysis. In most of the cases, the convergence of the first two moments (mean

and standard deviation) is sufficient to capture the relevant statistical characteristics [14].

As pointed out in [14], the moment matching of input (scenarios) is necessary to accurately

predict the output statistics. The number of scenarios needed for convergence is theoreti-

cally infinite and practically large, which makes the approach impractical for scenario-based
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stochastic analysis and decision-making, such as dynamic reserve estimation and stochastic

unit-commitment. A practical alternative is to work with a reduced set of scenarios that

retains the essential features of the original distribution [5] . Following this approach, Mar-

wadi and Pitchumani [15] developed a technique called Stochastic Analysis with Minimal

Sampling (SAMS) for UQ in physical models. The method works well on practical problems

where the nature of the meta-model and the output distribution can be parametrized based

on physics considerations. QUICKER is another method similar to SAMS that is reported in

the literature for UQ in physical models [16]. It was documented that QUICKER reduced the

computation time by 95% compared to LHS. Although SAMS and QUICKER are suited for

independent input variables, the applicability of these methods for correlated-input variable

problems such as time-series is not established.

Several scenario reduction methods for time-series problems are reported in the literature. Hu

and Li [17] proposed the clustering-based scenarios reduction, which is based on the similarity

function presented in [18] and correlation loss to preserve the correlation between multiple

variables in multi-stochastic variable programming. Dupacova et al. [19], on the other

hand, demonstrated the advantage of using Fortet-Mourier type probability metrics to reduce

the scenarios when the distributions of random variables follow the standard parametric

distributions and are known in prior. However, in both of these approaches, the derived

scenarios are probabilistic and different from the full set (i.e., the reduced scenarios are

transformed version of a full set of scenarios). Along the lines of selecting a scenario from

the full set, Sumaili et al. [20] proposed a method that generates the clusters iteratively

based on the areas of high density using particle swarm optimization (PSO) and selects the

centroid of each cluster as a candidate in a reduced set. The authors, however, did not

discuss the statistical moments of the reduced scenario or the computational time overhead

due to the optimization task.
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An alternative method is based on the concept of a fast forward selection (FFS) [21] that

iteratively selects the scenarios from the original set, based on the shortest distance from the

remaining scenarios. The method, however, appears to preserve the first moment well, but

not the second moment. To make decisions on the reduced scenario based on the response

variable, Wang [22] proposed the Forward Selection Wait and See Cluster (FSWC) method,

which considers the impact on the response variable. A similar concept was also presented in

[23] by considering the distance metric between two scenarios as a function of the response

variable. However, these methods may increase the computational time to obtain a reduced

set of scenarios due to the increased burden associated with running the input-output model.

Li [24] proposed the Heuristic Search (HS) method to get a reduced set quickly by minimizing

the average moment (average of the moment of all variables) mismatch between reduced set

and the whole set, that works well in predicting the statistics when all variables have the

same marginal distribution.

It is evident from the foregoing discussion that there are three primary limitations of the

existing approaches to scenario reduction for stochastic analysis.First, the approaches do not

discuss the statistical moments of the reduced scenario or are restricted to predicting the

first moment only, whereas the reduced scenarios are truly required to preserve higher order

moments such as variance of the original distribution as well. In some cases, the derived

scenarios differ in characteristics from the full set. The reported methods, therefore, are not

sufficiently accurate for an effective stochastic analysis and optimization of power systems.

Second, several of the methods in the literature use computationally intensive approaches,

including numerical optimization or increased computational burden associated with running

the input-output models, to obtain scenario reduction, which defeats the primary purpose

of the reduced scenarios namely, that of being computationally efficient in applications to

stochastic unit commitment or stochastic economic dispatch.Third, the methods are limited
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to cases when all variables have the same marginal distribution or when they follow a stan-

dard family of parametric distributions, whereas in practice the distributions provided by a

probabilistic forecast [25] are often non-parametric that do not obey this assumption.

The present work addresses the knowledge gaps mentioned above and introduces a novel

approach to generate accurate reduced order scenario sets directly from the non-parametric

probabilistic forecast in a computationally efficient manner, without any prior assumption

on the marginal distribution functions. The novelty and specific contributions are as follows:

an efficient methodology is presented for scenario generation that accurately incorporates the

statistics of the non-parametric probabilistic forecast into the generated samples; dramatic

scenario reduction is achieved by creating a small number of clusters from a large set of

scenarios using unsupervised machine learning and then identifying appropriate selections

from each cluster to derive the desired equiprobable scenarios; considering the power profile

on a typical day in the benchmark RTS-GMLC [26] solar power data, a systematic study

is conducted to derive the optimum clustering parameters that lead to the best moment-

matched selections; the effectiveness of the reduced scenarios in increasing the accuracy and

reducing the uncertainty in the estimation of the statistical moments is demonstrated by

considering the probabilistic power forecasts for each hour and each day in a full year of the

benchmark RTS-GMLC [26] and the actual California ISO (CAISO) [27] datasets.

The article is organized as follows: the scenario generation method is presented in Section 2,

followed by a study of scenario reduction based on unsupervised machine learning in Section

3. Section 4 discusses the results of reduced scenarios on RTS-GMLC and CAISO data.
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Figure 2.1: Schematic illustration of the four steps in the scenario generation methodology.

2.3 Scenario generation method

As discussed in the previous section, the independent quantiles of power which are obtained

from the probabilistic forecast are required to be transformed into temporally correlated

scenarios. Figure 5.1 depicts the scenario generation method used in this analysis, which is

built on the method presented in [7, 8] with a few modifications as described in the steps

below, each corresponding to those in the four boxes of Fig. 5.1:

1. The first step consists in generating a matrix of an independent identically distributed

sample, X, of size τ × Ns from a unit Normal distribution with zero mean and unit

standard deviation, such that X ∼ N(0, 1), where τ is the number of variables, that

depends on the forecast horizon and its resolution (number of time indices over forecast

horizon). Since the current study deals with the day-ahead forecast with a one-hour

resolution, τ = 24 corresponding to the 24 hourly values of power in a day, and Ns is

the number of desired scenarios. Conventionally, the random set, X, is generated using

a Monte Carlo (MC) sampling method. However, stratified sampling methods such as

LHS could improve the convergence characteristics of the moments of the distribution

with fewer samples compared to a purely random Monte Carlo sampling. Accordingly,

this approach uses a stratified sampling approach LHS to generate a random selection
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of X instead of the conventional MC sampling. In the stratified sampling approach,

the PDF of a Normal distribution is partitioned into 24×Ns equiprobable strata, and

a single selection is then made from each stratum. The selection is then reshuffled and

stored in a matrix of size 24×Ns , as shown in Step 1 of Fig. 5.1.

2. The selected X needs to be correlated along the 24 hourly values to preserve the

temporal dependency of the time series. To achieve the correlation, we first define a

covariance matrix, Σ of dimension 24× 24, as follows:

Σ =



ρ ρ(1− ω) . . . ρ(1− ω)23

ρ(1− ω) ρ . . . ρ(1− ω)22

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

ρ(1− ω)23 ρ(1− ω)22 . . . ρ


where the (i, j) element of σ is the correlation between the ith and the jth random

variable and is a function of correlation coefficient (ρ) and correlation decay (ω) that

are each in the range [0, 1]. In the present implementation, ρ was taken to be 0.8, and

ω was set to be 0.08. A more systematic selection of ρ and ω could be made recursively

based on observed historical trends [7], but these parameter values were found to be

adequate for the present study. From a Cholesky decomposition [28], C, of Σ, we can

obtain a correlated set Y corresponding to the uncorrelated set X as Y = CTX, where

the superscript T denotes the transpose. The discussed operation yields a matrix Y

of correlated rows, of dimension 24×Ns, as shown in Step 2 of Fig. 5.1. The resulting

matrix Y is then passed through a probit function to get corresponding quantile values,

Z = ϕ(Y), where ϕ is the probit function/CDF of the normal Gaussian distribution,

and Z is a set of correlated random quantile values, of dimension 24×Ns, in the range

[0, 1], which is the outcome of Step 2 of Fig. 5.1.
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Figure 2.2: Example scenarios generated from the probabilistic hourly solar production
forecast on a typical day in the RTS-GMLC data set: (a) set of 40 discrete quantile values
for each hour index and (b) Ns = 100 scenarios generated using the quantile values.

3. The Z matrix obtained from Step 2 is of dimension 24 × Ns with correlated rows.

There are 24 different CDFs corresponding to the 24 different power values in the

forecast horizon. Step 3 of Fig. 5.1 depicts this with three example CDFs of power

at hour-index H0, H2, and H23. Each row of Z, Zi where i ∈ {0, 2,…, 23}, is now

passed through the corresponding inverse CDF function of the power at ith hour-index

to convert each row into its associated power values, P (Hi), a vector of dimension

Ns. For illustration, four realizations of the Ns power values at each hour-index are

depicted with the different color dots in Step 3 of Fig. 5.1.

4. Each of the Ns realizations in P (Hi), i ∈ {0, 2, ..., 23} is linearly interconnected with

the corresponding realizations at the neighboring hour-indices, P (Hi−1) and P (Hi+1)

to get a temporally correlated distinct scenario, for a total scenario set cardinality of

Ns, as shown in Step 4 of Fig. 5.1.

In the above procedure, Step 3 requires a knowledge of CDFs of the power values at each
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of the τ indices. In this particular application, we need to approximate CDF using discrete

quantile points available form a probabilistic forecast. Conventionally, for statistical data

with discrete quantiles, a CDF is constructed by piecewise linear interpolation between

adjacent points. However, such an approach is known to underestimate the second moment

of the distribution [29]. Note that the “moment” here refers to the moment of piecewise

linear CDF. In order to improve the accuracy of the second moment estimation, in the

present approach, the CDF is subjected to two modifications as discussed in [29]: (1) The

first step is to stretch the CDF in the horizontal direction by horizontal adjustment of

node points (i.e., quantile points which are used for forming piecewise linear CDF), wherein

every node is subjected to different amounts of stretching such that the normalized gap

[29] between the adjacent nodes remains the same for a chosen support of modified piecewise

linear CDF, and (2) the second step involves the shifting of each node by the same amount in

the horizontal direction, determined by solving the quadratic equation corresponding to the

variance of the piecewise-linear CDF. The first step ensures a match of the second moment,

and the second step ensures a match of the first moment. Such modification is applied to

the marginal power distributions at each of the 24-hour indices. However, to accomplish the

match of moments in CDFs, the target values of moments need to be defined. The target

values of moments are estimated from finite quantiles (40 in our case) available from the

probabilistic forecast using the bootstrap technique [30]. The modified CDF, which has the

same first two moments as a target, is then used to obtain a corresponding Ns-dimensional

vector of power values, P (Hi), by following Steps 1 through 4, as illustrated in Fig. 5.1.

As suggested in Step 4, adjacent hour-index values, P (Hi− 1), P (Hi), and P (Hi + 1), are

linearly connected to produce one realization of the stochastic process—called one power

scenario. To get a set of scenarios, one would need to compute different quantiles of power.

The quantile values for power are obtained by fitting a quantile regression model [25] on
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historical data following the boosting approach [31], which can be used to generate a set

of scenarios. Figure 5.2 depicts such a set of scenarios that are generated by following

Step 1 to 4 from discrete quantile values of a probabilistic forecast of hourly solar power

production (in MW) on a typical day in the RTS-GMLC data set [26]. Figure 5.2a shows the

scattered 40 quantile values of power P (in MW ) at hour index Hi (hour of the day) where

i ∈ {0, 1,…, 23}. By following the method discussed so far, the discrete quantile values are

converted into a desired set of scenarios, as shown in Fig. 5.2b, which presents a superposition

of 100 such scenarios that retain the desired temporal correlation (ρ = 0.8, ω = 0.08) and

preserve the moments of the distribution at each time index.

The discussion in Fig. 5.2b is limited to a finite number of scenarios for illustration purposes

only. Theoretically, an infinite number of scenarios are needed to get an accurate estima-

tion of the statistical moments (i.e., mean, variance, skweness, kurtosis) of the underlying

distribution. Figure 3 depicts the nature of the distribution of power at each hour of the

day (periods of zero solar power production, e.g., H00 (12:00 midnight) to H04 (4:00 A.M.)

and H21 (9:00 P.M.) to H23 (11:00 P.M.) are omitted in Fig. 5.3). The presented distri-

butions are estimation from a large finite number of scenarios. As shown in Fig. 5.3, the

nature of the distribution is multi-modal and is difficult to be parameterized. In practical

considerations, therefore, the challenge is to obtain an accurate moment estimation with as

few scenarios as possible, which is presented in the next section.

2.4 Scenario Reduction

As motivation for the need for scenario reduction, we consider the stochastic nature of the

statistics of the set of scenarios for each of the 24 hourly marginal CDFs. Figures 5.4a and

5.4b show the variation in the mean (first moment), µ, (Fig. 5.4a) and the standard deviation
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Figure 2.3: Probability density functions of power at each hour index during a typical day
in the RTS-GMLC data set. Note that the hours of midnight to 4 A.M. and 9 P.M. to 11
P.M. have zero power production and are omitted for brevity.

(the second moment), σ, (Fig. 5.4b) of a set with respect to the number of scenarios (Ns).

The different colors in each plot (Fig. 5.4a and Fig. 5.4b) correspond to the different hour

index. Overall, it is seen from Fig. 4a that the first moment converges rapidly for all 24

variables at about Ns = 1000 scenarios. However, the convergence of the second moment to

within 0.1 % is seen to be relatively slow, requiring Ns = 7000 scenarios, Fig. 4b. Figures

4c and 4d show the comparison of the first and second moments evaluated using the 7000

scenarios (red dot markers) with the target values (open black circle markers) obtained as the

bootstrapped quantile values at each time index as discussed in the previous section. Figure

4c shows that the estimation of the mean is nearly identical to the target value at every time

index, and the estimation of the standard deviation also closely matches the target values for
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Figure 2.4: (a,b) Variation of the mean and standard deviation with the number of scenarios,
and (c,d) comparison of the mean and standard deviation based on 7000 samples with those
from the probabilistic forecast.

all time indices, as evident in Fig. 4d. Overall, the scenario generation method is seen to be

effective in retaining essential statistical characteristics. Based on the accuracy of estimating

both the mean and the standard deviation, it reasonable to infer that the results for 7000

scenarios are deterministic since the uncertainty associated with Ns = 7000 is quite small as

per Figs. 4a and 4b. Accordingly, 7000 scenarios were considered to yield the “exact” and

“deterministic” moments for comparison with the reduced scenario method discussed in the

section.

Although 7000 scenarios accurately and deterministically estimate the first two moments,
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such a set would render any stochastic application intractable. While using fewer scenarios

reduces the computational burden, it also introduces bias and uncertainty in the estimation of

the moment, as evident in Figs. 5.4a and 5.4b. The bias accounts for the average performance

of the scenario reduction method, while uncertainty accounts for the associated degree of

certainty in estimating the moment through the scenario reduction method. An appropriate

scenario reduction method should estimate the moment with as small bias and uncertainty

as possible with a significant reduction of cardinality.

Estimating the second moment is challenging compared to estimating the first moment;

however, the methods used to improve the estimation of the second moment would inherently

improve the estimation of the first moment as well. The goal of the study is to investigate

methods to reduce the number of scenarios (Ns) while simultaneously reducing the bias

and uncertainty of the resulting standard deviation (second moment). To this end, the

application of an unsupervised machine learning technique called clustering [32] is explored

in detail. The general idea behind the method is to make a finite number of clusters of

“similar-characteristic” scenarios and then to make an appropriate number of selections, ni,

from each cluster, rather than analyzing the entire cardinality of all clusters. The schematic

of the method is illustrated in Fig. 5.5, where the full set of Ns number of scenarios is divided

into N heterogeneous clusters, shown by three representative colors in Fig. 5.5, from which

three scenarios are selected from Cluster 1, two from Cluster 2, and one from Cluster N, for

a total of six scenarios in the illustration. In general, therefore, the number of a reduced set

of scenarios becomes N̂s =
∑N

i=1 ni where ni is the number of selections from an ith cluster.

Considering four different clustering schemes, a systematic parametric study is performed to

arrive at the optimum combinations of various associated parameters. Table 6.3 summarizes

the five parameters and their respective levels as follows:

1. Clustering algorithm: Clustering allows one to identify and classify interesting pat-
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Figure 2.5: Schematic illustration of the clustering approach.

terns and similarities in the underlying data [33], which together with data mining of

sequential data such as time-series has received significant attention [34], [35], [36],

[37]. The set of solar production scenarios can similarly be classified though such an

unsupervised method whose parameters can be optimized based on desired target ob-

jectives. Four clustering algorithms are chosen for evaluation in this study, as shown

in Table 6.3: a k-Shape clustering approach and three k-means clustering methods.

The k-Shape clustering method utilizes cross-correlation as a distance measure that is

invariant to scaling and shifting of time-series, which makes it efficient for time-series

clustering [37]. The other three are k-means clustering with three different similarity

metrics, namely, standardized euclidean (seuclidean), cosine, and correlation [38].

2. Features: Clustering is performed either on power-based scenarios or quantile-based
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scenarios (where the corresponding quantile values replace the power values). A Z-score

[39] normalization was applied to the power-based time series before implementing a

clustering algorithm to avoid the domination of large numbers. The number of clusters

formed is N

3. Intra-cluster selection: After making clusters, the next task is to make a selection from

within each of the N clusters. Two mechanisms of selection are considered. The first

is a Random Selection (RS), and the second is a Fast Forward Selection (FFS) [5].

Instead of using a single method, the present work explored the hybrid version of both

by assigning φ fraction of clusters to RS and the remaining (1 − φ) fraction to the

FFS selection scheme. Five levels of φ are considered in the present parametric study,

namely, 0, 0.25, 0.50, 0.75, and 1, such that φ = 0 represents a fully FFS scheme

whereas φ = 1 denotes purely random selection.

4. Inter-cluster-selection:This parameter pertains to selection amongst clusters. In this,

two levels are considered: (1) Even selection from each cluster, where the number of

selections from a cluster (n) is the same across all clusters (2) Uneven selection from

each cluster where the number of selections from each cluster is proportional to the

cluster size. However, an average selection (n) from each cluster in an uneven selection

scheme is defined as n = N̂s/N . The number of selections from an ith cluster is defined

as: ni = ∗Ci × N̂s/Ns, where Ciis the size of ith cluster, (N̂s ) ̂, is the reduced number

of scenarios, Ns (=7000) is a full set of scenarios, and ∗· denotes the floor function.

5. Combinations of (N,n):This parameter is a combination of (N,n), where N is the

number of clusters, and n is an average number of selections from each cluster (for

uneven selection, it is (N̂s/N). A total of 30 different possible combinations of (N,n)

are considered such that 5 ≤ N × n ≤ 120. For example, for 10 scenarios, the (N,n)

combinations consist of (10,1), (5,2), and (2,5).
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Table 2.1: Parameters considered in the clustering algorithm optimization

Factors Levels

Clustering algorithm

k-Shape,
k-means (seuclidean)

k-means(cosine),
k-means(correlation)

Clustering feature Power, Quantile
Intra-cluster selection (ϕ) 0, 0.25, 0.50, 0.75, 1.00

Inter-cluster selection Even selection, Uneven selection

Combinations of (N,n)
30 levels in the range
5 ≤ N × n ≤ 120

It is evident from Table 6.3 that the total number of the different cases spanning the five

parameters is: 4 clustering algorithms × 2 features × 5 values of φ × 2 Inter-cluster selection

methods × 30 combinations of (N,n) = 2400. Further, each of the 2400 cases was run 50

times to get different replicates of response to observe the associated uncertainty in terms

of an inter-quartile range. The results of the parametric study are discussed in the next

section.

2.5 Results and Discussion

This section is subdivided into two parts. Section 4.1 discusses the methodology adopted for

the parametric study to arrive at the optimum combinations of parameters, while section 4.2

presents the application of the derived parameters and its performance on the open-source

dataset.
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Figure 2.6: Results of the parametric study: k-Shape and k-means (seuclidean) clustering
algorithms for the different levels of the governing parameters.

2.5.1 Parametric Study

The effectiveness of a clustering algorithm is normally defined based on a clustering loss

function, which is the sum of the squares of the distances of each data point to its assigned
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Figure 2.7: Results of the parametric study: k-means (cosine) and k-means (correlation)
clustering algorithms for the different levels of the governing parameters.

cluster centroid [32]. In the present study, the goal of the clustering-based scenario reduction

is to assess its effectiveness in estimating the statistical moments of the power distributions,

particularly the standard deviation, which in turn determines the effectiveness of the method

in practical applications such as stochastic unit commitment and economical dispatch. To
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this end, two related quantities are defined to evaluate the performance of the scenario

reduction method: (1) Normalized Bias, δ =
∥E[σ̂]−σ∥2

∥σ∥1
, where σ is a collection of the target

values of the standard deviation of power at each hour index, the ith element of σ is σi, where

i ∈ [0, 1, 2, ..., 23], E[σ̂] is a collection of the average values of the standard deviation of the 50

replicates of the reduced set of scenarios at each hour, ∥ · ∥2 denotes the L2 norm of a quantity,

and ∥ · ∥1 denotes L1 norm of a quantity, and (2) Normalized Inter Quantile Range (IQR),

γ =
∥iqr∥1
∥σ∥1

, where iqr is the collection of inter-quantile range (i.e., the difference between

values at the 75%-ile and the 25%-ile) of power based on the 50 replicates at each hour.

The goal of the clustering algorithm is to reduce the number of scenarios such that both the

normalized bias, δ, and the normalized inter-quartile range, γ, are minimized simultaneously.

To this end, the results of the parametric study are analyzed in terms of the product γ × δ

as the quantity to be minimized.

Figures 5.6 and 5.7 summarize the result of parametric studies, where each subplot has the

evaluation metric γ × δ on the ordinate and pair of (N,n) on the abscissa, where n denotes

the equal number of selections each cluster in the case of an even clustering scheme and the

average selection (n) from each cluster in an uneven selection scheme. With the intent of

focusing on the fewest number of scenarios, only those combinations of (N,n) which lead to

N̂s(= N × n) of 20, 30, or 40 are considered in the figures, and the different color shades

represent the different clustering algorithms. Within each subplot, the different densities of

hatches represent a different number of reduced scenarios, (N̂s)̂. Each row corresponds to

one realization of φ, starting from φ = 0 at the top to φ = 1 at the bottom. Each column

within one color shade represents one of the two features, power or quantile. The two bars

within each subplot represent two levels of selection schemes, even or uneven selection. The

optimum combinations of the parameters are ones that minimize the γ × δ. As seen from

the Figs. 5.6 and 5.7, overall, k-means clustering worked better than the k-Shape clustering
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in almost all cases. The optimum level of the other parameters irrespective of the clustering

algorithm, for the three values of N̂ss, are Power (Feature), Random Intra-cluster Selection

(φ = 1), and Uneven Inter-cluster selection. The difference in the response amongst different

distance metrics is marginal. Overall, it is also observed that the smaller value of n in an

(N,n) pair leads to better performance in almost all cases.

Figure 5.8 shows the variation of γ × δ for each clustering algorithm, as a metric to be

minimized, with the number of scenarios, N̂ss, for the optimum (N,n) pair corresponding to

each N̂s. As can be seen from Fig. 5.8, the variation of γ × δ with N̂s forms a characteristic

elbow pattern, similar to that observed in any general clustering application [32]. For k-

means clustering, the reduction in γ × δ is seen to be insignificant after N̂s = 20 suggesting

that 20 scenarios may be considered an optimum that maximizes accuracy of estimation of

the statistical parameters. Further, there is a little variation amongst the different distance

metrics (seuclidean, cosine, and correlation) for k-means clustering. However, k-means with

correlation distance metric achieved a slightly lower γ × δ than others. The variation for

k-Shape clustering is seen to minimizeγ×δ at N̂s = 30, suggesting that this algorithm would

require more scenarios than the k-means algorithm. It may be inferred from Fig. 5.8 that

the k-means (with correlation distance metric) and N̂s = 20 (N = 20, n = 1) is the best

clustering algorithm out of the considered search space. Note that in comparison to the

7000 scenarios needed for accurate determination of the mean and the standard deviation

of the probabilistic distribution, the use of the optimal clustering strategy yields a notable

reduction of over 99.7% in the number of scenarios to only 20. It is also worth noting that

the computation time associated with the optimum clustering method is about 45 s (on a

3.10GHz Intel Core i9 CPU with 32 GB Memory). In comparison, the computation time for

k-Shape clustering is on the order of 300 s.



2.5. RESULTS AND DISCUSSION 29

Figure 2.8: Variation of IQR × bias of the clustering schemes with the reduced number of
scenarios, N̂s.

2.5.2 Application of derived algorithm

Again, the contributions of this work are twofold: i) a scenario generation through the

stratified sampling and the stretching and shifting of the distribution functions (discussed in

Section 2), and ii) a scenario reduction technique that uses the optimal number of reduced

scenarios (discussed in Section 3). The effectiveness of each of these contributions on reducing

the uncertainty of the standard deviation is examined in Fig. 2.9. Figure 2.9a presents

box plots of the standard deviation of the power determined from 50 sets of 20 randomly
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Figure 2.9: Standard deviation of the reduced set of 20 scenarios: (a) randomly selecting 20
out of a full set of scenarios using Monte Carlo Sampling from an unmodified piecewise linear
CDF, (b) randomly selecting out of the full set of scenarios using stratified sampling from
a modified piecewise linear CDF, and (c) selection using the optimal k-means (correlation)
clustering algorithm.

selected scenarios at each hour of the day (without the application of the modifications

in the scenario generation methodology discussed in Section 2) as a function of the hour

index.Also plotted for comparison is the target standard deviations shown by the black

markers that correspond to a set of 7000 scenarios. Figure 2.9b presents box plots of the

standard deviation computed using 50 sets of 20 scenarios at each hour of the day, in which

the modifications in the scenario generation method discussed in Section 2 are applied. As

before, the target values of standard deviation obtained from a set of 7000 scenarios are

indicated by the black markers. Figure 2.9c combines the scenario generation method and

the optimal scenario reduction algorithm and presents the standard deviation computed

using 50 sets of 20 optimally clustered scenarios at each hour of the day.

When randomly selecting 20 scenarios the median values of the standard deviation in the

box plots in Fig. 2.9a are seen to be consistently underpredicted relative to the target value.

Furthermore, there is a significantly large associated uncertainty, as observed form the inter-

quantile range of the boxplots. With the incorporation of modifications in the scenario

generation, the median of the box plots are seen to be closer to the target values in Fig.
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Figure 2.10: Representative 50 scenarios of solar power generation in CAISO data for the
four seasons: winter (top row), spring (second row from top), summer (third row from top),
and fall (bottom row), for randomly selected five days within each season.

2.9b, resulting in a reduced bias, although the uncertainty in the estimate, as indicated by the

height of the box plots, is high. Using the combined approach of improved scenario generation

and the reduced set of N̂s = 20 scenarios obtained through the optimal k-means clustering

algorithm, both the bias and the associated uncertainty are seen to be reduced significantly

in Fig. 2.9c. The size of the boxplot in Fig. 2.9c is so small that it is indistinguishable from

the size of the markers in the plot. The finding in Fig. 2.9 clearly indicates the accuracy of

the present method, Fig. 2.9c, compared to the conventional method of scenario generation

in Fig. 2.9a.

The parametric study to determine the optimum clustering algorithm and its parameters uses

one typical day in the RTS-GMLC [26] data. In order to further explore the applicability of
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the optimal clustering algorithm and its parameters to other data sets, the k-means (correla-

tion) clustering scheme with a reduced set of 20 scenarios is applied to the yearly data from

the RTS-GMLC data set [26] and the CAISO yearly data on solar power production for the

year December 2018–December 2019 [27]. For the CAISO data set, the probabilistic forecast

on annual solar power production is first obtained via quantile regression [25] through the

boosting algorithm [31]. The probabilistic forecast is then converted into a set of scenarios,

as shown in Fig. 2.10. The data in Fig. 2.10 is ordered by the four seasons—winter, spring,

summer, and fall—in the four rows from top to bottom. Further, within each row, five ran-

dom days from each season are chosen to depict the generated scenarios. The black dashed

line in each subplot represents the actual power production on that particular day. The two

black dotted lines around the actual power production represent the 25th and 75th quantiles,

respectively. The full cardinality of scenarios is considered to be 7000, which is similar to

what was considered in RTS-GMLC data. However, only 50 representative scenarios (out

of 7000) are shown in Fig. 2.10 for the sake of clarity. As can be seen from Fig. 2.10, on

average, winter days produce less solar power compared to days in other seasons. Further-

more, the summer days follow a systematic and uniform pattern in solar power production

as compared to days in other seasons that exhibit abrupt changes and fluctuations in the

profiles.

Figure 2.11 shows the estimated hourly standard deviation with N̂s = 20 for a single ran-

domly chosen day from each season. It is seen that the estimate of the standard deviation is

able to match the target with a small amount of uncertainty, and with a significantly reduced

bias. It is revealed from the plot that winter and fall days show a relatively larger amount

of standard deviation in power production than spring and summer days. Additionally, the

standard deviation of power at peak hours is quite similar across the range for spring and

summer days. However, there seems to be a non-uniform trend in the standard deviation of
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Figure 2.11: Estimated hourly standard deviation with N̂s = 20 for a single randomly chosen
day from each season, from the CAISO data set.

power across the spectrum of peak hours for winter and fall days.

Figure 2.12 shows the comparison of the estimated standard deviation for N̂s = 20 scenarios

with the target standard deviation obtained for 7000 scenarios, for each hour of the year for

the RTS-GMLC data set (Fig. 2.12a) and the CAISO data set (Fig. 2.12b). The ordinate of

Figs. 2.12a,b is an expected value of standard deviation obtained as an arithmetic average

of all 50 replicates of the 20 sets of scenarios at each hour of the day. A comparison of the

value with the target standard deviation indicates the bias in the prediction, as defined in

the previous section. The solid lines in the plots indicate the line of exact agreement, and
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Figure 2.12: Comparison of the standard deviation for each hour of a year of (a) RTS-GMLC
data and (b) CAISO data obtained from the optimal 20 scenarios with those obtained from
the 7000 scenario simulation, and histogram of the IQR of the hourly standard deviation for
(c) RTS-GMLC data and (d) CAISO data.

the shaded bands denote the 10% error band with respect to the exact value. It is seen that

most of the predictions, 93.4% of the hourly values over the year, fall within the 10% error

band for the RTS-GMLC data (Fig. 2.12a) and in the CAISO data set (Fig. 2.12b), 93.% of

hourly data over the entire year fall within the 10% error band, suggesting a very small bias

in the estimation of the hourly standard deviation throughout the year for both data sets.

To examine the uncertainty in the estimation of the standard deviation, Figs. 2.12c,d present

the histogram of IQR of prediction for each hour of the year for RTS-GMLC and CAISO
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solar power production data sets, respectively. In Fig. 2.12c, the distribution of IQR for the

RTS-GMLC data set follows a bimodal distribution with peaks at around 2 MW and 10 MW.

The bimodal nature of the distribution of IQR may be attributed to the different ranges of

solar power production in a single day, which can be distinguished as low production hours,

midnight to 6 A.M. and 5 P.M. to 11 P.M., and high production hours, 7 A.M. to 4 P.M.

For the CIASO data in Fig. 2.12d, the histogram of the hourly IQR also follows a bimodal

distribution similar to that observed for the RTS-GMLC data set in Fig. 2.12c. The peaks,

however, occur close to 0 GW and 0.2 GW in Fig. 2.1212d, denoting an extremely low

level of uncertainty in the estimated standard deviation. In operation, it is desirable that

the uncertainty in estimating the standard deviation of power at peak hours be as small as

possible. It is seen that the IQR stays well within 20 MW in Fig. 2.12c, which corresponds

to less than 2% uncertainty on a peak power of ∼1000 MW . For the CAISO solar power

production data set, the uncertainty in the estimated hourly standard deviation, IQR, is

below ∼0.5 GW in Fig. 2.12d, which is less than 4.5% of the peak power values in a day.

Following the format of the comparison on the hourly standard deviation in Fig. 2.12,

Fig. 2.13 compares the daily-averaged standard deviation from the 7000 scenarios with that

estimated by the 20 scenarios from the optimal k-means clustering scheme, for all days of a

year. The daily-averaged standard deviations for the ramp-up (12 A.M. to 1 P.M.) and the

ramp-down (1P.M. to 12 midnight) periods are obtained by taking the L2 norm of the two

sets of the respective hourly values of standard deviation in a single day. The comparison

between the L2 norm of estimated standard deviation for 20 scenarios and the L2 norm of

the target standard deviation is presented in Fig. 2.13a for the RTS-GMLC data set and

in Fig. 2.13b for the CAISO data. As in Figs. 2.12a,b, the solid lines represent the line

of exact agreement, the red and blue markers represent the estimated standard deviation

of the optimal 20 scenarios for the ramp-up and the ramp-down periods, respectively, and
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the shaded areas denote the 10% error band. It is seen that all the daily averaged standard

deviation values, spanning all the ramp-up and the ramp-down periods, from the optimum

clustering scenarios fall well within the 10% error band, for both RTS-GMLC (Fig. 2.13a)

and CAISO data (Fig. 2.13b). Further, the inset plots within Figs. 2.13a,b present the

histogram of percentage error for up and down ramp periods, which is within ±8% and

centered around 0% for the RTS-GMLC data (Fig. 2.13a). The error distribution is seen to

follow a Gaussian distribution, which is also a desirable characteristic [40]. The inset plot in

Fig. 2.13b for the CAISO data also confirms that the error is normally distributed around

0 and is within about 8% in almost all cases.

Figures 2.13c,d show the histogram of the IQR of the daily-averaged standard deviation

for ramp-up (red bars) and ramp-down (blue bars) periods for the RTS-GMLC and CAISO

data, respectively. Unlike the hourly IQR in Figs. 2.12c,d, the IQR for the daily-averaged

standard deviation follows a unimodal distribution with a peak at around 9 MW for ramp-

down and at approximately 12 MW for ramp-up period for the RTS-GMLC data set in Fig.

2.13c, which is on average within about 1% of the peak power of ∼1,000 MW in a day. For

the CAISO data, Fig. 2.13d shows that the histogram of daily IQR is unimodal with a peak

of around 0.25 GW for both the ramp-down and the ramp-up periods, with the distribution

shifted to slightly higher power values for the ramp-up period. However, the IQR of the

daily-averaged standard deviation is all within about 0.45 GW , which corresponds to an

uncertainty of less than 4% relative to the daily peak power value of about 11.25 GW .

Figures 2.12 and 2.13 demonstrate the general applicability of the optimal clustering scheme

with reduced set of 20 scenarios to a full year of data in the RTS-GMLC and the CAISO data

sets. These results offer independent validation that the optimal clustering scheme is capable

of accurately estimating the mean and the standard deviation at the hourly or daily resolution

beyond the typical day that formed the basis of the parametric studies used to derive the
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Figure 2.13: Comparison of the daily-averaged standard deviation in a year of (a) RTS-
GMLC data and (b) CAISO data obtained from the optimal 20 scenarios with those obtained
from the 7000 scenario simulation, and histogram of the IQR of the daily-averaged standard
deviation for (c) RTS-GMLC data and (d) CAISO data.

optimal scheme.Further research, building on the results in this article, might explore the

application of the techniques presented for ramp rates as well as reserve estimations..The

focus of this article is primarily on the solar production. However, the methodology presented

here can be utilized to generate reduced order scenarios for other renewable energies such as

wind and wave energy from their respective probabilistic forecasts. It is worth mentioning

that the optimal set of parameters for clustering will need to be determined seperately

for the different applications. Other machine learning methods, such as the application of
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encoder-decoder to encode the essential features in reduced dimensions might be a promising

non-linear transformation [41], which may be explored in a future study.

The primary contribution of the present work is a methodology to accurately derive a re-

duced set of scenarios of a solar power realization from a non-parametric probabilistic fore-

cast. Unlike previously reported approaches, the presented methodology doesn’t make any

assumption on the prior marginal distribution at each time indices. The present method-

ology yields accurate statistics from a reduced number of scenarios that, in turn, can be

used for accurate and computationally-efficient estimation of uncertainty in further decision

variables, such as reserve estimation, cost, dispatch, etc., derived from scenarios [14]. The ap-

plication of the methodology to unit commitment and reserve estimation may be considered

in a future work.

2.6 Conclusions

The article presented an improved method for scenario generation and scenario reduction

in probabilistic modeling of power forecasting. In the scenario generation aspect, the effect

of stratified sampling coupled with the piecewise-linear CDF modification was shown to

yield accurate estimation of the second moment compared to a full set of scenarios. On

scenario reduction front, the article presented an optimal algorithm and its parameters for

uncertainty quantification in the statistics of power profiles with a significantly reduced

number of scenarios (20 vs. 7000). The optimum parameters were derived by considering a

typical day in the RTS-GMLC data set through an exhaustive parametric study on varying

the clustering algorithm and their parameters. The generalized applicability of the algorithm

across a broader set of power data sets that were not used in developing the optimum

parameters was demonstrated by considering the yearly variation of the power profiles from
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both RTS-GMLC as well as CAISO data sets. It was shown that the use of clustering reduced

the uncertainty in the estimation of the statistical parameters to below 2–4.5% based on the

peak daily power.
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3.1 Abstract

Stochastic unit commitment (UC) and economic dispatch (ED) are the most valuable tools

in dealing with uncertainty in renewable forecast for power system operation and planning

such that the overall expected production cost is minimized over the planning horizon. How-

ever, accurate calculation of the expected production cost requires assessment of a very large

number of different scenarios of uncertain renewable resources, such as solar and wind, which

is practically infeasible to simulate in real time. This article proposes a hybrid data-driven

and physics-based model-predictive paradigm to efficiently solve for stochastic unit com-

mitment and economic dispatch considering uncertainty in wind and solar power forecasts.

The novelty of the approach lies in decoupling the production cost estimation from the unit

commitment and economic dispatch optimization problems under uncertainty without com-

promising on the fidelity of the solutions. A data-driven machine learning model is developed

to predict the mean optimal production cost 62.5% more accurately than the existing state-

of-the-art, on unforeseen days during the entire year. Since the cost is the function of the

decision variables such as unit commitment and economic dispatch, a physics-based inverse

problem is solved to get the stochastic UC and ED profiles from the expected cost. The

presented approach considers, for the first time, solar uncertainty in UC/ED determination

and enables efficient and accurate propagation of wind and solar uncertainty to estimate

the statistics of the production cost. The effectiveness of the developed approach is demon-

strated systematically on a stylized RTS-GMLC single-node system. The overall framework

not only predicts the expected cost accurately but also provides, for the first time, the asso-

ciated physically consistent UC and ED profiles. The solutions are also shown to be flexible

in providing adequate daily reserves to address any statistical deviations from probabilistic

power forecasts. The computational time associated with the presented method is only about

10 s compared to over 24 h needed for a conventional stochastic UC/ED determination under
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uncertainty in a system with Intel core i7 processor with 32 GB of RAM.

3.2 Introduction

The operation and control of a power system maintain a continuous supply of power to

maintain supply-demand equilibrium. Unit commitment (UC) and economic dispatch (ED)

are optimization problems that seek to reach such equilibrium at the least possible cost while

observing all the technical constraints of the bulk power assets, as well as allocating recourse

to respond to unforeseen deviations. UC is used to schedule the number of committed

generators, while ED is used to organize the power levels from the committed generators

over the desired time horizon [42]. The generators that are controlled by such methods

are mostly thermal generators (based on conventional energy sources), such as coal, gas,

oil, nuclear, etc. Generators usually depict unique characteristics and impose those in the

form of constraints in optimization problems. The use of mixed-integer linear programming

(MILP) to solve UC and ED is ubiquitous and found in various commercial solver [43].

Increasing dependency on renewable generation makes the power system inherently stochas-

tic because of the uncertainties and indeterminacy of the power generation from renewable

sources. It is crucial to address such uncertainty to maintain the supply-demand equilib-

rium. Despite the recent advances in forecasting methods, wind and solar power forecasting

still tends to be imperfect by a considerable margin [44]. To understand the nature of wind

forecast imperfection, various research activities have sought to quantify the renewable fore-

cast error distribution [45, 46]. One way to deal with these uncertainties is to estimate a

reserve to make up for the over- or under-production and carry out the UC and ED opti-

mization without any further modification to include stochasticity in the system [47, 48, 49].

This approach, however, could lead to overly conservative or insufficient amounts and cost
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inefficiency on power system operation.

On the other hand, various formulations of modeling such uncertainties and propagating

them through the UC and ED decision-making, called stochastic UC and stochastic ED

modeling [50], have gained considerable attention. Stochastic UC and ED approaches are

able to consider multiple plausible renewable energy materializations to decide the optimal

set of committed generators and their power levels and minimize the expected production

cost. Such explicit modeling of uncertainties eliminates the reliance on reserves and makes a

considerable difference in the production costs between deterministic evaluation and stochas-

tic evaluations [51]. However, a large number of scenarios are needed to get an accurate

solution from the stochastic UC and ED optimization. Thus, despite the advantage of cost

saving arising from reduced reliance on reserves, such an approach is challenging to adopt

in practice due to the huge computational burden and sometimes mathematical difficulty to

find the optimum solution in the large dimensional space [51, 52, 53].

The complexity of stochastic UC and ED can be overcome if only an estimation of the opti-

mized production cost is desired, without the associated UC and ED profiles. The linearity

of the model allows for solution of various deterministic UC and ED cases for each scenario

of power forecast and averaging of the costs for each of those scenarios to get an estimate

of the expected cost, which would otherwise be the output of the stochastic model, in a sig-

nificantly reduced computational time. Several researchers have adopted this technique and

proposed various methods to reduce the computational time associated with the simulation

of the different scenarios. To reduce the computational burden associated with Monte Carlo

based sampling, Safta et. al. [51] applied the polynomial chaos expansion method to build

a surrogate for the deterministic UC-ED problem in which the sparse quadrature method

[54, 55] was used as an improvement over Monte Carlo sampling. A 100-fold reduction was

found in the total number of scenarios needed to get an accurate estimate. However, the
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surrogate models in [51] are constructed by assuming that the uncertain input parameters

follow Gaussian distributions. In a recent work in this direction, Zhixiong et al. [56] pro-

posed a Gaussian Process (GP) emulator-based approach to make a surrogate model for the

deterministic UC-ED problem. The GP model was found to estimate the cost with an error

of about $1,000 for the production cost on the order of $M with significantly reduced com-

putational time. In reality, however, the uncertainty distributions are often non-parametric,

for which a Gaussian distribution assumption is not accurate.

The existing surrogate models and approaches are reasonable steps to reduce the compu-

tational time without sacrificing the accuracy of UC-ED optimization. However, they have

three main shortcomings that hinder their practical utility. First, they can only estimate

the optimized production cost without providing the information on the associated UC and

ED profiles (decision variables) responsible for the obtained production cost. Second, al-

though approaches such as those in [51, 56] provide validation of the model based on a

single-day case study, generalization to different days with different load profiles is missing

in the reported framework. Hence, the surrogate models need to be retrained every single

day, making the approach only modestly useful in practice. Third, since the methods use

the Karhunen-Loève expansion [51] to create the uncertainty (wind) scenarios, the variety of

scenarios is limited by the chosen marginal distribution functions at each time-stamp, which

restricts their use when the scenarios are generated from other more relevant and accurate

non-parametric approaches [57, 58, 59]. In addition, existing literature considers only wind

uncertainty, whereas solar uncertainty, which is a growing portion of the power generation

portfolio, and its scenarios are not included.

To overcome the drawbacks of the existing approaches, the present work provides a novel

approach for accurate and computationally efficient determination of stochastic UC and ED

profiles along with the associated minimized mean production cost considering wind and
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solar uncertainty. The novelty lies in decoupling the minimum cost determination from

the UC/ED solution, leading to tremendous computational savings. A data-driven machine

learning surrogate model is developed to estimate the minimized mean production cost di-

rectly from load profiles and wind/solar scenarios over a time horizon of one day. The associ-

ated stochastic UC and ED profiles that meet the estimated minimum mean production cost

are obtained by solving a mixed-integer linear programming (MILP) inverse optimization

problem that represents all physicality of the problem and includes various constraints of

the thermal generators.

Using case studies from a stylized RTS-GMLC single node system [60], the presented ap-

proach is shown to be generally applicable to various days in the year, which eliminates

the need for retraining every single day. Furthermore, the light gradient boosting machine

learning surrogate model is shown to be more accurate than the Gaussian process model by

about 62.5% and 25% considering wind and solar uncertainty, respectively. The solutions

obtained from the present method are shown to be flexible in allowing for sufficient reserves

to handle real-time deviations from forecast. Finally, the computational time for obtaining

the stochastic UC and ED profiles along with the associated mean production cost based

on 1000 uncertainty scenarios is only about 10 s in comparison to the 24 h or more needed

for a full computational simulation based on a less accurate 200 scenarios. Simulations were

performed on core i7 processor with 32 GB RAM system. The approach, therefore, offers

considerable benefits in power systems operation and control in the face of uncertainty in

renewable energy generation.
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3.3 Unit Commitment and Economic Dispatch Prob-

lem Formulation

The unit commitment and economic dispatch problem is formulated here considering a single

node system without network-related constraints associated with multiple nodes. The goal

of the combined stochastic unit commitment and dispatch problem is to minimize the overall

expected cost over a target time horizon, which is defined as:

xon∈[0,1]Ng×Nt

P∈RNg×Nt×Ns

C(xon, P ) (3.1)

where the expected overall cost is

C = Cf + Cs + Cg + Ccurt (3.2)

Cf =
∑
g

∑
t

Cnl(g) · xon(g, t)

Cs =
∑
g

∑
t

Csu(g) · xsw(g, t)

Cg =
∑
s

π(s) ·
∑
g

∑
t

P (g, t, s) · Cgen(g, P )

Ccurt =
∑
t

Rcurt · Pcurt

where xon and P represent the sets of decision variables for unit commitment and economic

dispatch, respectively. The dimensionality of xon is Ng × Nt, where Ng is the number of

generators in a system and Nt is the number of time-stamps in a considered time horizon.

The dimensionality of P is Ng ×Nt ×Ns, where Ns is the number of scenarios. The search

space of xon is a binary set of either 0 or 1, while P consists of values from a set of real

positive numbers.
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Further, C is the total production cost, which comprises four components: total fixed cost,

Cf , total start-up cost, Cs, total generation cost, Cg, and total curtailment cost, Ccurt, as

described in equation 2. The terms Cnl, Csu, and Cgen are cost functions associated with

no load, starting up, and generation characteristics of different generators, and xsw is a

binary variable describing the starting up status of generators. The total generation cost,

Cg, is an expected cost of generation across all scenarios, in which π(s) is the probability

of occurrence of each scenario. In the curtailment cost, Rcurt represents the rate in $ per

MW of curtailment which is given by the opportunity cost [61], and Pcurt is the curtailed

solar and wind power. Any curtailment in renewable can be penalized through such cost

function [52]; however, in the present study, the penalty on curtailment is taken to be zero.

Further, since the computational burden is rather prohibitive in the combined consideration

of both solar and wind uncertainty, to illustrate the method here, solar and wind scenarios

are handled independently, i.e., considering one renewable resource at a time. The subscript

t denotes specific time periods in the planning horizon, t = 1,…, T , subscript g denotes the

generator index defined over generator set G, and subscript s denotes the scenario index

from a scenario set S.

The associated key constraints are described as follows:

label= Ramp up and down constraints:

P (g, t, s)− P (g, t− 1, s) ≤ Rup(g), ∀g, t, s

P (g, t− 1, s)− P (g, t, s) ≤ Rdown(g), ∀g, t, s
(3.3)

lbbel= Minimum and maximum capacity constraints:

P (g, t, s) ≤ Pmax(g), ∀g, t, s

P (g, t, s) ≥ Pmin(g), ∀g, t, s
(3.4)
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lcbel= Power balance constraints:

L(t, s) =
∑
g

P (g, t, s) + renewable(t, s) + hydro(t), ∀s, t (3.5)

where Rup and Rdown represent the upper and lower limits of ramp-up and ramp-down

rates of each generator, and Pmax and Pmin represent the maximum and minimum power

ratings of each generator. The ramping constraint and the power output constraint have

to be matched for all generators, g, time-stamps, t, and scenarios, s. The power balance

constraint ensures the balance of generation and demand at all times, t, and scenarios, s,

where renewable is a variable representing power from wind or solar production, and hydro is

a parameter representing power from hydro; the renewable is a variable in the optimization

problem, unlike hydro, whose upper limit is given by its forecast. In addition to these,

constraint related to minimum up and down time of different conventional generators are

also considered [62].

It should be noted that when the number of renewable scenarios, Ns, is one, the stochas-

tic problem becomes deterministic in nature. Therefore, the formulation presented in this

section applies to both deterministic UC and ED as well as stochastic UC and ED.

3.4 Hybrid Data-driven and Physics-based Method

The mixed-integer optimization problem as defined by equations (1)–(5) is conventionally

solved using MILP methods to determined the least cost and the associated decision variables

constituting the stochastic unit commitment and stochastic economic dispatch of the various

generators. Such an exercise, however, is computationally intensive due to the dimensionality

with increasing number of scenarios considered in the stochastic optimization problem. As
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a result, conventional approaches are limited to only a handful of scenarios which do not

provide stochastically converged solutions.

This section describes an alternative method developed to circumvent the problems associ-

ated with conventional approaches. The central idea is that if the mean minimized cost can

be estimated a priori for a given load profile and a set of uncertain wind or solar scenarios,

the problem of unit commitment and economic dispatch can be solved quickly to match the

determined minimum mean production cost. To this end, a machine learning model is devel-

oped for accurate estimation of the minimum mean cost from which, using a physics-based

model, an inverse optimization problem is solved to obtain the stochastic unit commitment

(UC) and economic dispatch (ED) of all generators. Thus, a hybrid data-driven and physics

based approach is used to solve the full problem in a computationally efficient and accurate

way. The development of training data and the construction of the machine learning surro-

gate model are described in subsections 3.1 and 3.2 below followed by a description of the

inverse optimization problem for UC/ED determination in subsection 3.3.

3.4.1 Creation of training data

Figure 3.1 depicts the overall approach of data-driven modeling for UC-ED profiles and mean

cost estimation. The first step is to create ground-truth data for the training set by solving

the exact deterministic UC-ED problem. The Pyomo [63] library was used to implement the

stochastic UC-ED optimization framework (equations (1)–(5)) incorporating the Gurobi [64]

MILP solver.

A k-Shape clustering [65] was performed on load profiles of 365 days in the RTS-GMLC

dataset [60] to select the most diverse days, measured based on a dynamic time warping

(DTW) distance [65], in the training dataset. It was found that the error reduction in the



50

CHAPTER 3. A HYBRID DATA-DRIVEN AND MODEL-BASED APPROACH FOR COMPUTATIONALLY
EFFICIENT STOCHASTIC UNIT COMMITMENT AND ECONOMIC DISPATCH UNDER WIND AND SOLAR

UNCERTAINTY
clustering loss was insignificant after 20 clusters. Hence, different load profiles (i.e., days)

were clustered in 20 different groups. Three load profiles (i.e., three days) were selected from

each cluster to be included in the training dataset, for a total number of days, Nd, of 60.

For illustration purpose, load profile of one day is presented in Fig. 3.1. The load profile

of each day is accompanied by the set of wind/solar scenarios, which are derived from the

non-parametric probabilistic forecast of wind/solar power using the approach presented in

[57]. For representation purpose, five such wind and solar scenarios are depicted in Fig. 3.1.

In the present implementation, the number of such scenarios, Ns, is chosen to be 400.

The machine learning based surrogate model takes one load profile and one wind/solar

scenario at a time to obtain the corresponding minimum cost. It should be noted that

the minimum mean cost for one day is the average of minimum costs corresponding to

several wind/solar scenarios. Ideally, a large number of such scenarios (Ns) is needed to

get the converged and accurate mean cost. However, to keep the computations tractable,

Ns is chosen to be 400 to train the model on combinations of different wind/solar and load

scenarios, resulting in the total number of samples as Nd ×Ns, i.e., 60× 400. Each of these

samples is simulated in an iterative manner through the deterministic unit-commitment and

economic dispatch model presented in section 3.3. The obtained costs corresponding to each

of the samples serve as the ground-truth training data for the construction of the surrogate

model.

‘

3.4.2 Surrogate modeling

The surrogate model solves the deterministic unit commitment and economic dispatch prob-

lem, i.e., mapping each combination of load and wind/solar profile to its corresponding
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Figure 3.1: Schematic illustration of the hybrid data-driven and physics-based estimation of
the minimum mean cost and the stochastic UC and ED profiles.

minimum cost. As described earlier, one of the main goals of the surrogate model is its

ability to be generalized to different days in the year.

Toward this objective, three different surrogate modeling approaches were studied to assess

their respective performance in solving SED and SUC problems for the RTS-GMLC power

system:

1. The light-gradient boosting model (LGBM) [66] is based on a gradient-boosting deci-

sion tree algorithm. It is based on the principles of an ensemble of weak learners in

which multiple models are trained to solve the same problem and combined to get a

better result. A gradient-descent optimization approach is used to arrive at the opti-

mum set of model parameters, and boosting, a meta-algorithm, is used to reduce the

bias [67]. Various hyper-parameters of LGBM such as the number of leaves, maximum

depth, bagging fraction, feature fraction, lasso, and ridge regularization coefficients are
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selected through 5-fold cross validation [68] with the help of Tree-structured Parzen

Estimator (TPE) based Bayesian optimization [69] as opposed to traditional grid-

based random search approach [70]. The LGBM method was implemented to capture

the functional relationships between the minimized cost and the load profile and the

solar/wind uncertainty in the training data set.

2. In an alternative machine learning based method, a long-short term memory (LSTM)

based deep-learning model is developed [71, 72] to extract the relevant functional infor-

mation from time-series data (i.e., wind and load profiles). LSTM is a type of recurrent

neural network which is capable of learning long-term dependency and hidden char-

acteristics in time-series data. LSTM has achieved state-of-the-art performance in

sequence-related tasks such as natural language processing, time-series forecasting, au-

dio and video based prediction, and so forth. The design of the LSTM network takes

two inputs, wind/solar scenario and load profile, at a given time-stamp. Twenty-four

time-stamps correspond to the day ahead forecast at hourly resolution. The hidden

layer from the last time-stamp is passed to the two-stage fully connected feed-forward

neural network, where the first stage output is of dimension 48 (24 values of the wind/-

solar profile and 24 of the load profile) activated through ReLu activation [73]. The

output of the second stage represents the cost value for that particular combination

of wind/solar uncertainty and load profiles. The LSTM network is trained with mean

squared error (MSE) loss supervision using the Adam optimizer [74].

3. The Gaussian Process (GP) model considered here follows that in reference [56] and is

used as a state-of-the-art literature reference for comparison of the other two models.

The GP model makes use of Bayesian inference to determine the unknown system

output based on the known data. It assumes that the model input and output follow

a joint multivariate probability distribution. During training, the parameters of mean
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and kernel function are tuned to best match the training data relationship. In the

present work, a combination of constant and squared exponential kernel [75] is used

with a length scale of 10. Further details on the GP based surrogate modeling is found

in [56].

The three surrogate models provide the set of minimized cost values for different wind/solar

scenarios for one particular day, from which the minimum mean cost, C̄, is estimated as the

arithmetic average of the cost distribution, as illustrated in Figure 3.1.

3.4.3 Stochastic UC and ED determination

Using the minimum mean cost, C̄, the optimum decision variables namely, the unit com-

mitment (UC) and the economic dispatch (ED) profiles are obtained using a physics-based

model and optimization in a manner that respects the stochastic constraints on the various

conventional generators. The optimization problem is similar to that presented in section

3.3, except that the objective function in the model is now an equality constraint that the

optimum cost, C, equals C̄. In other words, the problem is now reduced to a feasibility search

that matches the cost. The Gurobi MILP solver, thus, seeks to match the minimum mean

cost obtained from the surrogate model in determining the optimal UC and ED profiles. This

approach of decoupling the minimum cost and the corresponding UC/ED determinations,

permits the stochastic UC and ED problem to be solved for a very large number of scenarios,

Ns, which would otherwise be impossible to obtain from the exact modeling-based approach.

The application of the method is illustrated in the next section along with its effectiveness

and efficiency on an RTS-GMLC system.
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3.5 Results and Discussion

Since the effectiveness of the presented hybrid data-driven and physics-based method hinges

on determining accurately the minimum mean cost through surrogate modeling, the accuracy

of the surrogate model is first assessed on completely new days that were not used in the

training set. To this end, 18 days were selected randomly from a year in the RTS-GMLC

dataset spanning the four seasons, and 1000 wind/solar scenarios were created for each of

those days. It was ensured that the 18 days did not overlap with the training days. Each

of the surrogate models based on LGBM, LSTM and GP was run for the 1000 scenarios

to obtain the respective minimum mean cost for the 18 days. The ground-truth minimum

mean costs for each of the 18 days in the testing set were generated through 400 scenarios

in Pyomo. The accuracy of each of the surrogate model was calculated as the root mean

squared error (RMSE) between the predicted minimum mean cost and the ground-truth

minimum mean cost.

Figure 4.1 compares predicted costs (ordinate) and true costs (abscissa) for each combination

of load and wind profiles. The total number of scatter points is Nd ×Ns, which is 60× 400

and 18 × 1000 in the training and testing set, respectively. The solid blue line diagonal to

the plot frame represents the line of exact agreement. The effectiveness of the surrogate

model can be qualitatively visualized from the spread of the scatter points around the exact

agreement line: the narrower the spread, the more effective that particular algorithm is in

predicting cost values for individual scenarios. The accuracy of the minimum mean cost

estimation on the training and testing data sets from the three different surrogate models

are presented: the top row shows the prediction on training data for (a) GP, (b) LSTM, and

(c) LGBM models. The prediction on the training data set is seen to be accurate and almost

similar for all algorithms, with LGBM showing the closest agreement.
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Figure 3.2: Comparison of predicted minimum mean cost by the three different surro-
gate models—GP (first column), LSTM (second column), and LGBM (third column)—with
ground-truth minimum mean cost for training (first row) and testing (second row) days
considering wind uncertainty.

Further, it is of more interest to assess the accuracy of the models on the 18 testing days,

presented in the second row for (d) GP, (e) LSTM, and (f) LGBM models. The scatter of

points with respect to the exact agreement line is considerably narrower with LSTM and

LGBM models in comparison to the GP model. The quantification of the surrogate model

accuracy is provided in the form of RMSE, which is seen to reduce from $0.34M to $0.13

M to $0.10 M for GP, LSTM, and LGBM models, respectively, representing an accuracy

improvement of 70% with the LGBM based model as compared to the state-of-the-art GP

based model presented in the literature. Of the two machine learning models, LSTM and

LGBM, LGBM has the least error of $0.1M.

Figure 4.2 follows a similar format as Fig. 4.1 but with the consideration of solar uncertainty.

Once again, the training data are well predicted by all three surrogate models, as seen in



56

CHAPTER 3. A HYBRID DATA-DRIVEN AND MODEL-BASED APPROACH FOR COMPUTATIONALLY
EFFICIENT STOCHASTIC UNIT COMMITMENT AND ECONOMIC DISPATCH UNDER WIND AND SOLAR

UNCERTAINTY

Figure 3.3: Comparison of predicted minimum mean cost by the three different surro-
gate models—GP (first column), LSTM (second column), and LGBM (third column)—with
ground-truth minimum mean cost for training (first row) and testing (second row) days
considering solar uncertainty.

Figs. 4.1(a)–(c). With regard to the testing data set, GP and LSTM demonstrate the

same accuracy of prediction with RMSE of $0.12 M, whereas LGBM has the least prediction

error of $0.09M, that represents a reduction of 25% in the error compared to the GP/LSTM

models.

The model assessment presented so far considers the disaggregated costs for each wind or

solar scenario. The prediction on the aggregated, i.e., the minimum mean cost of set of

scenarios for a given day, was also examined to further assess the accuracy of the three

surrogate models. The results are presented in Figs. 4.3 and 4.4 for the case of wind and

solar uncertainty, respectively. Each point in the scatter plots represents one day, and days

from the same season share the same color for ease of identification, as shown in the figures.

Further, the solid blue line in the plots denote the line of exact agreement and the 5% error
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Figure 3.4: Comparison of predicted minimum mean cost for each of the 18 testing days by
the three different surrogate models—(a) GP, (b) LSTM, and (c) LGBM—with ground-truth
minimum mean cost considering wind uncertainty.

Figure 3.5: omparison of predicted minimum mean cost for each of the 18 testing days by
the three different surrogate models—(a) GP, (b) LSTM, and (c) LGBM—with ground-truth
minimum mean cost considering solar uncertainty.

band is depicted by the blue shaded region in each plot.

Fig. 4.3(a) shows that the GP model has an RMSE of $0.16M on the mean cost of 18 testing

days, considering wind uncertainty. It can be seen that the prediction on certain days falls

outside the 5% error band. On the other hand, the prediction from LSTM and LGBM are

more accurate and fall within the 5% error band on nearly all days. The RMSE values for

LSTM and LGBM are $0.07M and $0.06M, significantly smaller by up to 62.5% than the

GP model. Following the same format as Fig. 4.3, Fig. 4.4 shows the prediction accuracy on

the minimum mean cost for the 18 testing days spanning the four seasons, and considering

solar uncertainty. It can be seen that the prediction on certain days fall outside the 5% error

band for the GP model, with an RMSE of $0.12M. In comparison, the RMSE of LSTM and

LGBM are $0.11 M and $0.09 M, respectively, which represents an error reduction of up to

25% for the LGBM model relative to the GP model.

Based on the results in Figures 4.1–4.4, it is evident that the machine learning based sur-
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rogate models, LSTM and LGBM, presented in this article are considerably more accurate

in predicting the minimum mean cost over the GP model presented in the literature. It

should be noted that the training of the LSTM network takes around 10 minutes, while the

training of the LGBM is accomplished in around 1 minute on a high performance computing

(HPC) cluster with a total of 40 cores. Therefore, considering accuracy and computational

efficiency of training, LGBM is chosen to be the surrogate model for further analysis.

Prior to using the minimum mean cost for determining the UC and ED profiles, a stochastic

convergence analysis was conducted using LGBM in comparison to the exact solution. Figure

4.5(a)–(d) shows such convergence analysis on four selected days, one from each season, in

the testing data set, considering wind uncertainty. In the analysis, the number of scenarios,

Ns, is systematically increased from one, and fifty replicates of wind scenarios are simulated

for a given day to obtain the uncertainty in estimating the minimum mean cost at that

particular Ns. For LGBM, the value of Ns is varied from 1 to 2000, as shown by the blue

shaded region in each of the subplots. The orange shaded region represents the convergence

based on the exact solution in Pyomo. Since the exact solution requires solving the MILP

optimization problem at each iteration, the computational and memory overhead become

prohibitive as Ns increases. In the present implementation, it was not possible to simulate

beyond 400 scenarios and, therefore, the stochastic convergence for the exact solution shown

by the orange colored band in Fig. 4.5(a)–(d) is limited to Ns = 400. It can be seen from the

figure that the estimated mean converges with increasing number of scenarios, and that the

estimated minimum mean cost based on 1000 scenarios from LGBM falls quite close to the

converged cost based on 400 scenarios from the exact model, which is shown in dashed blue

and dashed orange lines, respectively. The maximum deviation in the estimated minimum

mean cost is seen to be less than 5% in the case of the chosen winter day, and much less on

other days.
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Figure 3.6: Stochastic convergence of minimum mean cost with number of wind scenarios
obtained using LGBM (blue) and exact model (orange) on one representative day from each
season—(a) Fall (Nov 2), (b) Winter (Dec 10), (c) Spring (Mar 28), and (d) Summer (Jul
30).

Using a similar format as in Fig. 4.5, Fig. 4.6(a)–(d) shows the stochastic convergence analysis

considering solar uncertainty. The maximum difference of about 2.6% between the converged

mean using the exact model (dashed orange line) and LGBM (dashed blue line) is seen for the

Fall day, subplot (a). Other chosen days show smaller deviation than 2.6% in the converged

error. In both Figs. 4.5 and 4.6, the estimated minimum mean cost by LGBM is close

in magnitude to the mean cost obtained from the exact model. In several instances, the

estimated mean cost by LGBM is lower than that obtained from the exact model.
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Figure 3.7: Stochastic convergence of minimum mean cost with number of solar scenarios
obtained using LGBM (blue) and exact model (orange) on one representative day from each
season—(a) Fall (Nov 2), (b) Winter (Dec 10), (c) Spring (Mar 28), and (d) Summer (Jul
30).

Figures 4.5 and 4.6 demonstrate that the surrogate LGBM model yields the estimated con-

verged minimum mean cost with sufficient accuracy, which can be used for inverse stochastic

optimization to obtain the UC and ED profiles. For illustration of the method, the UC and

ED profiles are determined for the same four days across seasons, as considered in the stochas-

tic convergence analysis (Figs. 4.5 and 4.6). The converged cost based on 1000 scenarios

through the surrogate LGBM model is used in a physics-based MILP optimization problem

as described in Section 3.3. The power generation fleet consists of 73 different conventional

thermal power generators and either wind or solar as the renewable power generator. The
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MILP optimization seeks to determine the ON and OFF status of the generators at each

hour of the day so as to meet the total minimum mean cost, C̄, given by the surrogate

LGBM model, while satisfying the various constraints on the conventional thermal power

generators, such as the minimum and maximum on/off duration, ramp up and ramp down

rates, and minimum and maximum generation capacity.

Figure 4.7 shows the obtained UC and ED profiles from the inverse stochastic optimization

for (a) Fall (Nov 2), (b) Winter (Dec 10), (c) Spring (Mar 28), and (d) Summer (Jul 30).

Since the optimization is carried out through MILP solver on the exact physics-based model,

the obtained UC/ED profiles respect all the constraints of the generators. The UC profile

provides the ON/OFF status of different controllable thermal generators, which is the bottom

graph in each subplot of Fig. 4.7. In these subplots, the 73 generators are identified by the

generator number 1 through 73 on the ordinate, while the abscissa are the time-indices 0–23

denoting the hour of the day. The ON status of a generator is depicted with the dark brown

slat in the UC graph.

Aggregation of power output from each of the ON generators at a particular timestamp

represents the total power from the thermal generators. Renewable power such as wind

(stochastic in nature) and hydro (deterministic in nature) can be used to balance out the

load. The graphical representation of such information is the ED profile and is provided in

the upper graph of each subplot. The power from the different thermal generators, including

coal, gas, nuclear, etc., has been aggregated and represented in one color stack in each ED

profile. Since hydro is considered as a deterministic quantity, the amount of hydro in ED

profiles is the available total hydro power. The wind contribution is usually the average

wind over all possible wind scenarios. In the present analysis, there is no penalty imposed

on the amount of wind curtailment; therefore, a slight wind curtailment seen in the dispatch

on Nov. 2 (Fig. 4.7(a)) around 0300 h. in order to meet the constraints on the conventional
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Figure 3.8: UC and ED profiles of four representative days from each season—(a) Fall
(Nov 02), (b) Winter (Dec 10), (c) Spring (Mar 28), and (d) Summer (Jul 30)—with 1000
scenarios, derived through hybrid data-driven (LGBM)/physics-based approach considering
wind uncertainty.

thermal generators.

Fig. 4.9 shows the ED and UC profiles when considering solar uncertainty. Similar to case

with wind uncertainty, hydro and conventional thermal generators are considered determin-

istic resources, and no penalty is imposed for solar curtailment. The diurnal nature of solar

power is visible in the ED stacks, showing significant solar penetration between 10:00 to

13:00 hours on all four days presented. Interestingly, no solar curtailment is evident in the

optimal dispatch profiles on any of the days presented in Fig. 4.9.

The accuracy of the economic dispatch profiles is evaluated by comparing them to the corre-

sponding profiles obtained from a stochastic optimization using the exact model without the

surrogate. The exact model minimizes the cost considering UC and ED as decision variables,

as described in section 3.3. As mentioned before, the exact solution limits the number of

scenarios based on the computational and memory considerations, and accordingly the ED

solutions were obtained for 400 wind or solar scenarios. Figure 4.10 shows the ED profiles

from the exact model for the four days spanning the four seasons discussed in Figures 4.5–4.9.
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Figure 3.9: UC and ED profiles of four representative days from each season—(a) Fall
(Nov 02), (b) Winter (Dec 10), (c) Spring (Mar 28), and (d) Summer (Jul 30)—with 1000
scenarios, derived through hybrid data-driven (LGBM)/physics-based approach considering
solar uncertainty.

The presented ED profile in Figure 4.10 may not necessarily be a fully converged mean cost

since the number of wind scenarios is only 200. However, little difference is observed between

the ED profile based on 1000 scenarios simulated using the data-driven LGBM model (Fig.

4.7) and the solution based on 200 scenarios using the exact model (Fig. 4.10). The pattern

of the ED profiles is quite similar in both cases. A distinct amount of wind curtailment is

evident in Fall (Nov 2) and in Spring (Mar 28) during the night hours in the solution using

the exact model (Fig. 4.10), which is avoided in the solution derived based on stochastic

simulation using a large number of scenarios with LGBM, in Fig. 4.7. 4.7.

Similarly, Fig. 3.11 shows the ED profiles of chosen four days for the 400 solar scenarios

from the exact model. The profiles are quite comparable to Fig. 4.9. A certain amount of

solar curtailment is evident in the results of the exact model on the summer day, Jul 30,

in Fig. 3.11d. In comparison, the ED profile using the hybrid approach in Fig. 4.7d has no

curtailment, thereby offering a lower cost solution that maximizes renewable usage.
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Figure 3.10: ED profiles of four representative days from each season—(a) Fall (Nov 2), (b)
Winter (Dec 10), (c) Spring (Mar 28), (d) Summer (Jul 30)—with 200 scenarios, derived
using exact model considering wind uncertainty.

Figure 3.11: ED profiles of four representative days from each season—(a) Fall (Nov 2), (b)
Winter (Dec 10), (c) Spring (Mar 28), (d) Summer (Jul 30)—with 400 scenarios, derived
using exact model considering solar uncertainty.

Overall, the comparison between Figs. 4.7 and 4.10, and between Figs. 4.9 and 3.11 confirms

the accuracy of the ED profiles obtained from the hybrid data-driven and physics-based

approach developed in this article. Furthermore, the ability to simulate a significantly greater

number of scenarios with the hybrid approach leads to reduced curtailment of the renewable

resource. Moreover, it was seen in both Figs. 4.5 and 4.6 that the estimated minimum mean

cost by LGBM is close in magnitude to the mean cost obtained from the exact model and

in several instances, the estimated mean cost by LGBM is actually lower than that obtained

from the exact model. Therefore, the hybrid approach yields accurate UC/ED profiles that

incorporate greater statistics of the renewable resource uncertainty, reduce curtailment and

lead to comparable or reduced mean production cost than what would be obtained using the
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full stochastic simulation and optimization.

With the ED profiles from the hybrid approach yielding least cost solutions with minimal to

no curtailment, it is of interest to examine the extent of reserves available with the obtained

solutions to handle any real-time stochasticity and excursions from the modeled uncertainty

in the power system. To this end, Figure 3.12 presents the estimated total up and down

reserve for one representative day from each season, namely, Fall (Nov 02), Winter (Dec 10),

Spring (Mar 28), and Summer (Jul 30), using the formulation presented in ref [76]. The

reserve for each unit is calculated as min{ut
i(P

max
i − pti), u

t
iτRi}, where ui is on/off status of

ith generator, Pmax
i is maximum capacity, pti is scheduled power at time t, τ is the amount of

time available for the generators to ramp-up their output and deliver reserve capacity, and

Ri is ramping up or down capacity of the ith generator. Fig. 3.12(a) shows the total upward

reserve, and Fig. 3.12(b) shows the total downward reserve for a 24 hour period. Wind and

solar uncertainty are considered individually, and are shown by the blue and orange color

bars, respectively.

It can be seen from Figs. 4.7, 4.9, and 3.12 that on the Fall, Winter and Spring days with

average demand of about 4 GW/day, each, the system offers on average 10 GW/day of up

and down reserve considering wind uncertainty and reserves ranging from 12–18 GW/day

considering solar uncertainty. On the Summer day, Fig. 3.12 shows a high amount of reserve

amounting to 23 GW per day. The reserve associated with wind power is consistently smaller

than solar on all days. However, the total reserve is still more than the average demand for

each day, suggesting that the obtained dispatch profiles from the presented hybrid approach

is robust and flexible enough to accommodate any adverse uncertainty in real situation.

The foregoing discussion demonstrated that the obtained UC/ED profile achieves the mini-

mum estimated cost across all scenarios, similar to solving the full-scale stochastic UC/ED

problem. The solutions also incorporate more detailed statistics of the uncertain renewable
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Figure 3.12: Total (a) up reserve and (b) down reserve for four representative days, namely
Fall (Nov 02), Winter (Dec 10), Spring (Mar 28), and Summer (Jul 30) considering wind
(blue) or solar (orange) uncertainty.

power through increased number of scenarios. Apart from the accuracy and robustness of

the solutions, one of the motivations for pursuing the hybrid approach is that of significantly

reducing computational time. Figure 3.13 shows the overall time comparison between hybrid

LGBM/physics-based model and the exact solution approach based on Pyomo and Gurobi

MILP optimization. As stated earlier, with the exact model with MILP solver it was not

possible to run more than 400 scenarios on an Intel i9 processor with 32 GB RAM, to obtain

the mean cost, UC, and ED profiles. Thus, even though the converged mean cost is not

accurate with 400 wind scenarios, the solution is considered the basis of comparison with

the hybrid LGBM model. The total computational time to solve full stochastic optimization

through Pyomo is around 24 hours. On the other hand, once the LGBM is trained, the only

computational overhead is to get the estimated minimum mean cost and solve the inverse

stochastic optimization problem. As shown in Fig. 3.13, the total time for these two steps is

merely around 10 seconds. It should be noted that there is a one-time computational over-
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Figure 3.13: The total computational time comparison between full stochastic optimization
and the hybrid data-driven (LGBM)/physics-based approach.

head associated with LGBM training and hyper-parameter optimization, which is around

12 minutes on an intel i9 processor with 32GM RAM. The computational time comparison

is similar when solar uncertainty is considered in place of wind uncertainty. Therefore, a

drastic reduction in the computational time is realized by using the presented approach to

obtain the mean cost, UC and ED profiles under uncertainty.

3.6 Conclusions

The article presented a hybrid data-driven and physics-based approach to address the com-

putational overhead associated with stochastic economic dispatch and unit commitment.

LGBM based data-driven model is developed to estimate the expected minimum mean cost

over a 24 hour period. The model is generalized to predict the cost accurately on completely
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unseen days. The efficiency of this model enables the propagation of a considerably large

number of scenarios, Ns, which foster confidence in the statistics of the costs values. The

proposed method is found to predict the mean cost on completely new days within a 5%

error band, which is an improvement by around 62% than the existing GP based method. To

get physically consistent UC and ED profiles, an inverse stochastic optimization framework

was developed that uses Gurobi based MILP solver in Pyomo and accounts for the various

conventional thermal power generator constraints to achieve the estimated minimum mean

cost. It was shown that the hybrid method yields solutions that match accurately the exact

solutions of mean cost and UC/ED profiles. Compared to the exact model, the proposed

hybrid method considering 1000 stochastic scenarios yields the solutions in short time of 10 s

compared to 24 h for the exact solution with only 400 scenarios. Overall, the hybrid approach

yields accurate UC/ED profiles that incorporate greater statistics of the renewable resource

uncertainty, reduce curtailment and lead to comparable or reduced mean production cost

than what would be obtained using the full stochastic simulation and optimization. The

solution from the hybrid approach was also shown to be robust and flexible with sufficient

up and down reserves to accommodate any adverse uncertainty in real-time operation. In

the present work, the wind and solar uncertainty are considered independently. The method

presented here may be readily extended to the case of combined wind and solar uncertainty,

that may pursued in a future study.
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Chapter 4

Clustering-based Robust Wind

Scenarios for Stochastic Economic

Dispatch

The work reported in this Chapter is the basis for the following journal publication:

S. Bhavsar, R. Pitchumani, M. Reynolds, I. Satkauskas, J. Maack, and W. Jones. ”Clustering-

based Improved Sampling Method for Stochastic Economic Dispatch with Reduced Variabil-

ity,” In review.

4.1 Abstract

The operation of power systems with high penetrations of renewable energy resources can

be carried out through stochastic economic dispatch and stochastic unit commitment. The

framework of stochastic programming needs a set of scenarios to make the best decisions

possible. The effectiveness of characterizing uncertainty depends on the cardinality and

quality of the scenario set. This article proposes a machine learning method of k-means

clustering for capturing relevant physical information from a large population of analog

scenarios. Scenario samples drawn from the clusters using a user-specified sampling approach

70
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are used in a two-stage stochastic economic dispatch computation. The effectiveness of the

proposed approach is assessed on a synthetic 200 bus system with a geographic footprint over

Illinois for four months from each season of WIND Toolkit data. The combination of k-means

clustering with sampling is shown to reduce the total operational cost by over 43% compared

to sampling from populations based on heuristic clustering-based methods. Additionally, the

variability in the mean cost is about 56% lower than the variability in the cost estimated

using a heuristic method with Monte Carlo sampling. Moreover, the operational cost with

the presented approach is shown to be close to the cost calculated based on a hindsight exact

wind profile, signifying a highly accurate quantification of wind uncertainty by the presented

k-means clustering based sampling method.

4.2 Introduction

There is more uncertainty in operating power grids than ever before due to increasing

amounts of renewable energy resources. As penetrations of renewable energy resources,

like solar and wind power, continue to increase, capturing uncertainty accurately will play

an essential role in robust, reliable, and resilient operations. Large deviations of available

renewable energy production from forecast have the potential to stress reserves [77] and even

lead to a loss of meeting the load or over-committing conventional generators [78], further

increasing operational costs.

Computational techniques that explicitly model uncertainty, such as stochastic economic

dispatch (SED) [42], are effective in planning and operating the grid under uncertainty.

In this approach, optimization of the desired quantity (usually cost) is carried out in an

expected sense (mean) over all possible scenarios and has been shown to reduce the reserve

requirement [47, 48] while accounting for uncertainty. These methods, however, require
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comprehensive characterization of uncertainty to inform the decision-making processes, but

are often limited by the available information and domain knowledge.

In the case of wind power, the uncertainty in the forecast depends on geographical location,

local wind speed, and wind farm characteristics [79]. The probabilistic scenario genera-

tion method needs to capture the physical consistency, temporal dependencies, and spatial

correlation among wind farms, and also the ’tail’ of distribution to hedge against possible

extreme events. Yet it is equally important to ensure that the system does not become

overly conservative to incur large operating costs. Moreover, the method needs to avoid

unrealistic extreme events in the process of considering the tail of the distribution. It is

imperative, therefore, that the probabilistic scenario generation method incorporate of all of

these aspects comprehensively, which has been acknowledged as a challenge [80, 81].

Motivated by addressing the challenges, various techniques have been proposed to create

probabilistic scenarios. One class of approaches has pursued forecasting using machine learn-

ing techniques [44, 82, 83] to arrive at scenario sets. The scenarios so generated typically

consider point forecast, taken as the mean of the distribution, and an assumed parametric

distribution of error [84]. These approaches suffer shortfalls due to bias in point forecast

and the assumed parametric nature of the probability distribution, which limit their ap-

plicability [82]. The methods to generate scenarios from an assumed probability density

function [85, 86] are also not well suited for high dimensional data. Several approaches in

the literature consider non-parametric forms of the distribution in time-series related data,

as presented in [79, 80, 87]. These methods improve over the parametric method, but require

many scenarios to capture the extreme events, especially when the focus is on using such

scenarios for the power system operation.

Aspects of capturing spatial correlation based on time-series analysis of historical wind data

are presented in [81, 88, 89]. Sometimes, the actual aggregated wind power across farms is
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considered to make decisions on future variations. The contribution from each wind farm

is governed by its respective historical data, which can be considered a repository of future

possibilities, to preserve the cross-correlation and physical consistency amongst wind farms

[88, 90]. Such an approach is often referred to as an analog scenario generation approach.

The analog scenarios generation method adopts the concept of the analog forecast, which

was first introduced by Lorenz in 1969 in the field of atmospheric science [91], in which

the prediction of the evolution of future states is carried out by following the evolution of

the sample in a historical record of observations which most closely resembles the current

initial data. The method is non-parametric in nature, provides spatio-temporally correlated

profiles and makes no assumptions about the stochastic nature of the system.

The application of analog scenarios generated from either historical real wind data or from a

high-fidelity weather model in two-stage stochastic programming was presented by Reynolds,

et al., [92], in which the definition of resemblance to current data is based on the total

aggregated power at the current time instance. The aggregated historical wind power values

were organized heuristically into three clusters based on the power levels as very low power,

moderate power, and very large power. The idea behind creating such a tri-cluster is that the

lower value of power has a higher chance of showing positive ramping, and vice versa. The

sampling from the assigned clustering is generally carried out through a Monte Carlo (MC)

based sampling, which requires a large number of samples for convergence of the statistical

moments. The computational and mathematical tedium makes it less practical to obtain the

optimum solution in a large dimensional space.

Importance sampling (IS) is an alternative approach to MC in which a target distribution

is approximated through weighted MC-based samples from another distribution [93]. The

use of importance sampling to create uncertain scenarios to improve the planning under

uncertainty is well demonstrated in the literature from various fields [94, 95, 96]. Panda,
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et al., [88] proposed the application of importance sampling-based approach in a two-stage

stochastic economic dispatch problem to make the scenarios more conservative and avoid

a second stage cost related to loss of load. The method has proven to be well-suited for

the hedging against the rapid ramp-down events, and addresses the challenges of spatial

and temporal correlation, non-parametric formulation, and sampling from the ’tail’ to avoid

large operation costs. However, the method includes unrealistic extreme events that leads

to overly conservative decision making and the associated higher operational costs.

Though the concept of using analog scenarios is an effective way to preserve the physics built

into the scenario profile, especially for applications to wind power generated by turbines

that operate on a certain set of physical principles, machine learning techniques may be

utilized to intelligently capture further characteristics of the wind profile and to make a

data-driven clusters, instead of heuristic clusters. Such an enhanced approach would reduce

the operational cost penalty associated with overly conservative decision making.

The article proposes novel unsupervised machine learning [65, 87] of wind profile time-

series to create data-informed clustering as a measure of resemblance in the analog scenarios

approach. In the present application, a synthetic wind farm was created using National

Renewable Energy Laboratory’s Wind Integration National Dataset (WIND) Toolkit [97].

In a novel approach, k-means clustering [98] was used to cluster seven years of WIND Toolkit

data based on a set of features such as the power level, ramping event, and oscillating vs

stationary nature over a specified time period. Samples were generated from those clusters

to create uncertain scenarios for days in a completely new year using the analog scenario

generation approach.

The effectiveness of the proposed scenarios generation technique is assessed on a synthetic

200 bus system with a geographic footprint over Illinois, USA, for four months from each

season of WIND Toolkit data for a year that was not part of the training set. A two-stage
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stochastic optimization is used to perform stochastic economic dispatch subject to the DC

optimal power flow constraint [92]. The simulation is performed with 5-minutes of temporal

resolution with a scenarios of 10 minute duration. The presented approach is shown to

reduce the variance in the cost estimation by narrowing the spread of the distribution from

which the sampling of the various scenarios is performed, and to reduce the average yearly

operational cost by over 5.4%. The presented method is shown to lead to about 5.4% lower

cost compared to the heuristic tri-clustering with MC and the heuristic tri-clustering with

IS methods. Moreover, the presented approach is only 3.7% more than the least cost that

would have been incurred with the hindsight exact wind profile for the entire year.

The article is organized as follows: the scenario generation method based on the machine

learning approach is explained in section 2; the stochastic economic dispatch problem for-

mulation accounting for grid constraints is presented in section 3, followed by a discussion

of the results of the study in section 4.

4.3 Scenario generation method

Figure 4.1 shows a synthetic network of the Illinois 200 bus system, in which each black

dot represents the location of a bus (with some that may be in close proximity), given in

terms of the latitude and longitude, obtained from the Texas A&M University Electric Grid

Test Case Repository [99]. The buses are interconnected with 244 transmission lines. The

synthetic electric grid is created in a way that the structural and functional characteristic

of actual power grid can be captured [100]. Each blue circle in the network represents the

location of a wind farm, where the size of the circle represents the relative maximum wind

capacity that ranges from 198 to 1.7 MW. Note that although only four circles are visible in

the network, two wind farms are located in close proximity to the four circles and appear as
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Figure 4.1: Illinois 200 bus system (each bus shown by a black dot) with 244 transmission
lines and 6 wind farms, depicted as blue circles.

overlapping circles. The time-series of wind production over six years (2007-2012) at those

locations is considered for the clustering analysis, and the wind production for the year 2013

is considered as the testing set for assessment of the clustering based scenarios creation and

stochastic economic dispatch simulation approach. The wind profiles from the six different

wind farms are aggregated and the time-series evolution of total power is considered for
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Figure 4.2: Nature of time-series of the wind power over past two hours which shows (a)
strong ramp-down, (b) moderate ramp, and (c) strong ramp-up, for the next five minutes

further analysis.

Figure 4.2 presents the randomly sampled ten time-series (shown by the different colored

lines) from the WIND Toolkit historical data for two hours, in which the abscissa represents

a relative time in hours such that 0 denotes the present instant and positive time values, on

an enlarged axis scale for clarity, are forecast values for the future five minutes, shown by

the dashed lines. The figure illustrates three cases: a strong ramp-down (4.2a), a moderate

ramp (4.2b), and a strong ramp-up (4.2c) over the future five minutes, which also serve

as the categories for grouping the WIND Toolkit data into three clusters. It is seen from

Fig. 4.2 that the scenarios with strong ramp-down (Fig. 4.2a) or ramp-up (Fig. 4.2c) tend

to show more of an oscillating nature than the scenarios with moderate ramp (Fig. 4.2b).

Additionally, the power levels of scenarios for subplot Fig. 4.2a are relatively larger than

those in Fig. 4.2c suggesting that historical data with larger power values are more likely to

have future ramp down, whereas those situations with historically smaller power values are

likely to be followed by a strong ramp up. The trends in Fig. 4.2 also indicate that it is useful

to include the time derivative information (historical ramps) in defining the characteristic

vector defining the clusters.

Based on the foregoing considerations, the characteristic vector for a wind profile at any
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time instant, t, is defined as: Cht = [Pt, Rt, Rt−1, Rt−2, σ(R⃗)], in which Pt is the wind power

at the current time-stamp, Rt, Rt−1, and Rt−2 are the first-order time derivatives (ramp

rates) at time stamp t, t − 1, and t − 2, respectively, and σ(R⃗) is the standard deviation

of a collection of ramps over the past two hours sampled at five minute intervals. The six

years of WIND Toolkit historical data is converted into a set of scenarios over a sliding

two-hour window that is advanced by steps of 5 minutes on years of the time-series. The

resulting set of scenarios constituted the training data. The characteristic vector, Cht was

formed for each scenario and normalized using the standard scalar technique, in which the

mean of a feature is subtracted from the feature value and scaled with the feature variance.

The standard scalar normalization helps to equalize the weight on every feature and avoid

dominance of one over another in the training. The k-means clustering was performed on a

six years of data to create Nc number of clusters, in which the scenarios that populate the

same cluster are statistically similar in nature and have a tendency toward one particular

direction for deviation from persistence forecast. The cluster assignment is carried out at

every time instance using the Euclidean metric on Ch. In this manner, sampling from the

assigned cluster follows the same characteristics as defined by Ch, and creates scenarios that

are closer to reality and tend not to significantly underestimate or overestimate the available

power.

Figure 4.3 shows the histogram of deviations of persistence forecast from the actual for

the next five minutes collected from six years of historical data based on three example

clusters in the heuristic tri-clustering method (Fig. 4.3a) and from the k-means clustering

approach (Fig. 4.3b). The heuristic tri-clustering approach is adopted from [92], in which

three clusters are created based on a very low power (< 0.1 quantile), moderate power (0.1 to

0.9 quantile), and very large power (> 0.9 quantile). As seen from Fig. 4.3a, the histogram

from each cluster centers around zero and the three representative clusters depict different
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Figure 4.3: Histogram of future deviations within each cluster from (a) heuristic tri-clustering
and (b) k-means clustering

levels of spread. Figure 4.3b shows three clusters obtained from k-means clustering on Cht.

As opposed to Fig. 4.3a, Fig. 4.3b shows that each cluster centers around different values of

deviation. This indicates that a scenario falling into the blue cluster has a higher probability

of showing a strong ramp-down over the next five minutes than the other clusters. The

k-means clustering on Cht, therefore, provides better information to focus on a narrower

space in the distribution and thereby reduces the variance in the estimation of the stochastic

output.

In the present study, clustering is performed on six years of WIND Toolkit data to create

Nc number of clusters, from which samples can be generated. During simulation, a cluster

assignment is performed at every five minute interval by comparing the Euclidean distance

between the Cht and Chci, where Chci is the characteristic vector of the centroid of the ith

cluster. The assigned cluster is sampled using importance sampling (IS) to create Ns number

of random, yet biased toward the lower extreme of the distribution, samples. Importance

sampling is used here for its effectiveness in reducing the variance, the number of scenarios,
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and the overall operation cost, as compared to Monte Carlo based sampling [88].

4.4 Stochastic Economic Dispatch Formulation

The effectiveness of the clustering based approach to scenario creation is assessed on a

Illinois 200 bus system by performing stochastic economic dispatch with DC optimal power

flow network constraints. A two-stage stochastic optimization based on the DC optimal

power flow (DCOPF) formulation is used to derive the economic dispatch decisions. The

two-stage stochastic economic dispatch problem formulation is adopted from [88]. The first

stage of the model is given as:

min
x1

∑
g∈G,t∈{T}

cgx
t
g + Eξ [L (x1, ξ)] (4.1)

s. t. xmin
g ≤ xt

g ≤ xmax
g ∀ g ∈ G, t ∈ {1} (4.2)

Rdown
g ≤ xt

g − xt−1
g ≤ Rup

g ∀ g ∈ G, t ∈ {1}, (4.3)

where G is the set of generators, T = {1, . . . , NT} is the set of time periods, T2 = {2, . . . , NT},

xt
g is the generator set point of generator g at time t, cg represents the generator costs which

is linear function of power in the present case, Eq. (4.2) are the bounds for each thermal

generator, and Eq. (4.3) are the ramping constraints on the thermal generators (x0
g is a given

initial set point of generator g).
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The second-stage model L (x1, ξ) in Eq. 4.1 is given by

L (x1, ξ) =

min
x\{x1},y±,ω,ωspl

∑
g∈G,t∈T2

cgx
t
g +

∑
w∈W,t∈T

(
cwω

t
w + csplw ωt,spl

w

)
+ (4.4)

∑
i∈ϕ,t∈T

(
c+yt,+i + c−yt,−i

)

s. t. xmin
g ≤ xt

g ≤ xmax
g ∀ g ∈ G, t ∈ T2 (4.5)

Rdown
g ≤ xt

g − xt−1
g ≤ Rup

g ∀ g ∈ G, t ∈ T2, (4.6)

0 ≤ yt,±i ∀ i ∈ ϕ, t ∈ T (4.7)

0 ≤ ωt
w ≤ ωt,fcst

w + ξtw ∀ w ∈ W, t ∈ T (4.8)

ωt,spl
w =

(
ωt,fcst
w + ξtw

)
(4.9)

−
(
ωt
w

)
∀ w ∈ W, t ∈ T∑

w∈Wi

ωt
w +

∑
g∈Gi

xt
g +

∑
e∈Ein(i)

f t
e −

∑
e∈Eout(i)

f t
e (4.10)

= dti + yt,+i − yt,−i ∀ i ∈ ϕ, t ∈ T

F e ≤ f t
e ≤ F e ∀e ∈ E (4.11)

Be

(
θti − θtj

)
− f t

e = 0 ∀e ∈ E , t ∈ T. (4.12)

where ωt
w and ωt,spl

w are the wind dispatched and spilled at wind farm w at time t, respectively,

and yt,±i are the power imbalance slack variables at bus i at time t. Equation (4.4) gives

the second-stage objective, where c±, cw, and csplw are the costs of slack variables, dispatched

wind, and spilled wind, respectively. Non-negativity of slack variables is expressed in Eq.
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(4.7), while Eqs. (4.8) and (4.9) bound the amount of wind dispatched and define wind

spill, respectively, where ωt,fcst
w gives the persistence forecast wind power and ξtw gives the

deviation from that forecast at wind farm w at time t. Equation (4.10) is the power balance

constraint at a given bus and time, where dti is the associated demand, and the line limits

are modeled by Eq. (4.11), where ϕ is the set of buses, E is the set of lines with arbitrary

directions assigned, θti is the voltage angle at bus i at time t, and f t
e is the power flow on

line e at time t. Finally, Ein(i) and Eout(i) represent directed lines into and out of bus i,

respectively, while Wi and Gi represent wind and thermal generators at bus i, respectively,

and we use the DC approximation to AC power flow, given by Eq. (4.12).

The objective of the stochastic economic dispatch problem is to minimize the total oper-

ational cost. The optimization problem is solved using the IPOPT solver [101] in Julia

[102]. The result and discussion on four months from each season and comparison with the

benchmark is presented in subsequent section.

4.5 Results and Discussion

The overall operational cost, CT , that is sought to be minimized comprises of two compo-

nents: (1) a first stage cost, CFS, and (2) a second stage cost, CSS. The first stage cost

is the cost associated with the planning under all uncertain scenarios in an expected sense.

The second stage cost is the cost associated with the loss of load and overload with respect

to the planned dispatch in real time operation. The second stage cost is governed more by

the loss of load than overload, as the cost of former is significantly higher than the latter.

In the present simulation, the cost is taken to be around $800 per 1 MW of loss of load.

The second stage cost can be avoided by considering the worst case scenarios, albeit with

an over-conservative planning and increased first stage cost. Thus, the two stage costs are
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Figure 4.4: Change in the total cost for a whole month of July with respect to the number
of clusters

often at odds with each other: strategies that reduce CFS lead to increased CSS and vice

versa. The goal of the optimization is, therefore, to minimize the first stage cost as well as

the second stage cost, leading to the least overall cost.

Figure 4.4 shows the variation of the total cost with the number of clusters, Nc, for the

month of July. The blue markers on the plot represent the total cost, CT , obtained from the

approach presented in the previous sections. The simulation was carried out with Ns = 20,

and with two-timestamps of the horizon for each scenario (i.e., 10 minutes), with a resolution

of five minutes. Figure 4.4 shows a characteristic elbow pattern, where CT first decreases
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sharply with Nc and remains relatively invariant beyond Nc ≈ 60. The contributions of the

first stage cost, CFS, and the second stage cost, CSS, are highlighted in pink and cyan color

shaded regions, respectively. It is evident from the color shades of CFS and CSS that the

reduction in CSS is more significant with Nc as compared to the change in CFS. The plot also

shows the total cost for the month of July obtained from the heuristic tri-clustering approach

with importance sampling, labeled as IS and presented by the orange colored dotted-line.

Note that the total cost from the IS approach is independent of the number of clusters as

the method uses a predetermined number of three clusters. The total cost from the tri-

clustering approach with IS is around $9.35M, whereas the total cost from the converged

k-means clustering with Nc ≈ 60 is about 9% lower, at around $8.5M.

It is further instructive to compare the total costs with the cost associated with the deter-

ministic actual wind production known in hindsight, referred to as the Perfect forecast. The

cost associated with the perfect forecast is seen to be about $8.05M, as shown by the green

dashed line. The total cost obtained by the tri-clustering approach with IS is about 16%

more than the CT for a perfect forecast, whereas the k-means clustering approach yields a

total cost that is only 5.6% more than the perfect forecast cost. Overall, Figure 4.4 shows

the effectiveness of the k-means clustering approach in reducing the total operational cost

as compared to the heuristic tri-clustering approach. The results further point to Nc = 60

being an optimum choice in the present case, that trades off between the computational

effort and minimizing the total cost.

Building on the result for the month of July, presented in Fig. 4.4, further analysis was

performed on a month from each of the four different seasons, keeping Nc = 60. Figure

4.5 shows the wind dispatch profiles for a representative day from each season, namely (a)

April 2 (Spring), (b) July 2 (Summer), (c) October 2 (Fall), and (d) January 2 (Winter).

Each subplot shows the total available wind power (black-dotted line) in comparison to the
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Figure 4.5: Comparison of wind dispatch profiles for a representative day from (a) Spring
(April 2), (b) Summer (July 2), (c) Fall (October 2), and (d) Winter (January 2).

dispatch profiles obtained from the k-means clustering approach (blue line), the heuristic tri-

clustering method with importance sampling, IS (orange line), and the perfect forecast (green

line). It is evident from the plot that k-means clustering approach (blue profile) follows the

available wind power more closely than the IS approach (orange profile), suggesting that the

presented k-means clustering based scenarios generation offers more certainty in the region

from which a sample should be made. The present approach further avoids the overly-

conservative nature of scenario generation inherent in the heuristic tri-clustering with IS
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Figure 4.6: Comparison of wind spillage profiles for a representative day from (a) Spring
(April 2), (b) Summer (July 2), (c) Fall (October 2), and (d) Winter (January 2).

method. By selecting the worst-case scenarios, the IS approach does not utilize the available

wind effectively and always underestimates the available potential, as seen by the orange

line falling consistently below the available wind power and the perfect forecast in all the

seasons in Fig. 4.5.

The utilization of the available wind power can also be visualized by considering wind spillage,

defined as the difference between the available and the dispatched wind power. Figure 4.6

represents wind-spillage from different approaches for the same four representative days of
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each season: (a) April 2 (Spring), (b) July 2 (Summer), (c) October 2 (Fall), and (d) January

2 (Winter). For the chosen days, it was seen in Figure 4.5 that the perfect forecast (green

line) coincides with the available wind power (black-dotted line), which is reflected in the

uniformly zero spillage in Figure 4.6. However, it must be noted that depending on the

constraints of the conventional generators in the generation fleet, such as minimum capacity,

startup or shutdown time, some wind may need to be spilled on certain days.

As seen from Fig. 4.6, the k-means clustering based method (blue line) results in a lower

amount of wind spillage than the heuristic tri-clustering with IS approach (orange line) on

all days. The average spillage for the dispatch obtained from the k-means method is 24.15,

40.76, 27.42 and 11.80 MW in comparison to 64.00, 70.28, 41.12, and 49.04 MW for the IS

based dispatch. The difference in wind spillage between the orange and the blue profiles

is greater for the winter day, Jan 2, which doesn’t have much fluctuation in the available

wind profile as seen in Fig. 4.5d. The fluctuation in wind dispatch or wind spillage seen in

Fig. 4.5 or Fig. 4.6 could be attributed to the length of the scenario, which is two periods

(10 minutes) in the present case. At every time-instance (5 minutes), scenarios with a

specified multi-period look-ahead into the future are analyzed. Lengthy-period look-ahead

scenarios keep consistency in decisions across timestamps whereas, in shorter-period look-

ahead scenarios, the decisions are changed more rapidly, resulting in fluctuating profiles of

dispatch or spillage. However, lengthy-period look-ahead scenarios incur significantly more

computation time.

Overall, Figures 4.5 and 4.6 demonstrate the effectiveness of the present k-means approach

in better utilizing the available wind power and reducing the first stage cost associated

with committing power from the conventional generators. The total cost discussed so far

is based on an average of 20 scenarios. To obtain the spread and statistics of the mean

(expected) cost distribution, stochastic simulations were conducted 20 times, each with a
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Figure 4.7: Stochasticity in the total operational cost for a representative day from (a) Spring
(April 2), (b) Summer (July 2), (c) Fall (October 2), and (d) Winter (January 2) obtained
using the heuristic tri-clustering with MC sampling (MC), heuristic tri-clustering with IS
(IS), and k-means clustering.

different set of random Ns = 20 scenarios to obtain the distribution of the total daily cost

(in $M). Figure 4.7a–d shows the stochasticity in the total operational cost, in the form

of box plots, obtained using three different approaches—heuristic tri-clustering with Monte

Carlo sampling (denoted as MC) [92], heuristic tri-clustering with importance sampling (IS)

[88], and k-means clustering—for the one day from each season, as indicated in the caption.

The size of the box represents the inter-quartile range, IQR (the difference between the

25%ile and the 75%ile cost values), and the median cost values are indicated by the solid
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colored lines inside each box (red for MC, orange for IS and blue for k-means), extended by

the dashed colored lines to the ordinate axes for readability.

It can be seen that for July 2 (Figure 4.7b) and Oct 2 (Figure 4.7c), the overly conserva-

tive nature of the IS approach helps in lowering the total operational cost (by reducing or

eliminating the second stage cost) as compared to the MC approach. However, on April

2 (Figure 4.7a) and January 2 (Figure 4.7d), the opposite trend is observed, as an overly

conservative behavior is not necessary for those days. Together with Fig. 4.5, it may be

inferred that overly conservative scenarios are unnecessary in cases where the actual wind

profile is evolving in a more gradual manner (Fig. 4.5a and Fig. 4.5d). The presented k-

means clustering based approach is seen to capture the data-driven insight to make better

decisions on when scenarios need to be conservative and by how much. It is evident from

the plots that the median cost from the k-means clustering approach is less than the median

costs from the heuristic MC and IS approaches for all the four representative season days.

With respect to the heuristic IS method, kmeans reduces the median cost by 8.85%, 6.5%,

1.95%, and 5.55%, respectively, for the four chosen days: (a) April 2, (b) July 2, (c) Oct 2,

and (d) Jan 2. The horizontal green line in each subplot shows the lowest minimum overall

cost obtained from a deterministic simulation where the true wind availability is known in

hindsight (perfect forecast). On average over the four days, the k-means clustering approach

results in a median cost that is only 3.7% more than the lowest minimum cost of a perfect

forecast, which represents an extremely reduced penalty considering uncertainty in the sce-

narios. In comparison, the IS method results on an average over the four days, 10% greater

median cost relative to the perfect forecast. It is further observed in Figure 4.7 that the

variability in estimating the total daily operational cost is consistently reduced from MC

to IS to k-means. Thus, apart from minimizing the median operational cost, the k-means

method offers the least variability in the expected cost.



90CHAPTER 4. CLUSTERING-BASED ROBUST WIND SCENARIOS FOR STOCHASTIC ECONOMIC DISPATCH

Figure 4.8: Stochasticity in the total operational cost for a week in July obtained using the
heuristic tri-clustering with MC sampling (MC), heuristic tri-clustering with IS (IS), and
k-means clustering.

Simulations were also conducted to assess the relative cost estimates provided by the different

methods for an entire week of operation. Figure 4.8 shows the result of simulation for the

period of July 1–7, a month that exhibited considerable variability in the wind profile as

seen in Figure 4.5b. The mean cost distributions are presented as box plots following the

format in Figure 4.7. The median of the total cost over one week from MC and IS are each

close to $1.87M; in comparison, the median cost from the k-means approach is $1.795M,

a 4% (∼$75,000) reduction for the week, and only about 4% (∼$75,000) more than the

cost that would have been ideally incurred had the forecast been perfect (green line in the
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Figure 4.9: Daily first stage cost for the months of (a) April, (b) July, (c) October, and (d)
January.

figure). In terms of variability in the cost, measured by the IQR of the box plots, IS offers

less variability ($40,802.42) over MC ($53,989.17). However, the k-means approach reduces

the variability even further with an IQR of $23,617.98 (that is a ∼56% and ∼42% reduction

compared to MC and IS, respectively). Figure 4.8 demonstrates that consistency of the

results from k-means in reducing cost with improved wind utilization in comparison to MC

and IS methods, over a representative weekly horizon.

The discussion so far elucidated the advantage of k-means clustering based approach over
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Figure 4.10: Daily second stage cost for the months of (a) April, (b) July, (c) October, and
(d) January.

IS and MC with regard to the total cost, CT . It was shown that IS is a better alternative

to MC between the heuristic tri-clustering methods. It is further instructive to understand

the effect of the two approaches, IS and k-means, with respect to the component first stage

(CFS) and second stage (CSS) costs. To this end, the first-stage and second-stage costs on

a daily basis were analyzed for four months from each of the four seasons during a year: (a)

April, (b) July, (c) October, and (d) January. Figures 4.9a–d show that the first stage cost,

CFS, obtained using k-means clustering (blue lines) is consistently lower than that from IS
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(orange lines) and is close to the cost from the perfect forecast (green lines) on all days. The

total monthly first stage cost is given in each plot, from which it can be seen that for the four

months considered, the total CFS is $23.22M (IS), $22.17M (k-means) and $21.12M (perfect

forecast). The k-means approach, thus, reduces the first stage cost by over 4.5% compared

to IS.

While the first stage cost represents the operational cost from the planned dispatch, the

second stage cost reflects the penalty in not meeting the load if the first stage dispatch is not

planned perfectly, and is a measure of how well the method has captured the uncertainty.

In this regard, in addition to minimizing the mean CFS, it is desirable to have CSS as close

to zero as possible. Following the the same format as Fig. 4.9, Fig. 4.10 shows the daily

variation of second-stage cost over the four months of (a) April, (b) July, (c) October, and

(d) January for IS and k-means methods. Note that the case of perfect forecast represents

ideal operation where the load is met fully with the planned dispatch and incurs no second

stage cost, with an associated CSS = 0 as indicated in Figs. 4.10a–d. From the figures, it is

evident that the IS method (orange lines) incurs several days of non-zero CSS with some as

much as $2.3M. In contrast, CSS is predominantly zero for the k-means method (blue lines)

and the few days with non-zero second stage cost, CSS <∼$0.3M.

The total second stage costs for IS and k-means methods are indicated for each month in

Fig. 4.10 from which the total CSS of $2.94M for k-means is only one-seventh of the CSS

of $20.67M for IS, which represents a dramatic reduction in the penalty due to an accurate

capturing of the uncertainty in the wind profiles. From Figs. 4.9 and 4.10, the total cost over

the four months (CT = CFS + CSS) is obtained as CT = $43.89M (IS), $25.11M (k-means)

and $21.12M (perfect forecast). Overall, the IS method incurs operational cost that is over

two-fold that of the perfect forecast (nearly $23M additional cost) whereas, k-means results

in an operational cost that is about 43% less that from IS.
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The method presented in this article considers aggregated wind power across different wind

farms. It works well for the system in which wind farms are geographically close to each

other. The extension of this work to the system with more geographical diversity in wind

farms could be undertaken in the future. The aspects of modeling spatial correlation become

more important for such a system. The approach could also be extended to include solar

uncertainty in addition to wind in a future work.

4.6 Conclusions

The article presents a machine learning approach of k-means clustering with importance

sampling as an improved means of scenario generation for uncertainty quantification. Using

the WIND Toolkit data set, the effectiveness of the sampled scenarios is demonstrated for

stochastic economic dispatch on a synthetic Illinois 200 bus system. Based on simulations

of daily, weekly and monthly dispatch and cost profiles over the four seasons of a year, it is

shown that the the k-means clustering based approach accurately estimates the uncertainty,

avoiding over-conservative decision making. As a result, the method is shown to reduce the

total operating cost as well as the variance in the cost by over 43% and 55%, respectively,

compared to heuristic tri-clustering methods. Further, because of the accuracy of the un-

certainty quantification provided by the presented method, the second stage (penalty) cost

of not meeting the load is minimized by a factor of 7 relative to the heuristic approaches.

The method presented in this article bears broad relevance to operational planning of power

systems under uncertainty with high penetration of wind and solar.
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Chapter 5

A Reforecasting-Based Dynamic

Reserve Estimation for Variable

Renewable Generation and Demand

Uncertainty

The work reported in this Chapter appears in the following journal publication:

S. Bhavsar, R. Pitchumani, and M. A. Ortega-Vazquez. ”A reforecasting-based dynamic

reserve estimation for variable renewable generation and demand uncertainty.” Electric Power

Systems Research 211 (2022): 108157. doi: https://doi.org/10.1016/j.epsr.2022.108157

5.1 abstract

The installed capacity of renewables-based energy sources has been increasing in traditional

power systems. However, adjusted amounts of dynamic reserve are needed in order to ac-

commodate the increased variability and uncertainty associated with the deeper penetration

of renewable sources like solar and wind. This work proposes a dynamic reserve estimation

method for flexibility that incorporates machine learning based reforecasting to provide a

96
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day-ahead prediction of the mean and spread of uncertainty around the base forecast. The

prediction is, in turn, used to estimate the up and down reserve relative to the base forecast.

The present method takes various endogenous and exogenous features, including the calendar

variables, as input to estimate the day-ahead reserve. Using a combination of reforecasting

and dynamic reserve estimation techniques, the method is shown to adjust better to the

dynamic nature of reserve requirements providing only what is needed to accommodate the

expected deviations. Considering CAISO solar, wind and load data over an 18 month pe-

riod, up to 67% reduction in the amount of reserve capacity needed for a one day reserve

and reserve penalty for solar uncertainty is demonstrated. Additionally, the risk of reserve

insufficiency in meeting the net demand is reduced by 20% with the proposed method.

5.2 Introduction

One of the overarching imperatives in power system operation is to guarantee a secure

supply of electricity by maintaining a balance between the generation and the consumption

of power. The increasing penetration of intermittent renewables, such as solar and wind,

makes it challenging to maintain reliability of operation and requires conservative operating

planning of the reserves to address the power production variability and uncertainty. When

working with the ‘must take’ operating mode of the solar and wind generation, the net

demand, which is obtained after subtracting renewable generation from total demand, has

to be met by dispatchable generators. Any deviation from forecasted renewable generation

has to be accommodated by ensuring an additional operating reserve above and below the

scheduled generation. Since it is not possible to predict the generation of variable renewable

sources with 100% accuracy, reserves are needed to accommodate the deviations that is

unavoidably materialize in real-time.
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Depending on the direction, the reserve can be classified as an up reserve or a down reserve

[103, 104]. When actual solar/wind generation is less than expected, an additional reserve

is needed to make up for its deficiency, which is called up reserve. The down reserve is acti-

vated in the form of demand-side management or massive load disconnects when solar/wind

generation is more than expected [105] under a severe operating condition, or by reducing the

power dispatch from conventional units under normal operating condition. The determina-

tion of the operating reserve can be made through various techniques: Deterministic methods

are the simplest methods that are based on empirical evidence and a statistical measure on

the value of variation [106, 107]; however, such methods cannot estimate the likelihood of a

particular scenario and would tend to overestimate or underestimate the requirement [108].

Probabilistic methods, on the other hand, are more reliable from an economic perspective

for an extensive scale power system [108, 109, 110]. In probabilistic methods, the problem

boils down to finding the density function of error distribution at a time of forecast. Such

density distribution would inform about the risk measure with a chosen commitment of units

[111]. Depending on the number of density functions, a method can be classified as either

static or dynamic [110, 112]. In static methods, each timestamp is assumed to follow an

identical distribution which, in most of the cases, is based on the error distribution of the

whole year [113, 114]. In dynamic methods, more than one, time adaptive, density function

is considered [108, 112, 115], and there are different dynamic methods depending on the

number of density functions used [110, 112, 116]. A key aspect of probabilistic and dynamic

methods, therefore, reduces to finding the density function, which are modeled using either

parametric [113, 114, 117, 118] or non-parametric [119, 120] methods.

Jost et al. [112] proposed a probabilistic dynamic method to quantify the reserve requirement

considering the impact of wind, solar, and power system uncertainty on hourly bases for

one day ahead. The authors used a kernel-based non-parametric method to estimate the
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density function [121] and concluded that their technique could halve the average amount

of reserve compared to the average amount using the static method. Bucksteeg et al. [110]

combined the work of Jost et al. [112] with clustering to find the statistically equivalent

data points for estimating the density function. They resorted to unsupervised machine

learning to find the number of groups of errors and used historical point forecasts to obtain

conditional kernel-based density functions. It was concluded that the dynamic approach

strongly reduces reserves compared to static reserve sizing, particularly in off-peak periods

with low photovoltaic feed-in and lower fluctuations of the load.

While much work has been done in the literature on reserve estimation, a limitation is

that the available methods consider only the base point-forecast for estimating the up and

down reserve. The available models do not often consider uncertainty introduced by the

forecasting model itself, termed bias, in estimating the reserve for renewable generation and

for the demand. While bias itself is not desirable, the information contained in the bias can

be used to refine the base forecast dynamically for improved accuracy. However, there has

been no work on exploiting such dynamic bias structure of the forecasting model.

Toward addressing the aforementioned knowledge gap, this work presents, for the first time,

a reforecasting-based approach for reserve estimation, based upon the probabilistic and dy-

namic reserve quantification as presented in [110] and [112]. The approach utilizes reforecast-

ing [122, 123] to predict the mean of the day-ahead uncertainty and a non-parametric density

estimation [? ] for evaluating the probabilistic spread of uncertainty. The model developed

is based on the decision tree based ensemble, which has been shown to be highly efficient and

accurate [124] in other machine learning applications [125]. Specifically, the prediction of the

mean of day-ahead uncertainty is first obtained via an ensemble of the Gradient Boosting

Decision Tree (GBDT) [126], implemented using the Light Gradient Boosting (LightGB)

[127] framework. The presented method uses information from the historical trend of the
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uncertainty, day-ahead forecast of energy generation, and selected calendar variables to es-

timate the mean of day-ahead uncertainty. The left-over residue from the LightGB model is

then converted into empirical probability distribution [112? ]. The effects of data grouping

by season, by hour, and by year (which is equivalent to the static method) to evaluate the

empirical probabilities are assessed in detail. Application of the present method to reducing

the dynamic reserve requirement as well as the demand balance violations is demonstrated

by considering CAISO 2019-2020 data on renewable generation [27].

The article is organized as follows: The method of reforecasting and estimating dynamic re-

serve is presented in Section 2, followed by the case-study on the CAISO dataset to determine

the up and down reserve for various parametric cases in Section 3.

5.3 Proposed Method

Figure 5.1 depicts the proposed method to get an accurate day-ahead estimate of the up and

down reserve, which is based on two considerations: (1) extracting the structured part of error

(reforecasting), and (2) handling the unstructured part through upper and lower bounds on

probability density functions (PDFs). The profile of actual production of renewable power,

exemplified by solar, and its base forecast, Fs(t+288), are depicted in Fig. 5.1a. Figure 5.1b

shows the corresponding difference between the forecast and the actual production, and is

referred to as the base error. The time t is the time of ‘Forecast’, at which the forecast is

made for up to a one-day horizon, which is at time t + 288. The dashed portions of the

production profile (dashed blue line in Fig. 5.1a) and the base-error profile (dashed green

line in Fig. 5.1b) suggest that these variations are projections at the time of ’Forecast’,

hence unknown at time t. The base forecast is generally at a lower resolution than the

actual production [27], which is represented as a step-wise profile (orange colored line) in
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Figure 5.1: Schematic illustration of the proposed method.

Fig. 5.1a.

The base-error, Fig. 5.1b, can be considered to comprise two components, (1) structured

error and (2) unstructured error, and the goal is to predict the dashed portion of the green

profile so as to estimate accurately the up and down reserve. The prediction of the structured

error at the end of the forecast horizon, ê(t + 288), is made through a machine learning

method, namely LightGB model, as illustrated in Fig. 5.1c. The unstructured part is

essentially random noise, as shown in Fig. 5.1d, whose distribution is estimated using the

left-over residues from historical data, that are grouped into clusters of empirical distributions

by different time intervals, such as by year (n = 1), by season (n = 4) or by hour (n = 8760),

as depicted in the far right part of Fig. 5.1. As illustrated, the upper and lower bounds

of the distributions, eu,i and ed,i, i = 1 . . . n, are determined from the cumulative density

functions of the distributions based on target reliability levels. With these errors determined,

a reforecast is obtained by adding the prediction of structured error, ê(t+ 288), to the base

forecast, Fs(t + 288), and the bounds around the reforecast are determined using the eu,i

and ed,i appropriate for t + 288. The reforecasting method and the bounds determination

are detailed in the following subsections.
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5.3.1 Reforecasting: Extraction of structured uncertainty

In power system operation, the commitment of conventional generators is a function of the

day-ahead point forecast of the renewable generation and system demand, often produced on

an hourly resolution [27], in which there is no visibility into the intra-hour variation. Since

no forecasting method is completely accurate, there is a possibility of an underlying bias in

the model/forecasting tool, which can be revealed through the study of the auto-correlation

and distributions of historical errors [128]. If there is considerable auto-correlation, and

the distribution is non-random, the prediction from such a tool can be improved through

reforecasting [123], which would help identify the possible direction of deviation of actual

production/demand from their corresponding point forecasts. Reforecast also helps in de-

termining the intra-hour variation, which is often unavailable in the low-resolution base

forecasts.

In the present study, various endogenous and exogenous features (inputs) are used to pre-

dict the structured part of uncertainty in the day-ahead forecast at a 5-minute interval.

Mathematically, the model may be expressed as:

ê(t+ 288) = f
[
e(i|i ∈ t, t− 1, ..., t− 288),

Fs(t+ 288), Rs(t+ 288),

W (t+ 288), H(t+ 288),M(t+ 288),

sin
(
2πt

288

)
, cos

(
2πt

288

)]

where t represents time at which a forecast is made, and each timestamp is equivalent to 5

minutes, i.e, ’t+1’ means 5 minute ahead, and ’t+288’ is 1440 minutes (1 day) ahead; Thus,

the model takes historical errors of the preceding 24 hour period, and the five other exogenous

variables at the time of horizon (i.e, t+288) namely, the base forecasts of generation/demand



5.3. PROPOSED METHOD 103

(Fs) and ramp (Rs), the month of the year (M), the day of the week (W ), and the hour of

the day (H).

The structured part of the uncertainty in the day-ahead forecast is predicted using the

LightGB [66] framework of the GBDT [126] algorithm. It is based on the principles of the

ensemble of weak learners in which multiple models are trained to solve the same problem and

combined to get better result, gradient optimization to arrive at the optimum set of model

parameters, and boosting which is a meta-algorithm to reduce the bias [67]. The “greedi-

ness” of LightGB, however, could easily lead to overfitting the training data. To make the

LightGB model more general, a systematic K-fold cross-validation study [68] was conducted

to determine the following hyper-parameters: Nl, the number of leaves, D, the maximum

depth, Ωs, the bagging fraction, Ωf , the feature fraction, Λ, the lasso regularization, and λ,

the ridge regularization. Of the various parameters, Nl and D are among the most important

that control the model complexity—higher values of both would increase training accuracy

and the chance of overfitting. The regularization parameters, Λ and λ, are used to introduce

sparsity in the model: Λ performs feature selection by setting the irrelevant features to be

zero while λ determines feature weighting by assigning smaller but non-zero weight to irrele-

vant features [67]. The parameters, Ωs and Ωf address overfitting by randomly selecting the

fraction of samples and features, respectively, for fitting each learner. For further descrip-

tion of the parameters and the LightGB and K-fold cross-validation methods, the reader is

referred to [66, 68].

The goal of the hyper-parameter optimization study is to determine the values of parameters

so as to improve the generalization of the model. In the present study, a five-fold cross-

validation was chosen in which the training samples were divided into five groups. Each

time, one of those groups is held out as a testing set, and the model is trained on the

remaining four groups. The five-folds is generally an accepted number of folds, which would
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lead to an adequate size of training and testing set. Thus, for a given set of hyper-parameters,

the mean of the evaluation metric on the five testing set is sought to be minimized. The

optimization of the mentioned performance metric is achieved through the Tree-structured

Parzen Estimator Approach (TPE) of Bayesian optimization [69], which has proven to be

more efficient than manual, random, or grid search optimization. It would create a surrogate

model describing the dependency of one particular parameter with a performance metric,

which is easier to optimize. The search space for each of the parameters are as follows Nl =

unif.{50,500}, D = unif.{5,50}, Ωs = unif.(0.1,1), Ωf = unif.(0.1,1), Λ = unif.(0,100), λ =

unif.(0,100). With the model parameters determined as above, the model is used to obtain

the structured part of uncertainty in the day-ahead forecast, which can be used further for

reserve estimation, as discussed in the following subsection.

5.3.2 PDF estimation: Provision for unstructured uncertainty

The output of the reforecasting tool is based on the information extracted from the structured

non-random uncertainty for a given set of inputs. The left-over residues, which primarily

comprise unstructured and random noise, have to be handled through the PDF of the residues

at the time of forecast horizon. The PDF of the residues is considered to be non-parametric

in nature and is estimated from a piece-wise linear Cumulative Density Function (CDF)

which is fitted on a group of residues. The present work explores three different grouping

techniques namely, by-hour, by-season, and by-year. It is worth mentioning that the term

’residues’ refers to the unstructured part of the error presented in the base forecast. The

different grouping strategies would lead to n clusters of residues: n = 1 for by-year, n =

4 for by-season, and n = 24 for by-hour, and the number of PDFs to be handled equals

the number of clusters. Each residue for a given time-stamp is assigned to its associated

cluster for further analysis. Data points that fall within the same cluster are assumed to
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be identically distributed whereby the PDF of a particular cluster is estimated from the

distribution of its data points.

The present work uses a non-parametric linear CDF [? ] for each cluster, from which the

upper and lower bounds of the unstructured error can be determined based on a desired

reliability level (RL)[110], where RL = φ is defined as the coverage of φ× 100% of the area

around the mode of left-over error distribution, such that an RL value of 1 refers to coverage

of the whole range of left-over errors in the PDF. Depending on the nature of the CDF,

the upper and lower bounds can either be symmetrical or asymmetrical, and are determined

as: eu,i = F−1(RL), and ed,i = F−1(1 − RL), where i represents ith cluster, F is the CDF

function, eu and ed are, respectively, the upper and lower bounds.

The final result, which is up and down reserve, is obtained by combining the two sub-parts,

as discussed in the previous section. The up reserve is estimated as Fs + ê(t + 288) + eu,i

and down reserve is estimated as Fs+ ê(t+288)+ ed,i, where i is the cluster associated with

(t+288) time-stamp. It is worth mentioning that the value of the down reserve is truncated

at zero if the model output is less than zero.

5.4 Case Study

5.4.1 Reforecasting

As discussed in Section I, a LightGB model is developed using training data to forecast

the day-ahead structured part of uncertainty in the base forecast. The training data com-

prised the base forecast and actual generation/production of solar power, wind power, and

load, respectively, of the year 2019 and the first three months of 2020 in CAISO dataset.

Three different models are trained to handle solar, wind, and load, respectively, on a compo-
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nent level. Several hyper-parameters govern the accuracy and generalizability of the model.

The objective for the hyper-parameter optimization is decided based on the K-Fold cross-

validation [68], where five groups where formed such that each group is kept in the hold out

set 1 time and used to train model 4 time during the five independent iterations. The opti-

mized hyper-parameters of these LightGB models, determined from a systematic parametric

exploration and TPE optimization, are as follows: Nl = 50, D = 15, Ωs = 0.99, Ωf = 0.68,

Λ = 74.96, and λ = 8.23. The bagging fraction, Ωs, being almost one suggests that the bag-

ging strategy is not much effective for model generalization for this application. The other

attributes such as feature fraction, Ωf , and regularization parameters are seen to play a more

significant role in the generalizability of the reforecasting model. The LightGB model with

the determined hyper-parameters are trained on three different quantities—solar, wind, and

load—separately to get three different models; each of the models is used for reforecasting

the corresponding quantities on a component level.

The effectiveness of the reforecasting models, which seeks to extract the structured part of

the uncertainty, can be assessed via the autocorrelation of the left-over errors, as shown in

Fig. 5.2. The abscissa represents the amount of lag between the errors whose correlation

coefficient is presented on the ordinate; 1 lag is equivalent to 5 minutes in the figures. As

seen from Fig. 5.2, errors in base forecast of solar, wind, and load have a higher amount of

autocorrelation and follow a periodic pattern. The periodicity of solar and load is clearly

observed to be of one day, which occurs at a lag of around 288, indicating a diurnal pattern

in the uncertainty. The reforecasting is seen to have captured the structural part of the

uncertainty in the base forecast, as verified by the almost zero amount of correlation after

few initial values of lag. It is noted that the autocorrelation in wind does not reach as close

to zero as solar and load after reforecasting, which may be attributed to the non-periodic

nature of wind. This indicates that the trained LightGB model could accurately extract
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Figure 5.2: Autocorrelation of left-over residues before and after reforecasting.

the majority of the structured/non-random uncertainties which might be introduced in the

base forecast by any bias in the reforecasting tool, particularly in solar-dominated areas.

For wind-dominated areas, the hyper-parameters of the LightGB model may be similarly
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Table 5.1: Top five features in Solar, Wind, and Load reforecasting models.

Rank Solar Wind Load
1 Base Forecast Base Forecast Base Forecast
2 e(t− 1) Ramp Forecast Month of the year
3 Month of the year Hour of the day Day of the week
4 Day of the week Month of the year Hour of the day
5 e(t− 288) sin(2πt/288) e(t− 1)

optimized through the TPE algorithm.

It is of interest to determine the importance of the features used for predicting the desired

quantity through the LightGB model. Since the LightGB model is based on the decision

tree, the importance of a feature is determined based on the number of times that feature has

been used to produce the split in the trained version of decision tree. The greater the number

of splits, the more influence the particular feature has on the model prediction. Table 5.1

summarizes the top five features for the three different models. The reforecasting model of

solar and load shows a greater influence of the historical errors, which is expected due to their

diurnal pattern of uncertainty as per Fig. 5.2. The other exogenous features like calendar

variables are seen to play a considerable role in the model prediction. Regardless of the

reforecasting model, base forecast is seen to have the highest influence on model prediction.

5.4.2 Reserve estimation

Based on the foregoing analysis, the trained LightGB model was used for predicting ê(t+288)

and, in turn, the up and down reserve for each RL, as discussed in Section II. The effectiveness

of the proposed dynamic reserve estimation technique can be evaluated in terms of two

quantities: (1) the amount of reserve and (2) the amount of uncovered generation/demand—

both of which are sought to be minimized in the reserve estimation. The amount of reserve is,
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Figure 5.3: Up and down reserve for a representative week from the whole dataset before
reforecasting.

in turn, divided into two portions: (i) up reserve and (ii) down reserve and correspondingly,

the amount of reserve penalty associated with the amount of uncovered generation/demand

is divided into two quantities: (i) up shortage and (ii) down shortage. For illustration of the

effect of reforecasting, the up and down reserve estimates for solar, wind and load, for by-

season grouping with RL = 0.9 are shown in Fig. 5.3 (without reforecasting) and in Fig. 5.4

(with reforecasting) for a representative week, Dec 21, 2019 through Dec 27, 2019. In Figs.

5.3 and 5.4, the solid lines in the respective colors denote actual generation (a,b)/demand

(c), and the base forecast is denoted by dashed-lines in the respective colors. It is worth
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mentioning that the amount of up and down reserve with respect to base forecast is the

same throughout the presented time period, Dec 21, 2019 through Dec 27, 2019, owing to

the by-season grouping and the dates being part of the same season. It may be argued that

the present method is a special case of a static reserve determination during the selected

week, in which the reference of estimation is the reforecast rather than the base forecast used

in traditional methods. It is expected that the actual power production and demand should

fall within the bounds defined by the up and down reserve. As verified from Fig. 5.3 and

Fig. 5.4, most of the time, the actual output is seen to be within the specified range except

for a few instances, which are highlighted with pink (shortage in the up direction for load,

and down direction for renewable production) and green (shortage in the down direction for

load, and up direction for renewable production) colors.

It is evident from a comparison of Fig. 5.3 and Fig. 5.4 that the amount of shortage is

higher in Fig. 5.3 which represents a conventional approach to reserve estimation without

reforecasting. The reforecasting based reserve estimation (Fig. 5.4), on the other hand, is

seen to reduce the green and pink areas, reduction in green area is particularly evident in

the wind production, by a significant margin. The area of the light-shaded regions in Figs.

5.3 and 5.4 indicate the amount of reserve required around the base forecast. A comparison

of the light-shaded regions in the solar, wind, and load profiles between Figs. 5.3 and 5.4

indicate that the reforecasting not only reduces the shortage in the reserve estimation, but

tends to reduce the overall reserve requirement itself. The method increases the reserve

requirement in cases in which such reserves will be needed, and it reduces the reserve in cases

in which deviations are not expected. Therefore, the dynamic nature of this method results

in adjusted requirements that increases reliability and could potentially reduce operating

costs. While the results so far considered a chosen week, the amount of up and down a

reserve and the dynamic aspect of it for a whole year is explored in detail in the following
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Figure 5.4: Up and down reserve for a representative week from the whole dataset after
reforecasting.

discussion.

The reserve and penalty described above is on top of the actual value of production/demand.

It is also instructive to examine the results in terms of the absolute values of reserve and

penalty over the entire dataset. There are a total of three uncertain quantities (i.e, solar,

wind, and load) and three different grouping techniques (i.e, by-season, by-year, by-hour).

Hence, there would be nine different variants of absolute reserve and penalty for a chosen RL

value. For brevity, Figure 5.5 summarizes the amount of absolute reserve for three different

cases, namely, solar and by-year grouping in 5.5(a), wind and by-season grouping in 5.5(b),
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and load and by-hour grouping in 5.5(c). The corresponding reserve penalty is presented in

Fig. 5.6(a)–(c). The ordinate is the reserve and the abscissa represents the time in the form

of month of the year 2019 and 2020 comprising the whole dataset—the training set, from

Jan 1, 2019 to Feb 29, 2020, and the testing set, from Mar 1, 2020 to Sep 1, 2020—of CAISO

data. Each subplot also has a secondary ordinate on the right axis, which shows the peak

production/demand of the day, depicted by the red lines.

Each subplot of Figure 5.5 comprises the amount of reserve incurred with estimation with-

out reforecast in comparison to estimation based on the present method with reforecast,

highlighted in the light and dark shades, respectively. For solar, it can be seen that the

amount of reserve in the traditional approach is generally high when the peak production is

high, suggesting a positive correlation between two. However, the reserve estimated by the

present method does not seem to have much correlation with the power, which is evident

from the dark shaded region. For all three quantities, it is uniformly observed from Fig. 5.5

that the reforecasting based reserve estimation could reduce the amount of reserve both in

the training set (as validation) and in the testing set, as a demonstration of its accuracy.

Quantitatively, it is seen that, on average, the present method reduces the per-day energy

requirement of reserve by 67% for solar, 22% for wind, and 52% for load.

Figure 5.6 follows the same format as Fig. 5.5, except that the primary ordinate is zero-

centered penalty instead of zero-centered reserve. The amount of penalty at particular

time is defined as the difference between uncovered demand and the maximum/minimum

available reserve. The up and down shortage presented in Fig. 5.3 and Fig. 5.4 as the

pink and the green highlighted regions for load, and green and pink highlighted regions

for renewable production, respectively,are obtained by integrating the penalty across time.

Whereas Figures 5.3 and 5.4 are just for one representative week, the summary over the

entire dataset is presented in Fig. 5.6. By comparing the light-shaded regions (traditional
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reserve estimation without reforecast) with the dark-shaded regions (the present method

with reforecast), it is observed that during the period of April 2019 to October 2019, the

penalty associated with the reforecasting based reserves, particularly for solar and load,

is significantly smaller than the traditional values. In the traditional reserve estimation

approach, the trend in solar reserve penalty is also seen to be in correlation with the peak

power production. Thus, in a traditional reserve estimation approach, the time corresponding

to higher peak solar production not only demands a higher amount of reserve (Fig. 5.5(a))

but also incurs a larger penalty in terms of up and down shortage, whereas in the present

method of reserve estimation using reforecasting, there is little correlation to the peak power,

and that the penalty is uniformly low throughout. Overall, the reserve penalty with present

approach using reforecasting is seen to be reduced significantly for a given dataset, for solar,

wind and load alike. It is worth noting that the computational time overhead associated with

this significantly improved reforecasting-based reserve estimation is minimal at less than 200

seconds.

5.4.3 Risk measure

In addition to the total penalty associated with the reserve estimation, discussed previously,

the effectiveness of the reforecasting based reserve estimation approach is also assessed using

a risk metric [116], defined as the expectation of insufficient reserve. Depending on the

direction of shortage, risk can be classified as up risk or down risk [113, 129, 130], and may

be defined as:

Up risk =
[ ∫ ϵmax

Ru

f(ϵ)dϵ
]
·
(
ϵmax −Ru

)
Down risk =

[ ∫ Rd

ϵmin

f(ϵ)dϵ
]
·
(
− ϵmin −Rd

)
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where Ru and Rd are the up and down reserves, respectively. ϵ is the error, such that ϵmax

and ϵmin are positive errors when there is an up shortage and negative errors when there is

a down shortage, and f(ϵ) is the PDF function of error. Determining the risk associated

with the shortage, either up or down, requires evaluation of the integral of the PDF function

of error over the support of Ru/Rd and ϵmax/ϵmin. It was seen previously that the present

method reduces the amount of reserve and the amount of shortage on a component level. It

is of interest to assess the associated risk on a system-level quantity. To this end, the risk

is calculated for the net demand obtained after subtracting the solar and wind generation

from the overall demand. The uncertainty in net demand, ϵND, is given by ϵD − ϵs − ϵw,

where the subscripts, D, s and w, are for Demand, Solar production,and Wind production,

respectively. A kernel density estimation (KDE) based on a Gaussian kernel function with

a bandwidth of 1 is used to create a smooth curve of the distribution of ϵND over a cluster

of errors [131], where the cluster depends on the type of grouping used—by-year, by-season,

or by-hour. The smoothened function would facilitate the easy and accurate computation of

numerical integral.

Figure 5.7 summarizes the up and down risk associated with the maximum shortage in

the net demand in the testing set for RL = 0.9, which is obtained after combining solar,

wind, and load data. The ordinate denotes the risk and the abscissa represents the kind of

grouping technique. The comparison between with and without reforecasting is shown by the

dark-shaded and the light-shaded bars, respectively. Irrespective of the grouping method,

reforecasting is uniformly seen to reduce the up and down risk. On average, the total risk

associated with maximum shortage is found to be reduced by 20% with a reforecasting based

reserve estimation.

As discussed previously, the effectiveness of the proposed method can be analyzed in terms

of the amount of reserve and the amount of risk associated with the net demand. The ab-
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solute value of the reserve per day for the whole dataset (combining training and testing

set) is presented in Fig. 5.8a, where the total reserve can be broken down into three com-

ponents namely, solar, wind, and load, as seen in the figure. The amount of reserve is a

component level quantity whereas the risk is a system-level quantity. To find the optimum

performance, a normalized reserve corresponding to the net demand and a normalized total

risk are added and the variation of this total quantity with different RL values is analyzed

in Fig. 5.8b for a by-season grouping, where normalized reserve and risk are obtained by

min-max normalization with respect to the corresponding range of values. The total risk

is considered as the addition of the up and down risk shown in Fig. 5.7. The solid lines

correspond to the normalized reserve and the dashed-lines are for the normalized risk. It

is evident from Fig. 5.8b that the amount of reserve increases with reliability, whereas the

amount of risk decreases with reliability. The trade-off between two quantities is examined

by considering the sum of the two quantities (normalized reserve and normalized risk of net

demand), represented by the green solid line in Fig. 5.8(b). The minimum in the green curve

occurs at reliability level of ≈ 95%. The optimum point suggests that a reliability level close

to 95% would improve the overall performance in terms of balancing reserve and risk than

a reliability level of 90%, which is often considered in reserve estimation practice. More

rigorous methods for finding the optimal reliability could be explored in future studies which

could involve the component of operating cost in terms of load balance violation by the value

of lost load.

The work presented in this article assumes must-take operational scenario. With the in-

creasing penetration of energy storage, the method presented in this article may be readily

applied by appropriately deducting the energy storage and planning the reserve around the

remaining renewable resources. Thus, the method and results presented in this article have

a broader relevance.
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5.5 Conclusions

A reforecasting based dynamic reserve estimation method that accounts for model uncer-

tainty was presented. The method utilized the LightGB model as a reforecasting tool that

extracts the structured part of the uncertainty in the day-ahead base forecast. The trained

reforecasting model was used in reserve estimation for solar, wind and load using the CAISO

dataset for the years 2019 and 2020 and for different reliability levels. The effectiveness of

the method was demonstrated on the component and the system levels. Component level

metrics of the reserve energy requirement and the reserve penalty were shown to be drasti-

cally reduced with the present approach. For the presented study on the CAISO dataset, a

maximum reduction of 67% in the required reserve allocation was found compared to tra-

ditional reserve estimation methods. As a system level metric, the risk associated with the

shortage in net demand was also seen to be reduced by about 20% on average using the

present method as compared to the traditional approach. Overall, the results in this article

demonstrated that the presented method of reserve estimation using reforecasting reduces

the overall reserve requirements as well as the associated risk significantly. Future stud-

ies may incorporate other exogenous and endogenous features following the methodology

presented in this article.
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Figure 5.5: Up and down reserve for three different combinations of quantity and grouping
for RL = 0.9
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Figure 5.6: Up and down reserve penalty for three different combinations of quantity and
grouping for RL = 0.9
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Figure 5.7: Up and down risk associated maximum shortage in net demand for RL = 0.9
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Figure 5.8: (a) Amount of daily reserve for solar, wind and load by grouping, and (b)
Variation of normalized daily reserve and normalized risk with RL for by-season grouping,
on the entire dataset.



Chapter 6

A Novel Machine Learning Based

Identification of Potential Adopter of

Rooftop Solar Photovoltaics

The work reported in this Chapter appears in following journal publication:

S. Bhavsar and R. Pitchumani. ”A novel machine learning based identification of po-

tential adopter of rooftop solar photovoltaics.” Applied Energy 286 (2021): 116503. doi:

https://doi.org/10.1016/j.apenergy.2021.116503

6.1 Abstract

With the proliferation of rooftop solar photovoltaic installations, there is a need to proac-

tively predict consumer potential for solar photovoltaic adoption, for improved electric utility

planning and operation. Traditional analytical modeling approaches are limited to a few sur-

vey features and a larger part of survey would remain untouched by the decision model. This

article presents a novel, data-driven modeling approach that strategically prunes a large set

of consumer profile features using a machine learning framework to train a model for pre-

dicting potential solar adoption. The approach utilizes the Gradient Boosting Decision Tree

121
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model through a Light Gradient Boosting framework that improves significantly over poor

prediction accuracy of the existing approaches. Model training using focal-loss based super-

vision is used to overcome the difficulty in identifying the potential adopters that is inherent

in conventional data-driven models. In addition, to overcome possible data sparsity in a lim-

ited survey sample, a Generative Adversarial Network is presented to create synthetic user

samples and its effectiveness on model performance is assessed. A Bayesian optimization

approach is used to systematically arrive at the hyperparameters of the proposed model.

Validation of the presented approach on a survey data collected by National Rural Electric

Cooperative Association in Virginia in 2018 demonstrates the excellent predictive capability

of the machine learning based approach to modeling solar adoption reliably.

6.2 Introduction

With the increased renewable penetration in power systems and the declining cost of solar

photovoltaic systems (PV), combined with governmental incentives, the adoption of residen-

tial solar PV is steadily increasing [132]. There have been various studies on the policy impact

on solar photovoltaics adoption, ranging from environmental benefits to financial motives.

For example, Balcombe et al. [133] found that the lower electricity costs and expectation of

increased home value often dominate the orientation toward adoption. The informal review

of PV marketing material by Moezzi et al. [132] also showed that most households priori-

tized financial benefits over environmental. Such studies focused primarily on the effect of

governmental incentives on the adoption rate. No two adopters or non-adopters are identical

in terms of personal characteristics, demographics, location, and household factors; to un-

derstand and broaden the market of PV adoption, there is a need for an intricate correlation

between the likelihood of adoption with several influential features. A reliable prediction of
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residential solar PV adoption is also imperative for a proactive planning and reliable and

secure operation of the distribution system by the electric utilities.

In response to the above needs, several analytical modeling techniques are reported in the

literature. Rai and Robinson [134] developed an agent-based model that focused on both

theoretical and empirical aspects of PV adoption in the city of Austin (Texas, USA). Other

research efforts have focused on the diffusion modeling of innovations and geographical clus-

tering approaches, such as in [135] and [136]. Graziano and Gillingham [135] identified the

spatial neighbor effect and the built environment as the dominant factors through their dif-

fusion modeling of the PV adoption in the state of Connecticut (USA). Aklin el al. [137]

presented a decision-theoretic model to find a household’s tendency for a solar microgrid, for

improved lighting in unelectrified rural areas of Uttar Pradesh, India. They highlighted the

importance of income and entrepreneurial spirit as determinants in the adoption decisions.

A modest body of research focuses on developing pure data-driven (empirical) models, in

which adoption is characterized as a binary variable, and the problem is formulated as one

of binary classification [32]. Such a model works well only when the data set is balanced

[138] with the number of adopters approximately equaling the number of non-adopters in the

data set. However, the data sets are inherently unbalanced owing to the infancy of adoption

rate of rooftop PV, and the classification algorithms encounter difficulties in identifying the

minority classes—the number of adopters, in this case. Owing to the preponderance of non-

adoptors in the data set, the trained model would still have a low error even if it classifies all

the minority classes incorrectly and there would be a lack of appropriate supervision during

model training. The same phenomenon was observed by Gupta et al. [139] when they used

classical logistic regression for predicting rooftop solar PV adoption in rural Virginia, USA,

which has less than 2% of the surveyed household with installed solar PV. They observed a

high rate in classifying the true non-adopters but a zero rate in classifying the true adopters.
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He et al. [140] reviewed various state-of-the-art techniques, namely, sampling methods,

cost-sensitive learning, kernel-based learning, and active learning methods to learn from

imbalanced data for general classification problems. Gupta et al. [139] used oversampling

to increase the under-represented class (adopters) and improved the rate of classifying the

true adopters.

Most of the existing approaches discussed so far, analytical and empirical, for identifying the

potential rooftop PV adopters are based on linear modeling. Such approaches do not perform

well when the relation between the features (e.g., personal characteristics, demographic, and

household factors) and the label (adopters vs. non-adopters) are highly non-linear. Recent

advances in the field of machine learning provide opportunities for inferring patterns from

highly non-linear data, which is explored in the present work to build a predictive model to

identify a potential candidate for solar PV adoption. One popular method that is a part

of ensemble learning methods and based on decision-trees is Gradient Boosting Decision

Tree (GBDT) [141], which has gained wide popularity due to its efficiency, accuracy, and

flexibility in handling both regression and classification tasks. A variate of the GBDT, called

LightGBM (Ke et al. [142]), has proven to be highly efficient (∼20 times faster than GBDT)

with comparable accuracy, as evident in its empirical success on Kaggle [143] and other data

science competitions [144].

The present study introduces a novel methodology to address the limitations of the ap-

proaches in the literature on predicting solar photovoltaic adoption. The novelty and spe-

cific contributions are as follows: first, a non-linear decision-tree based model based on Light

Gradient Boosting (LightGBM) is utilized for adopter prediction, which overcomes the poor

accuracy of existing models that are based on linear, logistic regression; second, the class

imbalance and the potential imprecision in the prediction arising due to the sparsity of

adopters among a predominance of non-adopters is overcome through the use of focal loss
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based training [145] instead of the standard binary cross-entropy loss [32], and a further nov-

elty in addressing data sparsity is the use of Generative Adversarial Networks (GAN) [146],

[147] for data augmentation to increase the training sample for the LightGBM model; third,

a systematic hyperparameter optimization based on minimizing the K-Fold cross-validation

[148] error via a Tree-structured Parzen Estimator Approach (TPE) [149] is used to deter-

mine the model parameters, as opposed to ad hoc or empirical selection. Finally, the model is

systematically assessed on real data from electric utilities to demonstrate excellent accuracy

that improves significantly over existing methods.

The article is organized as follows: The description of the data, and the overall analysis

methodology including data pre-processing, data augmentation, and model building is pre-

sented in Section 6.3, followed by a discussion on model performance on National Rural

Electric Cooperative Association survey data in Section 6.4.

6.3 Methodology

6.3.1 Data

This study uses a diverse set of rooftop PV adopted and non-adopted household data, which

were collected in February 2018 through a survey of members of four rural electric cooper-

atives in Virginia, USA. All respondent households were residential members of one of the

following Virginia electric cooperatives: A&N Electric Cooperative, Central Virginia Elec-

tric Cooperative, Rappahannock Electric Cooperative, and Southside Electric Cooperative.

A total of 1470 households participated in the survey, of which 604 responded to phone

interviews and 866 participated online. The data consists of information on demographics of

the households, respondent’s perception of solar energy, factors on personal characteristics,
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and neighborhood information, amounting to a total of 190 features. However, the data set

is much sparser than it seems because of the number of missing responses from users: 126

out of the total 190 features have at least one user who refused to answer, and only 11 out

of the 126 features had fewer than 20% of total users who declined to answer. The other

cause of sparsity is that some features are applicable only for either adopter or non-adopter,

and not both. Most of the features are categorical variables represented through discrete

encoded entries. Out of surveyed households, only 2% are adopters.

Table. 6.1 lists the notable features and their descriptions that would be used later in the

discussion. For ease of understanding, the key features are described using the nomenclature

as follows: A and N denote the age and number, respectively, with subscripts a (adult), c

(children), f (female), m (male), n (neighborhood), r (respondent), u (unknown gender),

min (minimum) and max (maximum).

6.3.2 Approach

The overall approach in the present methodology of analyzing the survey data is depicted

schematically in Fig. 6.1, which consists of three steps: data pre-processing, data augmenta-

tion and model building. Each of the three components is discussed in the subsections that

follow.

Data Pre-processing

This raw data is first transformed into a more relevant form that can be used in a machine

learning algorithm. The transformation consists of two principal steps: feature reduction and

imputing missing values. A variable, ζ, is defined as a threshold on the percentage of missing

values in a feature set such that if a particular feature has more than ζ% missing values of
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Figure 6.1: Schematic of the data analysis methodology comprising three principal steps:
Data Pre-processing, Data Augmentation, and Model Building.

the total number of samples, it would be dropped.As seen in the data pre-processing layer of

Fig. 6.1, the full data set consists of 1470 rows (number of samples/households, denoted as

U1...U1470) and 190 columns (number of features, denoted as F1...F190). The cross-marked

cells depict in the full data set represent the missing values resulting from the user declining

to respond to the corresponding survey question. Depending on the ζ threshold, the number

of columns is reduced, exemplified by a reduction from 190 to 70 columns (features F1...F70)

in the second data set frame in Fig. 6.1 for the sake of illustration of the procedure. The

vertical red line in the second data frame denotes that certain features were removed in the

data reduction, and that the remaining features were renumbered in the example illustration.

After dropping the columns based on the threshold ζ, the remaining missing values in each

feature set (each column of the table) are imputed through an appropriate statistical metric.

Owing to the categorical type of the features in the present data set, mode imputation is
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Figure 6.2: Visualization of the cluster of adopters and non-adopters of higher dimensional
(= number of features) dataset in 2D manifold through two principal components.

adopted, where each missing value is replaced by the mode of its columns. As depicted in Fig.

6.1, the missing value denoted by the cross-mark in feature 3 (F3) in the second data-frame

is mode-imputed, as denoted by the solid box in the third data set frame. Even after these

two steps, the ratio of the number of samples to the number of features is observed to be

quite low to make a generalized machine learning model. Therefore, the number of features

is further reduced to the principal features in the fourth step. Such a feature reduction task

has two parameters: (1) criteria for reduction (ς) and (2) the desired number of features after

reduction (Nf ). Each of these three parameters is considered a part of the hyperparameter
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optimization used to construct the machine learning model, described later in the article.

The survey included multiple-choice questions among the 190 features that have ’Don’t

Know/Refused to answer’ as a choice, and almost half of the users (∼700) responded with

this choice for at least one question. Since the response doesn’t add any specific information

to the data set, it is of interest to examine the effect of including or excluding those responses

in the model building process. To this end, a binary parameter UNAN is defined such that

UNAN = Yes denotes inclusion and UNAN = No denotes exclusion of the user from the data

set.

A visualization of higher-dimensional (equal to the number of features) data distribution on a

two-dimensional (2D) manifold is presented in Fig. 6.2, by finding two principal components

of the feature space and projecting the data points onto that 2D plane. The abscissa in

Fig. 6.2 represents the first principal component, and the ordinate represents the second

principal component. The decision corresponding to a particular combination of first and

second principal components is depicted through scatter plots, where the orange points

represent non-adopters and blue points represent adopters. Four sub-plots corresponding

to two values of ζ and UNAN are presented. It is seen from Fig. 6.2 that, irrespective of

the parameter combination, the decision boundary is highly non-linear in the space of two

principal components, which implies that linear models such as logistic regression may not be

effective in discerning adopters out of the congested clusters of predominantly non-adopters.

It can be inferred from the two principal component analysis that a similar nature might

exist in the higher dimensional manifold since the former are vectors in the direction of

the highest variance. Fig. 6.2, therefore, suggests that a highly non-linear model may be

appropriate to represent the data relationships in predicting adoption or non-adoption of

solar PV.
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Data Augmentation

As discussed in section 6.3.2, the ratio of the number of samples to the number of features

in the data set is small, particularly when UNAN = No. For a reliable training of a nonlinear

model, it is desirable that the ratio of the number of samples to a number of features be

high. To this end, the original data set was augmented with synthetic data generated using

the Wasserstein GAN [146], a variate of GAN [150] which has proved great success in many

generative tasks to replicate images, human language, and music [151]. A schematic of the

architecture is shown in the ‘Data Augmentation’ block of Fig. 6.1, in which the Generator

and Discriminator compete against each other during the training process, following a game-

theoretic approach, and make each other stronger at the same time. The Generator’s role

is to convert the noisy input, described as ‘Latent space’ in Fig. 6.1, into a highly probable

real data. The Discriminator’s role is to accurately differentiate synthetic data from original

data. The objective loss to be minimized in such an architecture is the difference between

the probability distributions of the synthetic data and the original data. In Wasserstein

GAN, the difference is measured using a Wasserstein distance metric [152], which effectively

addresses the problem of vanishing gradient during gradient descent training of regular GAN,

providing training stability and the ability of generative categorical data [146]. Once trained,

the Generator can be used to generate synthetic data from an input noise sample, as shown

in Fig. 6.1.

The architecture of the Generator and Discriminator used in this study is described in Table

6.2. Both Generator and Discriminator are a two-layer feed-forward neural-network [153]

where the perceptrons are arranged in layers. The number of nodes in the output layer

of Generator is set to be equal to Nf , and the number of nodes in the input layer of the

Discriminator is set to be similar to 2 × Nf since it is required to the take synthetic and

original data at the same time. The number of nodes in other layers is described in Table 6.2.
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The non-linearity in the hidden layer of both networks is achieved through the LeakyRelu

activation function [154]. Since the original data consists of mostly categorical features,

the Generator’s output is required to be categorical in nature, which is accommodated in

the present implementation using the Gumbel-softmax activation [155] in the Generator’s

output layer, that provides a differential sample for a categorical distribution and enables

back-propagation training of the overall network. The Discriminator output is a weighted

sum of outputs from its hidden layer without any activation, and is a scalar value representing

the difference between the generated features and the original features. The ideal output of

the Discriminator of a trained GAN would, therefore, be zero.

Training of the considered WGAN architecture is accomplished for eight different cases

comprising different combinations of ζ and UNAN . In each of these cases, the training of

the weights of both the Generator and the Discriminator networks is done via the gradient

descent algorithm, RMSProp [156], which is well-suited to handle the instability encountered

during WGAN training [146]. The training was done in a batch of samples of size 300

with a 0.001 learning rate. Figure 6.3 shows the training loss convergence behavior of the

Generator and the Discriminator with respect to the number of epochs for four cases, out of

a total of eight, for illustration purposes. In each of these cases, it can be observed that the

convergence (training) of Discriminator loss is obtained at around 100 epochs (iteration),

which is significantly smaller than that required for the training of the Generator which, in

almost all cases, required more than 1500 epochs for convergence.The training is continued

until no significant change in the loss value is observed. Based on the behavior of loss

convergence, it is found that different cases require different values of minimum epochs for

loss convergence. The training is run for 2000 epochs when UNAN = Yes, and for 1800

epochs when UNAN = No, since the latter shows faster convergence than the former. It is

worth mentioning that there is no ideal number for the Generator loss since it depends on
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Figure 6.3: Loss convergence of Generator and Discriminator networks during training for
four different cases: two level for UNAN and two level of ζ.

the Discriminator parameters. It is equal to 1
m

∑m
i=1 fw (gθ(z

i)) where f is a Discriminator

network with weights w, g is Generator network with weights θ, z is an input noise, and m

is the number of sample during training (= 300 batch in this case).

The trained Generator for each of the eight cases (4 levels of ζ and 2 levels of UNAN) can be

used to create as many synthetic samples as desired. However, in the present implementation,

the number of synthetic samples is kept equal to the number of users in the original data set in

each of the eight cases. In this study, the synthetic samples set is created such that the ratio
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Figure 6.4: Comparison between the distribution of few features in the original and synthetic
data for UNAN = No and ζ=20

of the number of adopters to to the number of non-adopters remains the same as that in the

original data. Figure 6.4 depicts the comparison of marginal distributions of a few features,

from those defined in Table 6.1, in the form of Probability Mass Functions (pmf) [157]

between the original and the synthetic data. The quantification of the difference between

the two probability distributions is presented in terms of the Kullback-Leibler divergence

(KL divergence, DKL) metric [158], where a zero value of DKL denotes a perfect match. It

can be seen from Fig. 6.4 that the DKL value is quite close to zero for the presented features.

It is worth mentioning that for a few features, such as Nn and Ac,m, the value of DKL is
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Figure 6.5: Distribution of KL Divergence, DKL, between original and synthetic data of all
appropriate features for UNAN = No and ζ =20

infinity owing to the nature of the KL divergence metric, that if the pmf value of at least

one level of a particular feature in the synthetic data is zero then DKL is infinity. The KL

divergence is not an appropriate metric in such a case to quantify the difference between the

two distributions.

Figure 6.5 shows the distribution of KL Divergence between original and synthetic data of

all appropriate features that have a finite DKL value. After filtering out those inappropriate

features with DKL = ∞, the total number of features equals 100 for the case when UNAN =
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No and ζ = 20. It can be seen from the histogram that most of the features have DKL quite

close to zero and below 0.01. Figs. 6.4 and 6.5 provide confidence that the synthetic data

are statistically similar to the original data and could be used for augmenting the original

data during model training. Such augmentation is represented pictorially in Fig. 6.1 by the

brown-shaded boxes in the augmented data table.

Model building

The goal of the modeling is to predict the binary output of whether a given user profile is a

likely adopter of SolarPV or not. To this end, a Gradient Boosting Decision Tree (GBDT)

method [159] was used in the LightGBM [142] framework consisting of an ensemble of weak

learners, gradient optimization, and boosting. For details on the method including the op-

timization approach, the reader is referred to refs. [142],[159]. Since GBDT is a greedy

algorithm which repetitively learns the pattern in residues to make prediction better, it can

easily lead to overfitting of the training data. Several parameters govern the accuracy and

generalizability of the model for a data set. These include Number of leaves, Nl, Number of

estimators, Ne, amount of lasso regularization, Λ, amount of ridge regularization λ, subsam-

ple fraction, Ωs, and feature fraction, Ωf . Of these, Nl and Ne are among the most important

parameters that control the model complexity; larger values of both would increase train-

ing accuracy but also increase the chance of overfitting. Regularization parameters such as

lasso and ridge, Λ and λ are used to introduce sparsity in the model, where smaller values

would increase the training accuracy but might increase the chance of overfitting. Subsample

frequency (Ωs) and feature fraction (Ωf ) are parameters that seek to reduce overfitting in

a unique way by randomly selecting the fraction of samples and features, respectively, for

fitting each learner, and improve the generalization of the model.

As stated earlier, to ensure that the small number of the minor class of adopters is not
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overshadowed by the majority of adopters in the data set, a focal loss [145] is considered

as the objective to be minimized during model training. The value of focal loss for a single

training sample is given as: FL(pt) = −α(1 − pt)
γ log(pt) where pt = p if the actual label

is adopter, and pt = 1 − p if the actual label is non-adopter. When γ = 0 and α = 1, FL

becomes similar to traditional cross-entropy loss. The focal loss has two new parameters,

α and γ, which are to be determined. Apart from a systematic determination of all the

discussed parameters, an early stopping criterion was used during model training wherein,

after each iteration of training, the semi-trained model was tested on a validation set that

was not used during the model training; if the accuracy on the validation test did not improve

for about 30 consecutive iterations, then the further training was stopped.

The parameters described above were determined in a way so as to generalize the model

across the entire data set. Model assessment techniques to deal with sparse data include the

bootstrap method, jackknife resampling and cross-validation. The bootstrap and jackknife

approaches involve random sampling and are less suited in the present case, as they would

degrade the class imbalance, whereas it is of interest to retain nearly the same proportion of

classes during each loop of testing. Moreover, it is well documented that the cross-validation

method provides better estimate of the expected error over the bootstrap technique [159]

since the former avoids the overlapping of training and testing data. Among cross-validation

approaches, one common technique is that of Leave One Out Cross Validation (LOOCV),

where the number of folds equals the number of samples (i.e., number of survey responders in

the present case) [160]. Though the LOOCV provides an approximately unbiased prediction

of the true error in the model, it often exhibits high variance because of the lack of diversity

in the training data in each loop of assessment. Furthermore, the computational cost is also

high owing to the large number of loops involved which is equal to the number of samples,

on the order of thousands in the present case [159]. An alternative cross-validation method
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called K-Fold cross-validation, on the other hand, has low variance and is particularly well-

suited for the present application, and furthermore, requires only K number of loops, thereby

minimizing computational tedium.

With the foregoing considerations, a stratified K-Fold cross-validation [148] using five-folds

was adopted, where the set of samples was divided into five groups stratified on the label

such that each group has the same proportion of adopters. Each time, one of those groups

is held out as a testing set, and a model is fitted on the remaining four groups; i.e., each

sample is given an opportunity to be used in the hold out set 1 time and used to train the

model 4 times. In the present study, the model performance metric is considered as the

summation of the True Negative Rate (TNR) and True Positive Rate (TPR) in a confusion

matrix and is denoted as ω [161]. In the K-Fold cross-validation approach, therefore, a

particular set of parameters yields five values of the model performance metric, ω, and a

mean of those five values of ω is be considered as a representative performance for the given

set of parameters. The optimal values of the model parameters were determined using the

TPE algorithm, a Bayesian optimization technique, which has proven to be more efficient

than manual, random, or grid search [149]. The TPE algorithm creates a surrogate model

describing the dependency of each model parameter with the performance metric, which is

easier to optimize. Further details on the TPE optimization method may be found in ref.

[149].

The search space for each parameter in the TPE optimization is described in Table 6.3, which

includes the model building parameters, represented in the green and blue shaded rows in the

Table, as well as the data-reprocessing parameters, ζ, ς and Nf discussed previously, which

are represented in the yellow shaded rows of the Table. The search space of each model

building parameter was a uniform distribution in their respective ranges given in Table 6.3,

where unif.[...] denotes discrete uniform distribution in the indicated range of numbers within
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the square brackets whereas unif.(...) denotes continuous uniform distribution in the given

range of numbers within the parentheses. The search space of ζ consists of four choices,

namely, 0, 20, 40, and 50, while the levels for ς are three correlation metrics namely, mutual-

information [162], ANOVA F-value, and chi-squared value, that are used to find the feature

importance through its correlation with a label and assign a score to each feature. The top

Nf number of features that have the highest score are selected for modeling. The search

space of Nf consists of discrete uniform distribution between 1 and 50, as shown in Table

6.3.

Four different cases are considered to evaluate the optimized model, as shown in Table 6.3.

These correspond to two levels of UNAN and a choice to whether to augment the training

data with the synthetic sample during model training (Aug. = Yes) or not (Aug. = No).

Four separate models are optimized for each of these cases, and the optimum values of the

parameters are listed in Table 6.3. The optimized values of the cross-validation loss (ω),

which is equal to negative of the mean of 5 different values of ω are also stated in the last

row of Table 6.3 as ‘CV Loss.’ The set of parameters corresponding to minimum CV loss

is presented in the table under each category. It is worth noting that this particular set

is a sample from a parametric space that the TPE algorithm has identified in one of the

iterations during its search.

Thus, the model building process splits into two optimization loops: one is gradient-based

optimization in the inner loop (training loop), and the other is Bayesian optimization in the

outer loop (hyperparameter optimization loop), as shown pictorially in the model building

portion of Fig. 6.1. The inner loop involves updating the LGB model parameters after each

iteration in the direction of the gradient of the focal loss of the training sample. The outer

loop involves specifying the optimum set of hyperparameters used by the LGB model through

optimizing a surrogate function of ω in a hyperparameter space, which is constructed by the
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Figure 6.6: Convergence of training and validation focal loss of LGB model with respect to
number of epochs for four different cases when keeping 80% of the original data as a training
set

Bayesian optimizer. Fig. 6.1 depicts the process of model training by the augmented data

set, which includes the original and the synthetic samples. The LGB model is represented as

a tree-like structure, and the trained model is represented with green colored leaves, which

can be used to predict the labels on test data.



140
CHAPTER 6. A NOVEL MACHINE LEARNING BASED IDENTIFICATION OF POTENTIAL ADOPTER OF

ROOFTOP SOLAR PHOTOVOLTAICS

Figure 6.7: Spread of predicted users’ tendency toward non-adoption on test set when 10%
of the original data is held out as testing data.

6.4 Results and Discussion

To assess the performance of the LGB models, two case studies were performed by setting

aside (1) 20% and (2) 10% of the original data as a test set. The split of the data into

the training and testing sets is randomly stratified on the labels, i.e., the proportions of the

number of adopters out of the whole set are almost the same in the training and testing
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data. As discussed in section 6.3.2, within the training set, 20% of the data are held out as

a validation set which can be used to provide supervision to avoid overfitting of the model.

The convergence of the training and validation loss parameter is presented in Fig. 6.6 for

four different cases when 80% of the original data is used during training. The abscissa

represents the number of epochs required to make a generalized LGB model, which can vary

depending on the particular case.The number of epochs is chosen so as to avoid overfitting.

The training process is stopped if no significant reduction in the validation loss is found. It

can be observed from Fig. 6.6 that the difference between the training and the validation

loss is negligible when no data augmentation is considered, whereas with data augmentation

the difference is seen to be a little larger. The observation suggests that the GAN based data

augmentation plays little role in making the LGB model more generalized for this particular

application.

As mentioned earlier, these four cases are not only different in terms of the model parameters

but also in terms of the hyperparameters. As seen from Table 6.3, the optimum values of

parameters ζ and ς are identical for all the cases. Accordingly, ζ = 50% is considered for

imputation of the missing values. The same level of imputation was also considered for

those questions which were reserved for only one of either group, i.e., the question which

had not been asked to adopters has been assumed to be asked, and their missing responses

are imputed through mode statistics. The feature score is determined from the Mutual

information criterion during data reprocessing. However, the number of features, Nf , is

different for different cases. As expected, it is higher when data augmentation is considered

and lower when not, since the ratio of number of samples to the number of features would be

high. There is no clear trend of the optimum values of Nl and Ne amongst the four different

models. From the regularization parameters, it is seen that the ridge regularization, λ, is

chosen to be more than lasso regularization, λ, except for the case when UNAN = Yes and
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Figure 6.8: Spread of predicted users’ tendency toward non-adoption on test set when 20%
of the original data is held out as testing data.

Aug. = No, to include sparsity in the model. From the values of subsample fraction, Ωs,

and feature fraction, Ωf , it is observed that such a unique technique is effective during the

model training to make it more generalized.

Table 6.4 summarizes a list of features used by the four different models, as provided by the

hyperparameter optimization. The listed features are defined in Table 6.1 or are otherwise



6.4. RESULTS AND DISCUSSION 143

intuitive. Note that the number of features, Nf , differs for the four models, as given by

Table 6.3. Accordingly, the models in Table 6.4 have 18, 4, 34 and 9 features. It can be

noticed from the table 6.4 that the features, Nn and Marketing appear in all the models,

whereas other features such as the PV technology being new (”Tech. is new”), that the PV

cost might drop in the future (”Cost Might Drop”) and insurance cost (”Insurance cost”)

appear in three of the four models. Features such as the age of the adult of unknown gender

(Aa,u), age of adult female in the household (Aa,f ), age of child of unknown gender (Ac,f )

and age of female child (Ac,f ) appear in at least one model, but with different ranges, as

seen in Table 6.4.

The trained LGB models for the four different cases (two levels of UNAN and with or without

data augmentation) were tested on 10% and 20% of the original data, which was not used

during the training. The raw model output was a fraction assigned to each of the two classes

(adoption vs. non-adoption) for each sample, such that the two fractions added up to one.

The decision on assigning a particular class is based on the relative difference between these

two numbers. A class with a higher number was assigned to that particular sample. In

a traditional LGB classifier, where the training is base on binary cross-entropy loss, the

fractional number represents a probability whose value is limited to the range between 0 and

1. In contrast, in the approach used, the upper and lower bounds for these numbers are

not limited to 0 and 1 since the model was trained using a different objective loss, the focal

loss. However, through min-max normalization [163], a number for non-adopter class can be

inferred as a probability of being non-adopter, which ranges between 0 and 1.

Figs. 6.7 and 6.8 represent the spread of this inferred probabilities of being a non-adopter

for each of the testing samples, where each angle represents one user, and the radial distance

of a dot from origin represents its tendency of being non-adopter; the greater the distance

of the dot from the center, the more likely that the user is a non-adopter. Such a graph is
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Figure 6.9: Confusion matrices of prediction on testing data for four different cases through
four different models when 10% of the original data are used for testing

presented for each of these four cases as four subplots in Fig. 6.7 and 6.8. The data-points

with a lower tendency of being non-adopters can be considered as belonging to the adopter

class. The decision boundary between adopters and non-adopters is at a number 0.5 since,

at this point, the raw model output would be the same for both classes. However, because

of the min-max scaling, the decision boundaries shown by the red circles in Fig. 6.7 and

6.8 do not appear exactly at the mid radius of the circles. In the present study, the users

who fall within this red boundary are considered adopters and those who fall outside the red

boundary are considered as non-adopters.
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Figure 6.10: Confusion matrices of prediction on testing data for four different cases through
four different models when 20% of the original data are used for testing

With the foregoing approach of classifying the users as being adopters or non-adopters of

solar PV, the performance of the four different models is examined in the form of confusion

matrices [161]. Figs. 6.9 and 6.10 present the confusion matrices for the two cases of when

10% and 20% of the original data set are held out as a testing set. In each figure, the four

models are depicted in sets of 4 rectangles. Furthermore, within a confusion matrix, the

upper left block (colored in blue) represents True Positives (TP), i.e., an actual adopter is

identified as an adopter by the proposed model, and bottom right block (colored in orange)

represents True Negatives (TN), i.e., an actual non-adopter is identified as a non-adopter by
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the proposed model. The upper right block and the bottom left block, respectively, represent

False Positives (FP), i.e., actual non-adopters are identified as adopters by model and False

Negatives (FN), i.e., actual adopters are identified as non-adopters by model. The blue-

colored dots in the confusion matrices are the true adopters, and the orange-colored dots are

the true non-adopters. The blue-colored cross-markers are the predicted adopters and the

orange-colored cross-markers are the predicted non-adopters. The markers corresponding to

the different users are placed randomly within each region for visualization of the results.

The superimposition of same-colored dots and crosses indicates that the particular user has

been classified correctly. On the other hand, the cases where the dots and the crosses occur

distinctly are false predictions. The annotated numbers in each of these four blocks represent

the number of data points fall in that particular block. An ideal case would be to have zero

data-points in upper-right and lower-left blocks, and practically, it should be as small as

possible.

The performance of the four models can be assessed via different evaluation metrics, as

shown in Table 6.5 for both scenarios when 10% or 20% of the original data is held out

as a testing set. Four evaluation metrics are presented in this table namely, (a) the True

Positive Rate (TPR), defined as TP/(TP+FN), (b) the True Negative Rate (TNR), defined

as TN/(FP+TN), (c) the sum of TPR and TNR, denoted as ω, and (d) the accuracy, defined

as (TP+TN)/(TP+TN+FP+FN) [161]. TPR signifies the importance of predicting adopters

while TNR signifies the importance of predicting non-adopters. Since it is equally important

to know the tendency toward both adoption and non-adoption in the present case, a further

discussion is made on the basis of a summation of two, represented by ω, such that values

of ω close to 2 are the most desirable in terms of the overall model accuracy.

Table 6.5 shows that the value of ω is consistently higher for cases when UNAN = No than

when UNAN = Yes. It can be inferred, therefore, that a user who does not choose ‘Don’t
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know/Refused’ as a response to any of the questions, increases the chance of being identified

correctly, and the model that is trained on such users shows higher performance in terms of ω.

The effect of increasing the number of training data through synthetic data augmentation

from a trained GAN, as discussed in section 6.3.2, can also be obtained from Table 6.5.

Again, considering the ω values in Table 6.5 (1.67 vs. 1.64 and 1.49 vs. 1.47 for UNAN =

Yes and 1.94 vs. 1.94 and 1.71 vs. 1.95 for UNAN = No), it can be inferred that the data

augmentation does not provide a significant change in the model performance. In general,

for a sparse dataset, a statistically accurate data augmentation would provide more diversity

of samples for training and help reduce model overfitting. In the present case, however, it is

seen that the proposed model itself is effective enough to capture the statistics of the feature

space even with the limited number of samples. Adding more samples and the associated

computational effort through augmentation brings only a small benefit, notably in the case

of UNAN = Yes, and in some cases no benefit at all, as evident from Table 6.5. The finding

verifies the high accuracy of the proposed model for the present application where the goal

is to predict adoption as accurately as possible from the limited number of survey samples.

A marginal improvement in Accuracy is observed when UNAN = Yes for both scenarios of

keeping either 10% or 20% as a testing set.

Overall, the highest value of ω is observed to be 1.95 on the testing set with 20% of data

with no data augmentation. In comparison, the value of ω reported in the literature based

on logistic regression approaches is about 1.59 [139]. Therefore, the present methodology

offers a significant increase in the accuracy and is close to the ideal value of ω = 2.0. The

accuracy numbers are seen to be uniformly high, > 94%, for all the cases studied. As seen

from the table, cases that correspond to UNAN = Yes show higher accuracy than cases that

correspond to UNAN = No. However, the trend is exactly the opposite with the ω metric,

which indicates that the ’Don’t Know/Refused to answer’ option is actually a better choice
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for identification when the focus is not on a particular class. The results in this study point

to the high accuracy of the presented LGB modeling approach in reliably predicting solar

PV adoption using the user survey data.

The primary contribution of the present work is a methodology to accurately predict the ten-

dency of responders toward adoption of rooftop solar photovoltaics, regardless of secondary

factors of the photovoltaic system installation parameters themselves such as capacity, kind

of application (e.g., off-grid or stand-alone), consumed energy or harmony levels and other

technical factors. Further, meteorological or irradiance data was not considered a primary

influencing factor in the tendency for photovoltaic adoption or otherwise. The survey was

conducted in Virginia, USA, which may be considered to be homogeneous in terms of the

meteorological conditions that were kept constant in the study. Future surveys may expand

the geographical coverage and also assess the influence of the various secondary factors, using

the modeling methodology presented in this article.

6.5 Conclusions

Survey instruments are often used to predict the tendency of a user toward adoption of

rooftop photovoltaics. While a greater participation is to the benefit of the survey, in

practice, surveys typically yield limited responses, which presents the challenge of accurately

predicting the outcome given the sparsity of data. The present work addressed this challenge

by developing an LGB model for classifying the tendency toward solar PV adoption through

a set of survey answers of a particular respondent. The model parameters were optimized via

a TPE algorithm, and the use of focal-loss based supervision during model training is seen

to overcome the difficulty of predicting under-represented class in a traditional binary cross-

entropy loss based supervision. The trained model was tested on a completely new data set.
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The model is shown to identify those highly under-represented class (of only around 0.02%

adopters) out of the cluster of dominated non-adopter in a fairly accurate way. The accuracy

of the model was examined in detail using the evaluation metric of a combination of TPR

and TNR as well as an accuracy metric. A high accuracy was demonstrated with ω of 1.95

(ideal value is 2) and accuracy values greater than 94%, which is an improvement by over

22% compared to the logistic regression based approach reported in the literature. The use

of data augmentation was shown to be less significant in the overall accuracy of the model.

The results presented in the article provides a valuable tool for electric utility companies to

assess solar PV adoption in their distribution networks and plan their operation.
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Table 6.1: Definition of the key features in the survey data

Feature Interpretation Feature Interpretation
SolarPV Is the responder an adopter of So-

lar PV?
ESource Primary energy source in house-

hold
Nn Number of installed Solar PV in

neighborhood
Aa,u Age of adult of unknown gender

Attitude Description of attitude toward
new technology

Community Influence by the community pro-
moting solar

Nc Number of children in a house-
hold

Tech. is new How much influence the technol-
ogy would have on one’s decision
to install Solar PV

Ac,f Age of female child Cost Might
Drop

How much influence the sentence
‘Cost might drop after I buy it’
would have on one’s decision to
install Solar PV

Aa,m Age of adult male Marketing How much influence the market-
ing from solar installation com-
pany would have on one’s decision
to install Solar PV

Employment Employment status of the respon-
dent

Home vs.
Community

Choice between putting solar
panels at your home or participat-
ing in a community solar project

Amin Youngest age in the household Environmental
Impact

How much influence the envi-
ronmental impact would have on
one’s decision to install Solar PV

Amax Oldest age in the household Online Is the survey done online?
Insurance
Cost

Potential impact on homeowner’s
insurance cost

Knowledge Responder’s knowledge about so-
lar

Hispanic
Lang.

Hispanic language preference Dwell Dwelling type in household
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Table 6.2: Architecture of the WGAN used in data augmentation

Number of nodes Activation
Generator

Layer 1 40 None
Layer 2 20 LeakyRelu
Layer 3 Nf Gumbel-softMax

Discriminator
Layer 1 2×Nf None
Layer 2 20 LeakyRelu
Layer 3 1 None

Table 6.3: Parametric table and results of TPE optimization

Parameters Search Space
Optimum Values

UNAN =Yes UNAN =No
Aug. = Yes Aug. = No Aug. = Yes Aug. = No

ζ {0,20,40,50} 50 50 50 50
ς {Mutual

info.,
ANOVA F,
Chi-Squared}

Mutual info. Mutual info. Mutual info. Mutual info.

Nf unif.{1,50} 18 4 34 9
Nl unif.{30,300} 85 240 155 50
Ne unif.{50,500} 460 260 260 360
Λ unif.(0,1) 0 0.19 0.18 0.02
λ unif.(0,1) 0.64 0.06 0.57 0.37
Ωs unif.(0.1,1) 0.15 0.48 0.86 0.37
Ωf unif.(0.1,1) 0.19 0.49 0.99 0.21
α unif.(0.3,0.5) 0.35 0.30 0.35 0.34
γ unif.(2,4) 3.03 3.10 2.72 2.82
CV Loss (ω) -1.56 -1.62 -1.71 -1.70
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Table 6.4: Optimum features used by the four different models

UNAN = YesAug. =
Yes

Tech. is new, Location Suitability, Cost Might Drop, Marketing,
Home Suitability, Ar, Community, Feedback, Insurance cost, Race,
Home Value, Nn, Payback Period, Home vs Community, Marital,
Source of info., Hispanic Lang., 55 < Aa,u < 64

Aug. =
No

Tech. is new, Cost Might Drop, Marketing, Nn

UNAN = No Aug. =
Yes

Tech. is new, Location Suitability, Cost Might Drop, Marketing,
Home Suitability, Feedback, Insurance Cost, Race, Home Value,
Nn, Payback Period, Home vs Community, Source of info., Save
Ebill, Community, 35 < Aa,u < 44, Prec. Nc, Age Flag, Online,
3 < Ac,m < 5, 65 < Aa,u < 75, Env. Impact, 6 < Ac,f < 10,
55 < Aa,f < 64, Knowledge, Prec. Na, Dwell, No Neighbor, 16 <
Ac,u < 17, Origin, Year of Service, Cost of PV, 45 < Aa,f < 54, No
one I knew has PV

Aug. =
No

Location Suitability, Marketing, Insurance Cost, Nn, Home vs
Community, Source of info., 55 < Aa,f < 64, Env. Impact, On-
line

Table 6.5: Evaluation of the model predictions through various performance metrics

Evaluation metrics
Optimum Values

UNAN = Yes UNAN = No
Aug. = Yes Aug. = No Aug. = Yes Aug. = No
10% | 20% 10% | 20% 10% | 20% 10% | 20%

TPR 0.67 | 0.50 0.66 | 0.50 1.00 | 0.75 1.00 | 1.00
TNR 0.99 | 0.99 0.98 | 0.97 0.94 | 0.96 0.94 | 0.95
ω 1.67 | 1.49 1.64 | 1.47 1.94 | 1.71 1.94 | 1.95

Accuracy 0.986 | 0.983 0.979 | 0.962 0.942 | 0.954 0.942 | 0.954



Chapter 7

Machine Learning Surrogate of

Physics-Based Building-Stock

Simulator for Accurate End-Use Load

Forecasting

The work reported in this Chapter is the basis for the following journal publication:

S. Bhavsar, R. Pitchumani, M. Reynolds, N. Merket, J. Reyna, ”Machine Learning Surrogate

of Physics-Based Building-Stock Simulator for Accurate End-Use Load Forecasting.” Energy

Buildings, In review.

7.1 Abstract

Building energy models are used to simulate heat and mass transfer and estimate end-use

load in buildings. With the proliferation of solar photovoltaics on residential and commercial

buildings, increasingly, buildings are expected to provide grid services, for which accurate

and computationally efficient building energy simulations and end-use load prediction are im-

perative. Existing building energy simulation tools, however, have significant computational

153
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overhead that make them less practical in real-time deployment for optimization, design,

uncertainty quantification and control in building energy management systems. This arti-

cle presents a data-driven machine learning model based on light gradient boosting method

(LightGBM) as a surrogate for a physics-based simulator for residential buildings to predict

end-use load. The machine learning based surrogate model accounts for time-series related

variables, seasonality and trend component of end-use load, and history of end-use load.

The accuracy of the surrogate model is assessed on the prediction of the load profiles of 100

different houses in Cook County, Illinois, USA. The LightGBM surrogate model is shown to

reduce the root-mean-squared error by 53% relative to a reference decision tree (DT) based

model reported previously in the literature. Moreover, the model accurately predicts the load

spikes and high-ramp rate events throughout the year which are often the Achilles heel of

other models in the literature. The machine learning based surrogate model is demonstrated

to be computationally efficient, with a ten-fold reduction in the computational time com-

pared to a physics-based building energy simulation, and accurate for uncertainty analysis

and real-time control of building characteristics in response to uncertainty.

7.2 Introduction

In the United States, almost 28% of all energy was used in providing comfortable, well-lit, in-

house environment in 2021 [164], which includes loads such as air-conditioning and lighting

needs of commercial as well as residential buildings. With increasing adoption of residential

and commercial solar photovoltaics, buildings are expected to provide grid services that call

for real-time assessment and adjustment of building energy profiles. Accurate forecasting

of building energy load profiles with time is imperative for effective generation planning,

demand side load management and distributed energy resource allocation and management.
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Load forecasting has been central to power systems operation and planning which has led

to the development of sophisticated methods with improving accuracy [165, 166]. Accurate

load estimation and its associated uncertainty are essential for stochastic unit commitment

and economic dispatch [42]. From a central power generation perspective, residential and

commercial building loads are aggregated at the substation level with little granularity at

the buildings level. It is more challenging to predict the load of a building due to its high

degree of variability than predicting the total electricity load of a sub-region in bulk power

system analysis [165]. Thus, although data-driven and machine learning based models have

been developed for forecasting load at a much higher level in the overall grid hierarchy [167],

such models fall short when it comes to making forecast of the end-use load in a building,

at the lowest level in the hierarchy.

Building energy modeling (BEM) tools including high-fidelity physics-based models ResStock

and ComStock are used to simulate the heat and mass transfer inside the building to estimate

the end-use load [168]. To this end, building science research has focused on development

and improvement of physics-based models [169]. Figure 8.1 shows illustrative end-use load

profiles of five selected buildings in Cook County, Illinois, USA, during the period from Jan

2, 2018 to Jan 9, 2018. The load profiles are created through the physics-based model using

OpenStudio [170], in which the building energy transport simulation is carried out using

EnergyPlus [171]. The example profiles are used to bring out several challenges in building

energy modeling. On a macro-level, the time series profiles in Fig. 8.1 seem to follow a

periodic behavior. Overlying the base periodicity, however, are random fluctuations/noise

and sudden spikes that are visible at several time instants during the depicted interval. The

weather for all the five buildings is the same since they are from the same geographical

location. Yet it is observed from Fig. 8.1 that each building depicts different pattern and

behavior of load spikes, high and low ramp-rate events, and random fluctuations. This
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suggests a significant attribution of the building characteristics on the random fluctuations

and load spikes. The load spikes are sporadic and spread throughout the year; predicting

the sparse, yet important, high amplitude and high ramp-rate events amidst the vast sample

space of nominally periodic data makes the problem of end-use load prediction particularly

challenging. Overall, accurately predicting load peaks, random fluctuations and high ramp-

rate events in the load profiles is a significant challenge.

Figure 7.1: End-use load profiles of few representative buildings over a period of one repre-
sentative week.

Further, existing BEM tools are computationally demanding, thereby severely limiting their

deployment in real-time optimization, design, and control. Since physics-based models add

another layer of assumptions and since buildings operate with significant stochasticity arising

from environmental factors such as weather as well as use environment inside, uncertainty

quantification (UQ) analysis is paramount [172]. For a realistic estimation of the statistical

moments, the total number of scenarios for an hourly stochastic simulation over a year is
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rather large, and intensifies the computational requirement. To circumvent the problem of

computational intensity, reduced order and data-driven models, also called surrogate models,

that mimic the behavior of the physics-based model to produce the model responses at a

much reduced computational cost have been explored for specifically for BEM in recent

years [173, 174]. Some of the notable algorithms for the existing surrogate models include

artificial neural networks [175, 176], linear regression, Gaussian process, and the support

vector machine [177].

The reduced order models mostly take as inputs building characteristics, which includes ge-

ometry, HVAC system, internal loads, and weather data such as wind speed, air temperature,

air humidity, and radiation. The output of the surrogate models consists of the total elec-

tricity consumption, heating/cooling demand, thermal comfort, etc. Commonly, the outputs

are obtained from the surrogate models at coarse resolution on a yearly or monthly timescale,

with very few surrogate models [178] predicting the outputs at much finer resolution. In a

typical dataset of building energy time series, since the weather related parameters are more

dynamic in time than the building characteristics, the dataset tends to be skewed more

toward the larger representation of weather information compared to building information.

Hence, it is difficult for a parametric data-driven model to accurately relate end-use load

to building characteristics. Considerable expert judgement and large amounts of data are,

therefore, needed to properly define the characteristics of the building and surroundings for

parametric data-driven modeling.

Considering all of the above, the existing surrogate models suffer from two main drawbacks:

(1) prediction on high and low ramp events [165]: as seen in Fig. 8.1, high and low ramp

events are randomly interspersed in a typical load profile, with the peaks appearing sparsely

in the time series. In machine learning, such behavior is said to contain data-imbalance

[179], and most machine learning models suffer in their ability to predict underrepresented
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data [180]; and (2) model accuracy and generalization [181]: Most surrogate models are

parametric in nature and are trained to minimize the overall root-mean-squared error. As a

result, the accuracy in predicting extreme events namely, peaks as well as high and low-ramp

events in the present application, is compromised. Moreover, variability in buildings features

is overshadowed by the weather variability which further compromises the accuracy. Most

parametric surrogate models are customized and often over-fitted to the buildings on which

they are trained, and lack the generality to apply to other buildings or if conditions not

prevalent during training are encountered.

The goal of the present work is to overcome the challenges by bridging, for the first time,

the advanced data-driven prediction concepts from bulk load forecasting and the physics-

based advances in building energy science. With this motivation, the article presents a

non-parametric Light Gradient Boosting (LightGBM) based machine learning framework

as a surrogate model for physics-based BEM, that significantly advances end-use load pre-

diction of residential buildings. The developed model includes relevant time-series related

features such as hour of the day, month of the year, history of end-use load, seasonality and

trend represented by a statistical Holts-Winter exponential smoothing model [182], etc., as

commonly used in load-forecasting, in addition to the commonly used building characteris-

tics such as floor area, HVAC system, materials, ventilation, etc., that are commonly used in

physics based BEM, and weather related features, such as air temperature, humidity, wind

speed, etc., which affect the magnitude and timing of energy use.

To our knowledge, this is the first time that such a comprehensive set of inter-related features

are utilized in end-use load prediction. The novelty and specific contributions are as follows:

first, for the first time in the surrogate modeling of building stock simulator, a blended

perspective from load forecasting for bulk power system analysis and from physics based end-

use load estimation is utilized for improved prediction. Second, a LightGBM based model is
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developed based on a variate of Gradient Boosting Decision Tree (GBDT), that is proven to

be highly efficient and accurate in encapsulating the characteristics of the data being modeled

without the problem of over-fitting [143]. The model parameters are determined through

a systematic hyperparameter optimization based on minimizing the K-Fold cross-validation

[183] error via a Tree-structured Parzen Estimator Approach (TPE) [69], instead of an ad

hoc or grid-based parameter selection as commonly adopted in surrogate modeling. Further,

for generalized applicability, the model is trained on the yearly data with hourly resolution of

200 different houses from the Cook County, Illinois, USA, and its accuracy is demonstrated

on 100 different (”unseen”) houses that were not used in the training. Further, the accuracy

and generalization capability of the presented SBEM model is shown in comparison to a

reference decision tree based model from the literature.

The article is organized as follows: a description of the data, model building methodology,

and a hyperparameter optimization are presented in Section 2, followed by a discussion on

model performance on a testing set, which consists of 100 unseen houses from Cook County,

Illinois, USA in Section 3.

7.3 Surrogate Modeling

7.3.1 Data

The study uses energy consumption data from a diverse set of residential buildings in Cook

County, Illinois, USA, documented in the form of total-site electricity consumption, regard-

less of the category of consumption (i.e., heating, cooling, etc.). The actual data (ground

truth), illustrated in Fig. 8.1, is sampled at every hour for the entire year of 2018. Thus, each

house consists of a time series of total electricity consumed over a 365-day period with a res-
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olution of one hour. The framework aggregates data in parallel across several high-memory

nodes using the Dask library [184]. The aggregated data is stored in the standardized Par-

quet format, which can then be readily imported for downstream analysis and processing

into various big data tool sets, including Dask, Spark [185], Amazon Web Services Athena,

and other similar tools.

Per the physics-based building stock simulator, ResStock, the input to the data-driven model

is a dataset consisting of 42 different building characteristics and 32 different weather quan-

tities. The building characteristics are static and invariant with time, whereas the weather

parameters are dynamic and queried at every hour. Most of the building characteristics are

categorical and needed to be encoded into numerical values for data-driven model build-

ing. Table 7.1 lists the principal building characteristics and weather quantities, and their

descriptions that would be referenced later in the discussion.

7.3.2 Model Development

The model development and experimentation is conducted based on a sub-sampled set of

300 houses from the original full data set. Of the 300 houses, randomly selected 2/3 of the

houses (200 houses) are parceled into the training data set and the remaining 1/3 that are

completely independent of the training data set (”unseen” data) are held as testing data

(100 houses) for the evaluation of the model. The goal of the surrogate model is to predict

accurately the end-use load of any building at any desired time. To this end, a Gradient

Boosting Decision Tree (GBDT) method [159] called LightGBM [142] is used. This approach

provides the benefit of ensemble learning, gradient-based optimization, and boosting to avoid

overfitting. LightGBM grows the tree leaf-wise, whereas most of the boosting algorithms

grow level-wise. This aspect of LightGBM has been found to reduce the supervised loss
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Table 7.1: Set of features used in physics-based building-stock simulator

Building Characteristics Weather Parameters
Bedroom Ceiling Fan Dry-bulb Temp. Dew Point Temp.
Clothes Dryer Clothes Washer Relative Humidity Station pressure
Cooling Set point Cooling Set point Off-

set Magnitude
Cooking Range Dishwasher Extraterrestrial hori-

zontal radiation
Extraterrestrial nor-
mal radiation

Ducts Geometry Floor Area Horizontal Infrared
radiation

Direct and diffuse ra-
diation

Geometry Garage Geometry Stories Direct normal radia-
tion

Diffuse horizontal ra-
diation

Heating Fuel Heating Set point Total horizontal illu-
minance

Direct normal illumi-
nance

Heating Set point Off-
set Magnitude

HVAC Cooling Effi-
ciency

Horizontal diffuse illu-
minance

Luminance at sky’s
zenith

HVAC Heating Effi-
ciency

HVAC Shared Effi-
ciencies

Wind direction Wind Speed

Infiltration Insulation Crawlspace
Insulation Crawlspace Insulation Finished

Basement
Insulation Finished
Roof

Insulation Inter-zonal
Floor

Insulation Slab Insulation Unfinished
Attic

Insulation Unfinished
Basement

Insulation Wall

Lighting Misc Extra Refrigera-
tor

Misc Freezer Misc Gas Fireplace
Misc Gas Grid Misc Gas Lighting
Misc Pool Pump Misc Hot Tub Spa
Misc Well Pump Misc Pool
Neighbors Plug Load
Occupants Refrigerator
Water Heater Effi-
ciency

Windows
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more during training. Another novelty of LightGBM is that it uses Gradient-based One-

Side Sampling (GOSS) to sample the data instances based on their gradient for finding split

at each node of the tree and uses histogram based algorithm to create a discrete bins to

consider features for the split at each node enabling faster training, whereas other decision

tree based algorithms iterate through the whole set of features.

The surrogate model development using LightGBM was constructed in two ways:

• LightGBM with (1) building characteristics and (2) weather parameters. This model,

termed surrogate building energy model SBEM, consists of the typical features that

are used in physics-based BEM and additionally weather-related parameters to account

for environmental factors.

• LightGBM with additional features that are used in load forecasting in bulk power

systems. In this model, termed enhanced surrogate building energy model enhanced

SBEM-E, five sets of features are considered: (1) building characteristics and (2)

weather parameters as in SBEM and additionally (3) time-related features, (4) season-

ality and trend component of the end-use load, and (5) history of end-use load. The

additional three features (3)–(5) are not normally considered from a physical modeling

point of view but are adopted from load forecasting in bulk power systems literature,

to enable better training in the data-driven based approach [167, 182, 186]. Thus a

blended physics-based and data-driven approach is achieved in SBEM-E. Features with

zero variance are dropped from the dataset in both SBEM and SBEM-E.

In SBEM-E, four time-related features are used: hour of day, day of week, month of year,

and weekend indicator, to capture the stochasticity of the occupant’s behavior. Two addi-

tional features of the end-use load—seasonality and trend—are included, where seasonality

is defined as S = y(t− 1)− 1
23

∑i=t−24
i=t−2 y(i) and trend is defined as T = y(t)− y(t− 1), where
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y is the total electricity [kWh] in the present case. The trend and seasonality features also

form the basis of the Holts-Winter exponential smoothing model [182], which is a well-known

model in a classical time-series analysis, and load forecasting.

The inclusion of history is a common practice in bulk power systems load forecasting. The

history of end-used load would help forecast the load better if there is a considerable auto-

correlation in the end-use load time-series. Since the end-use load profile exhibits time-series

behavior, the future events are poised to be correlated with the history. In a conventional

time-series analysis, such correlation is measured by the auto-correlation factor (ACF) and

partial-auto-correlation factor (PACF) graphs [186]. A time series can be decomposed into

trend, seasonality, and residual. An ACF considers all these components while finding cor-

relations thereby providing a complete auto-correlation plot. PACF on the other hand finds

correlation of the residuals, and helps to retain only the relevant time-lags.

Figure 8.2 shows the ACF and PACF of end-use load for building id 1287 over a time-lag of

0 to 70 hour. From the ACF plot, it can be seen that there is a positive and considerable

correlation at lags 2, 3, 4, 11, 12, 23, and 24. The correlation is higher at lags which occur

at the end of 24 hour, representing the daily seasonality. PACF also justifies the same.

To this end, past 24 hourly values of the actual end-use load history are considered in the

feature set in SBEM-E model to predict the end-use load over the next one hour. Thus, by

using the actual load profile history for each hourly prediction, the approach ensures that

the errors in the prediction do not compound over time in forecasting the end-use load in

future timestamps.
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Figure 7.2: Autocorrelation and partial-autocorrelation of end-use load in building id: 1287.

7.3.3 Hyperparameter Optimization

A LightGBM model has a large number of hyperparameters that govern the accuracy and

generalizability of the model. Most important of these include number of leaves, Nl, number

of estimators, Ne, amount of lasso regularization, λ, amount of ridge regularization, α,

subsample fraction, ωs, and feature fraction, ωf . The role of each of these is summarized

below:

• Parameters Nl and Ne govern the structure of the decision tree whereby larger values

of both would increase training accuracy but also increase the chance of overfitting.

• Regularization parameters, λ and α, are used to introduce sparsity in the model, where

smaller values would increase the training accuracy but might increase the chance of

overfitting.

• Subsample frequency (ωs) and feature fraction (ωf ) are parameters that seek to reduce

overfitting in a unique way by randomly selecting the fraction of samples and features,
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respectively, for fitting each learner, and improve the generalization of the model.

LightGBM uses the gradient-based one-side sampling (GOSS) technique which makes

it faster and more accurate than other gradient boosting algorithms [187].

The hyperparmeters need to be selected systematically to ensure optimum model training for

accuracy, generalizability and to eliminate overfitting. The parameter selection was carried

out using a cross-validation approach so as to avoid the overlapping of training and testing

set and to obtain better estimator of expected error in the model [188]. To this end, a

cross-validation method called K-Fold cross-validation is used with k = 5. In this approach,

the training sample set is divided into 5 groups such that each time, one of those groups

is held out as a testing set, and a model is constructed on the remaining four groups; i.e.,

each group is given an opportunity to be used as a testing set one time and used to train

the model four times. In the K-Fold cross-validation approach, therefore, a particular set of

hyperparameters yields five values of the model performance metric and a mean of those five

values is considered as a representative performance for the given set of hyperparameters.

Table 7.2: Optimal values of the hyperparameters from TPE optimization.

Parameters Search Space Optimal value

Nl unif.{10,500} 415
Ne unif.{10,500} 454
λ unif.(0,1) 0.16
α unif.(0,1) 0.05
ωs unif.(0.1,1) 0.9
ωf unif.(0.1,1) 0.6
Learning Rate unif.(0.01,0.1) 0.02
Max. Depth unif.[1,100] 50

The optimal values of the model parameters were determined using the TPE algorithm,

a Bayesian optimization technique, which has proven to be more efficient than manual,

random, or grid search [149]. The search space for each parameter in the TPE optimization
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consisted of a uniform distribution in their respective ranges given in Table 7.2, where unif.[...]

denotes discrete uniform distribution in the indicated range of numbers within the square

brackets whereas unif.(...) denotes continuous uniform distribution in the given range of

numbers within the parentheses.

It is instructive to understand the influence of the various weather and building parameters

on the two surrogate models in predicting the end-use load. To this end, Figure 8.3 shows a

feature importance plot of the top 50 features for SBEM and SBEM-E. The feature impor-

tance is measured based on the number of times the feature is used in splitting the node in

the LightGBM training. Fig. 8.3(a) represents top 50 features from the SBEM model and,

similarly, Fig. 8.3(b) represents the top 50 features from the SBEM-E model. The ordinate

in each plot in Fig. 8.3 shows the list of features in descending order of importance, in which

the abscissa is the value of importance. The horizontal bars are shown to visualize the rela-

tive importance of the features. There about 26 weather-related parameters (including the

history of some parameters) among the top 50 in the SBEM model. In comparison, there are

only 6 weather-related features among the top 50 in the SBEM-E model. This suggests that

the weather has more influence over end-use load in the SBEM model than in the SBEM-E

model. The reduced significance of weather in SBEM-E can be attributed to the inclusion of

the other more-relevant time-series related features, trend and seasonality, and the history of

end-use load in SBEM-E that were not in SBEM. The reduced reliance on building related

features in SBEM-E could be advantageous in forecasting the one-hour-ahead load when

there is limited information available about the building’s characteristics. Such a model is

of much value in home energy management applications.

The effectiveness of SBEM and SBEM-E with their respective optimum hyperparameters is

compared in the next section. These methods are, in turn, compared to a reference decision

tree (DT) [67] based surrogate model from the literature to establish the improved modeling
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Figure 7.3: Top 50 important features in descending order for predicting the end-use load
through (a) SBEM and (b) SBEM-E models.

capabilities of the LightGBM-based methods developed in this work. The DT model took

about 250 seconds to train on 200 buildings, while the SBEM and SBEM-E required only

about 80 seconds.
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7.4 Results and Discussion

Figure 8.4 shows the prediction of end-use load for four different test buildings during

randomly-chosen weeks from four different seasons using decision tree based and SBEM

based models. The chosen four buildings are from the 100 test (”unseen”) buildings which

were not used in the model training. Fig. 8.4(a) is a week from Spring for building 1, (b)

is a week from Summer for building 2, (c) is the week from Fall for building 3, and (d) is

the week from Winter for building 4. The ground truth load profiles are simulated during

the chosen weeks for the respective building using the physics-based model, and are depicted

by the solid black lines in the figure. The predicted load profiles using DT and SBEM are

colored in dashed blue and solid orange, respectively. Both DT and SBEM models were

constructed based on the conventional two sets of input features: building characteristics

and weather parameters.

The four subplots in Fig. 8.4 show distinctly different levels and nature of end-use load

profiles. The DT and SBEM models are seen to capture generally the diurnal patterns for

all buildings in all seasons. However, DT consistently overpredicts in Summer for building 2

(Fig. 8.4(b)), and overshoots the spikes at certain locations in plots Figs. 8.4(c) and 8.4(d).

SBEM, on other hand, is seen to follow the ground truth load profile quite closely, but does

not forecast all the locations of sharp spikes.

While Fig. 8.4 illustrated the time series load profile comparison for selected weeks during

the year, the overall prediction accuracy over the entire year, grouped by season, is examined

further in Fig. 8.5 keeping the choice of buildings the same as in Fig. 8.4. The four subplots

in Fig. 8.5 are as follows: (a) Spring season from building 1, (b) Summer season from building

2, (c) Fall season from building 3, and (d) Winter season from building 4. The prediction

accuracy of DT and SBEM are defined as the difference between the prediction and the



7.4. RESULTS AND DISCUSSION 169

corresponding ground truth, and is presented as histograms where the ordinate represents

the density and the abscissa represents error in kWh. Since the ordinate is density, the area

under the histogram curve is unity. The error histograms of the DT model are colored in

blue, while those for SBEM are presented in the orange shade. As seen from all subplots,

the SBEM shows a quite high frequency of zero error than DT model, which can also be

seen in the value of mode, Mo, of the distribution. The modes from SBEM model are much

closer to zero than the modes from DT model, which are annotated in each subplot. Also,

the width of histogram is much narrower for the SBEM model than for the DT model in

all the seasons, which is seen in the values of the standard deviation, σ, of the distribution.

These findings further points to the lower overall error (higher accuracy) in the load forecast

by the SBEM model.

Figures 8.4 and 8.5 compare the SBEM with DT model and demonstrate the improved

forecasting accuracy by SBEM. Yet, as seen in Fig. 8.4, SBEM that is trained by the

conventional features of building characteristics and weather parameters is still challenged

by the accurate prediction of the peak loads. As described in Section 2, the SBEM-E model

was developed by blending the features used in conventional BEM and those used in bulk

power system load forecasting, and includes three extra sets of features: time-series related

features, seasonality and trend component, and history of end-use load. Further discussion

is focused on comparison between SBEM and SBEM-E to establish the relative merits of the

enhanced SBEM model.

Figure 8.6 shows the prediction of end-use load by SBEM and SBEM-E, for the same four

different test buildings and weeks of the four seasons considered in Figs. 8.4 and 8.5. The

solid black lines in the figure represent the ground truth load obtained from a physics-based

BEM. The predicted profiles from SBEM and SBEM-E are colored in dashed orange and

solid green, respectively. As seen from the figure, SBEM-E is able to capture the spikes more
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accurately than SBEM in all the profiles. Apart from spikes, SBEM-E’s prediction follow

the ground truth more closely than the SBEM’s. The results point to overall higher accuracy

of SBEM-E as compared to SBEM.

Following the format of Fig. 8.5, Fig. 7.7 compares the prediction accuracy of SBEM (orange

bars) with that of SBEM-E (green bars) over an entire year, grouped by seasons and for same

the choice of buildings as before. The histograms of SBEM-E are seen to be much narrower

with higher probability of zero error than SBEM, which can also be seen in the mode, Mo,

and standard deviation, σ, of distribution in each subplot. These plots suggest that SBEM-E

is not only better at predicting the load spikes, but it’s overall accuracy is also much improved

compared to SBEM over the entire year. The discussion so far examined the accuracy of

prediction for four unique buildings from the testing set and demonstrated that the SBEM

models, in general, perform better than DT, and SBEM-E is most accurate in estimating the

load profiles including the sporadic peaks. It is instructive to assess the prediction accuracy

over entire testing set of 100 unseen buildings as discussed below.

Figure 7.8 compares the histogram of prediction error between (a) DT and SBEM and (b)

SBEM and SBEM-E over entire testing set of 100 buildings for an entire year. The area

under the histogram curve is unity. From Fig. 7.8(a), it is observed that the histogram of

SBEM is narrower than DT with mode near to zero. Quantitatively, the mode with DT

is -0.16, whereas with SBEM, it is 0.00. The narrowness can be undersood further from

the σ value, which is 0.82 and 0.55 for DT and SBEM, respectively. The performance can

be additionally compared quantitatively in terms of the root-mean-squared-error (RMSE).

It is observed that the RMSE is reduced by over 33% from 0.82 kWh for DT to 0.55 kWh

for SBEM (Fig. 7.8(a)). Among the two data-driven models developed in the present work,

inclusion of the additional features in SBEM-E is seen to further reduce RMSE to 0.38

kWh in Fig. 7.8(b), a 30% reduction over SBEM and a 53% improvement over DT. Both
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SBEM and SBEM-E models show the mode close to zero but SBEM-E has a much smaller

spread (RMSE) than SBEM. Overall, Figures 8.4–7.8 demonstrate that the trained SBEM

and SBEM-E models offer improved accuracy over DT. The use of SBEM-E in uncertainty

quantification in building energy profiles is discussed in the remainder of this section.

7.4.1 Uncertainty Quantification

The results so far show that the surrogate model SBEM-E provides accurate estimate of

building load and computationally efficient, requiring mere seconds of computational time

to forecast a daily load profile. The efficiency and accuracy provides opportunities for

uncertainty quantification and analysis of what-if scenarios rapidly for real-time energy pro-

file tailoring. SBEM-E takes the history as well as forecast of various weather parameters

described in Table 7.1 as input to predict the end-use load profiles. The history is a deter-

ministic quantity since it has already occurred, while forecast is a stochastic quantity. The

uncertainty in the weather forecast can be propagated through the surrogate model quickly

to predict the uncertainty in end-use load.

Of the different weather parameters, Air Temperature is an important parameter that also

appears in the list of top 20 important features of the SBEM-E model in Fig. 8.3. The

variations of Air temperature, Tair, over different seasons are illustrated in Fig. 8.7a, as

probability density functions. The ordinate represents probability density value and abscissa

represents the value of weather parameter, which is temperature of air, Tair. The four seasons

are identified by the different colors as captioned in the legend. It is observed that Tair

exhibits distinct variability within each season, as quantified by the standard deviation of

Tair, presented in the legend. In particular, the temperature variation in Fall shows the most

variability with a standard deviation, σ, of 9.32 ◦C, while Summer has the least variability,
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with σ of 4.76 ◦C.

Fall being the season with highest σ in Tair, a typical day from Fall, September 29, 2018,

is chosen to illustrate the use of SBEM-E for uncertainty quantification. Fig. 8.7b shows

the diurnal air temperature, Tair, profile for September 29, 2018, with peak around 3 PM.

The base (mean) forecast of the air temperature is shown by the solid line and the shaded

band represents an uncertainty of ±20% (≈ ±2σ) around the mean forecast. Based on the

distribution of variability in Tair presented in Fig. 8.7, the uncertainty analysis is conducted

by considering a uniform distribution around each base weather forecast parameter with

the range of ±20%. A Monte Carlo simulation is carried out to derive statistically random

samples from the distribution, keeping the building characteristics deterministic. The un-

certainty quantification (UQ) is conducted by propagating the samples through SBEM-E to

obtain the interactive effects of the weather uncertainty and the other parameters on the

end-use load profile and its uncertainty for the chosen Fall day, September 29, 2018.

Figures 8.8(a)–(c) show the variability (blue shaded regions) in end-use load predicted using

the SBEM-E model (mean profile shown by the blue solid lines), considering the base forecast

of air temperature and its associated uncertainty as presented in Fig. 8.7b for September

29, 2018. It can be seen that the 20% uncertainty in air-temperature translates to around

10% variability in the end-use load. Of all the building characteristics, some can be adjusted

in real-time to tailor the end-use load uncertainty and peak load. As an example, Figures

8.8(a), (b), and (c) show the uncertainty in the end-use load profiles, when the cooling set

point is reduced by 5 ◦C, kept at the default value, and increased by 5 ◦C, respectively. In

all the cases, the peak in the end-use load occurs somewhere around 3 PM, which can be

attributed to the increased cooling load to retain the building temperature at the cooling set

point as the ambient temperature increases. An effect of changing the cooling set-point is

seen in the peak load, the overall end-use load profile, as well as the total daily load. Figure
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8.8(a) shows that a decrease in the cooling set point temperature leads to increased air

conditioning usage and an increase in the load profile, for a total daily energy consumption

of 11.35 kWh ±12.32%. The energy usage amount and the uncertainty around it are nearly

the same as those in the default case (Fig. 8.8(b)). However, when the cooling set-point

is increased by 5 ◦C from the default, Fig. 8.8(c) shows that not only does the total daily

energy usage reduce by about 8.3% from 11.19 kWh to 10.26 kWh but the variability reduces

from 12.38% to 9.32%.

In the present article, the applicability of the developed surrogate model is illustrated with a

case-study on uncertainty quantification. The example shows that the SBEM-E model may

be used for assessment of the effects of parameter variations on the building energy profiles,

and for devising ways to mitigate uncertainty in real time. It is important to note that on

average, the SBEM-E surrogate model takes about 0.1-0.3 minutes of computational time

to simulate one building for a whole year at hourly resolution. In contrast, a conventional

physics-based model (EnergyPlus) takes about 1-3 minutes of computational time for the

same yearly simulation of one building at an hourly resolution. The computational efficiency

of SBEM-E is particularly significant when simulating thousands or tens of thousands of

buildings. The accuracy of the developed surrogate model coupled with its nearly ten-fold

computational efficiency makes SBEM-E useful for real-time control or building design.

7.5 Conclusions

A novel data-driven, light gradient boosting based surrogate model, termed SBEM-E, was

developed as a viable alternative to physics-based simulation to predict the end-use energy

load in buildings quickly and accurately. SBEM-E overcomes several shortcomings of exist-

ing methods in aspects of model generalization, prediction of peak and base loads, and the
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ability to handle big-data. It was shown that the blending of features commonly used in

bulk power systems load forecasting and those from physics-based building energy modeling

led to improved end-use forecasting with high accuracy and generalizability to new buildings

in Cook County, Illinois, USA. SBEM-E was demonstrated to improve accuracy by 53% as

compared to a reference decision-tree based surrogate model, and provide a nearly ten-fold

reduction in the computational time compared to physics-based BEM. The use of the surro-

gate model for tailoring building load and for uncertainty quantification was demonstrated

through a case study. The accuracy and computational efficiency of SBEM-E offer signif-

icant opportunities for its application in buildings design, uncertainty quantification, and

real-time control in practice.
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Figure 7.4: Comparison of end-use load profiles predicted by DT and SBEM models on
a randomly-chosen week in each season and for four randomly-chosen buildings from the
testing set of 100 buildings: (a) Spring, building 1 (b) Summer, building 2 (c) Fall, building
3 and (d) Winter, building 4.
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Figure 7.5: Histogram of error in end-use load prediction using DT and SBEM models over
different seasons and buildings: (a) Spring, building 1, (b) Summer, building 2, (c) Fall,
building 3, and (d) Winter, building 4.
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Figure 7.6: Comparison of end-use load profiles predicted by SBEM and SBEM-E models
on a randomly-chosen week in each season and for four randomly-chosen buildings from the
testing set of 100 buildings: (a) Spring, building 1, (b) Summer, building 2, (c) Fall, building
3, and (d) Winter, building 4.
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Figure 7.7: Histogram of error in end-use load prediction using SBEM and SBEM-E over
different seasons and buildings: (a) Spring, building 1, (b) Summer, building 2, (c) Fall,
building 3, and (d) Winter, building 4.
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Figure 7.8: Histogram of error in end-use load prediction over entire testing set of 100
buildings: (a) DT vs SBEM and (b) SBEM vs SBEM-E.

Figure 7.9: (a) Variation of Tair by season in the year 2018, and (b) base forecast of temper-
ature profile and ±20% uncertainty band around it for the selected day in Fall, September
29, 2018.
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Figure 7.10: Predicted end-use load (solid blue lines) and associated variability around
obtained using the SBEM-E model on a typical Fall day with (a) reduced cooling set-point,
(b) default cooling set-point, and (d) increased cooling set-point.



Chapter 8

Robust Model-Predictive Thermal

Control of Batteries under Actual

Drive Cycle

The work reported in this Chapter is the basis for the following journal publication:

S. Bhavsar, K. Kant, and R. Pitchumani. ”Robust Model-Predictive Thermal Control of

Lithium-Ion Batteries under Drive Cycle Uncertainty,” In review.

8.1 Abstract

The growing electrification in the transportation sector is faced with significant challenges

related to battery pack reliability. Occurrence of high temperatures in the battery is di-

rectly related to significantly high discharge rate at times of rapid acceleration and high

speed driving. The exposure of batteries to fast or extreme fast charging and discharging

profiles, particularly in the face of uncertainty in the drive schedules, requires effective strate-

gies to forecast and avoid thermal excursions during operation. In this work, we present a

light gradient boosting-based machine learning model to create probabilistic forecasts of the

discharge rate over a forecast horizon in real time. A surrogate of a physics-based coupled

181
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thermo-electro-chemical computational model provides the functional relationship between

the coolant flow rate and the battery temperature, using which a stochastic model-predictive

control strategy is developed to determine the optimal cooling needed at each control time in-

terval based on the forecast discharge rate. The effectiveness of the probabilistic forecasting-

based stochastic model-predictive control approach is assessed on the US06 driving cycle data

for the 3 hours, in comparison with a constant coolant flow and persistence-forecast-based

control. It is shown that the total number of temperature excursion instances using the

stochastic model-predictive control is reduced dramatically by about 69% compared to the

constant coolant flow case and by over 51% compared to persistence-forecast-based control.

The stochastic model-predictive control approach is also shown to provide more flexibility by

allowing a wider range of control and battery pack design parameters to obtain the optimal

performance with minimum coolant use.

8.2 Introduction

The transition toward more and more renewable energy, both in the transportation sector and

in bulk power systems, calls for efficient and reliable energy storage technologies [189, 190].

Lithium-ion batteries (LIBs) have become the most favorable choice because of their high

energy density, low cost, and safety [191, 192]. LIBs are prevalent in electric cars, consumer

electronics, medical equipment, and to some extent at power storage in the electric grid

[193, 194]. It is estimated that with greater adoption of electric vehicles, the total electricity

demand will increase by 30% by 2035 in the USA. However, batteries currently have a

low range, necessitated by battery degradation and failure [195]. Battery degradation is

directly related to the temperature in service [196], which becomes even more challenging

under the rapid charging and discharging requirements of electric vehicles (EVs). Unlike
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consumer electronics or grid storage, thermal management and control are especially crucial

in automotive batteries.

The analysis of fast charging and the discharging process can be done on any public driving

profile, such as the US06 profile [197], which simulates driving with high acceleration and

rapid speed fluctuations. A significant portion of the stress in LIBs comes from exposure to

high temperatures that result from the fast charging and discharging of the batteries [198].

Undue thermal stress leads to battery capacity degradation and resulting safety and relia-

bility issues. In a highly fluctuating environment, predicting the magnitude and instances of

high-temperature exposure is challenging. The problem is further compounded by the fact

that driving schedules are often not deterministic but are stochastic in nature. Regulating

the battery’s higher operating temperature helps retain its reliability and power performance

[199]. It is therefore critical to analyze the occurrence of such undesirable conditions and

the impact of the battery thermal management strategy.

Thermal behavior under a high charging/discharging rate of 8C was analyzed by Dong et al.

[200]. It was concluded that compared with high C-rate charging, discharging at the same

C-rate would easily lead to battery overheating. Wu et al. [201] proposed a dimensionless

normalized concentration-based thermal-electric regression model for the thermal runaway

of lithium-ion batteries. The model-based analysis proves that the temperature and voltage

changes during a thermal runaway can be mutually obtained through a numerical coupling

relationship.

A cooling strategy generally follows the identification of the thermal profile of the battery, of

which liquid-based cooling is reported to be more effective because of its high heat capacity

and heat transfer coefficient [202, 203, 204]. While cooling technology for thermal manage-

ment is a well-studied topic in the literature, utilization of it for adaptive battery control is

challenging due to the stochastic nature of the driving profile. The complex dynamics inside
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the battery under highway driving was proven difficult to predict or estimate [205, 206].

Yang et al. [206] used a machine learning technique based on a long short-term memory

network (LSTM) to encode the charge-discharge dynamic evolution to estimate the state of

charge.

Similar efforts have been undertaken in predictive optimal control of energy management

systems in electric vehicles [207]. Gong et al. [208] developed a velocity predictive model

based on analytical traffic schedules. A series of studies has been performed to improve

the velocity prediction with Artificial Neural Networks (ANN) [209, 210, 211]. More high-

fidelity prediction of vehicle velocity time series during drive cycle has been possible with

LSTM [212]. Optimal energy management systems use predicted vehicle velocity, sometimes

converted into a discharge rate out of the battery, as an input to optimal control. In the

case of battery thermal management, such control is utilized to regulate the coolant flow

rate. Battery temperature control in electric vehicles has become an emerging research topic

due to the continuous growth in the market share of EVs. There have been publications on

heuristic control methods that use rule-based decision making [213, 214]. Such a controller,

however, does not seek to minimize energy consumption and hence leads to considerable

energy usage just to avoid hitting the maximum battery temperature occasionally [215].

Advances in information technology have fueled several model-predictive controller-based

approaches as improvements over the heuristic rule-based strategies. The energy consump-

tion for a battery thermal management system might be reduced using a model-predictive

control (MPC) based on optimal control theory such as dynamic programming (DP) and

other methods that are widely used in automotive control [216, 217, 218]. The application of

such approaches in battery thermal control has only recently gained attention, where studies

have used MPC [219, 220, 221, 222] to control the temperature of the battery and to reduce

energy consumption. These studies, however, assume a deterministic environment, which is
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not often the case in actual driving conditions.

Effective model predictive control is achievable with the use of machine learning [223, 224],

although existing studies have assumed that the information provided by the machine learn-

ing models is certain (deterministic) and static. As a result, the control results in sub-optimal

performance due to the assumption of an inherently uncertain driving cycle as being deter-

ministic [225, 226]. A more appropriate model-predictive control needs to account for the

stochastic nature of the driving profile, yet the application of stochastic MPC in battery

cooling has not been explored. Probabilistic forecasting is essential to predict the future

discharge rate of the electric vehicle’s battery in real time during driving so that control

strategies can be devised to prevent temperature excursions based on the forecast discharge

rate. Probabilistic forecasting strategies are commonly used in electric power systems load

and generation forecasting [87], but their application to battery thermal management has

not been explored.

Model-predictive control requires a model to relate the battery temperature to the governing

thermo-electro-chemical parameters of the battery and the coolant parameters, using which

control decisions may be taken. High-fidelity computational fluid dynamics-based cooling

system model with MPC is ideally the most reliable. However, the long computational time

associated with such models renders their use impractical in real-time control applications.

As a result, the real-time cooling approaches presented in the literature are based on simple

system models [220, 227, 228]. These models often fail to estimate the actual heat transfer

and result in under-cooling (degrading the battery) or over-cooling (increasing the energy

consumption) [227]. A more reliable real-time control can be achieved through adequate

integration of physical knowledge through surrogate modeling. Surrogate modeling is a

widely studied topic in which parametric relation is used to derive the quantity of interest

when it cannot be easily computed and has been used in the fields of thermal analysis [229],
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and electric power system operation [51].

This study presents a novel approach of stochastic model-predictive battery thermal control

for actual drive cycles to address the limitations of the techniques in the literature. The

article presents, for the first time, probabilistic forecasting of discharge current dynamically

during a drive cycle and the use of a machine learning surrogate of a detailed computational

model of battery performance to arrive at battery thermal control decisions in real time

based on the probabilistic forecasts. The specific contributions are as follows: first, a cou-

pled electrochemical and thermal model is developed based on the governing conservation

equations to simulate the heat transfer in a battery pack. The physics-based computational

model is solved using the finite element method, and is used to create a machine learning

surrogate which accurately represents the physical behavior and is computationally efficient

for real-time control decision making; second, a quantile regression based probabilistic fore-

casting model is developed using Light Gradient Boosting Method (LGBM) to continually

forecast future discharge current profiles during a dynamic driving cycle; third, a stochastic

MPC is developed to make use of the probabilistic forecast and surrogate model of heat-

transfer to control the maximum temperature with optimized coolant flow rate. The method

is demonstrated on a US06 drive cycle and is compared to alternative approaches and show

the effectiveness in reducing or eliminating thermal excursions and minimizing coolant use.

The article is organized as follows: Section 2 describes the physics-based coupled modeling

and the solution approach; Section 3 presents the surrogate modeling and the stochastic

model predictive control approach; Section 4 discusses the results of the study and Section

5 summarizes the key takeaways from the study.
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8.3 Physics-based Modeling

Figure 8.1a represents a schematic of a cylindrical 18650 lithium-ion battery, and Figure 8.1b

depicts the one-dimensional internal domain of a single cell with dimensions as considered

in the present study. The battery pack of an EV typically consists of a cluster of battery

cells arranged in a staggered pattern. Figure 8.1c shows the schematic of a section of such

a battery pack with a flow channel for a liquid coolant. The cooling channels in the present

study are arranged in parallel and between every two rows of LIBs with a total of 10 batteries.

Figure 8.1c also represents the computational domain used for the coupled electro-chemical-

thermofluid simulation with periodic top and bottom boundary conditions, and adiabatic

conditions at the first and last battery of the battery pack in the flow direction.

The most commonly used NCA (Li[NiCoAl]O2) 18650 power battery with a capacity of 2000

mAh is selected for this study. The battery radius is 9 mm, the diameter of the mandrel is 4

mm, and the height of the battery is 65 mm. The battery pack’s cooling channel thickness

is considered constant at 2 mm. Water/glycol (50/50) mixture is used as the coolant, whose

thermophysical properties are taken from Chen et al. [204]. The governing physics in the

thermal modeling of a battery pack consists of the electrochemical phenomena in the cells

and the mass, momentum, and energy transport both in the cells as well as in the coolant

flow channels. The coupled multiphysics models can describe and predict battery voltage,

current density, and temperature during transient processes such as charging and discharging,

battery aging and failure mechanisms, and the effects of different materials, characteristics,

and design parameters on battery performance.

The coupled electrochemical and thermal-fluid model is developed following the formulation

presented in [230, 231, 232, 233], in which a one-dimensional model of a single cell is used

to predict the heat generation in the Li-ion battery and coupled with a two-dimensional
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model of the battery pack domain to obtain the temperature variation. The thermo-physical

properties of the lithium-ion cell and the parameters used in the computational model are

presented in Table 1 and Table 2. A periodic boundary at the top and bottom of the compu-

tational domain is considered for the heat transfer problem. The developed computational

model is validated with the experimental results presented in [234]. The model formulation

is described in the subsections that follow.

Figure 8.1: Description of battery pack with cooling channels: (a) a single 18650 cell, (b)
one-dimensional internal domain of a cell, and (c) section of a battery pack with coolant flow
considered in the computational modeling.
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Table 8.1: Properties of the materials used in the numerical simulation

Material Property Value
Steel Density 7850 kg/m3

Specific heat 475 J/kgK
Thermal con-
ductivity 44.5 W/mk

Active mate-
rial Density 2063.5

kg/m3

Specific heat 1392.1
J/kgK

Thermal con-
ductivity (ra-
dial)

0.476
W/mk

8.3.1 Electrochemical Model

The electrochemical, thermal model for NCM batteries is based on the porous electrode and

concentrated solution formulations [230, 231] for a single electrode pair, shown schematically

in 8.1b. This model accounts for the conservation of lithium ions and charge in both the

electrode and the electrolyte using a set of partial differential equations and algebraic equa-

tions. The following assumptions underlie the model: (i) Li+ transport in the electrolyte

relies on diffusion and migration and diffusion only in the solid active material particles,

(ii) electrode active materials are considered to be spherical particles of uniform size (rn

and rp) as illustrated in 8.1b, (iii) electrical and chemical equilibria exist at the electrode/-

electrolyte interface, and (iv) electrochemical reaction rates of Li+ insertion and extraction

processes follow the Butler-Volmer equation. The dimensions of the various regions of the

single electrode pair are labeled in Figure 8.1b and are referred to in the formulation below.
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Table 8.2: Values of parameters used in the Newman P2D model for numerical simulation

Parameter Positive Negative Separator
electrodeelectrode

Thickness [mm] 50 68.75 25
Particle radius
[mm] 0.25 2.5

Max. Li+ concen-
tration in the solid
phase [mol/m3]

49000 31507

Stoichiometry at
0% SOC 0.98 0.016

Stoichiometry at
100% SOC 0.25 0.92

Initial Li+ con-
centration in elec-
trolyte [mol/m3]

48000 500 1200

Volume fraction of
electrolyte 0.41 0.444 0.37

Filler fraction 0.42 0.384
Diffusivity [m2/s] 5×10−13 3.9×10−14

Bruggeman tortu-
osity exponent 1.5 1.5

Electrical conduc-
tivity [S/m] 1 0.1

Reference exchange
current density
[A/m2]

36 26

Transfer coeffi-
cient, a 0.5 0.5

Transfer coeffi-
cient, c 0.5 0.5

t+ factor for +ve
electorde 0.363

Conservation of Charge

Lithium ions and electrons move in opposite directions during the charge-discharge cycle,

maintaining charge conservation; that is, the number of lithium ions equals the electron

charge transfer. In the equations, the fundamental conservation law is also maintained
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locally. The concentration of lithium ions, the conductivity of the active electrode material,

and the diffusion of Li-ions in the solid phase will impact the potential distribution. The

charge conservation equation, a form of Ohm’s law, is as follows [232].

∂

∂x

(
σeff ∂ϕs

∂x

)
= asFjLi (8.1)

where σeff is effective conductivity of the solid phase, ϕs is the solid-state voltage, jLi is

the current reaction density, as is the reaction surface area, F= 96485 C/mol is the Faraday

constant. The current density equals the external circuit load I/Ae at x = 0 and x = L.

−σeff ∂ϕs

∂x

∣∣∣∣
x=0

= −σeff ∂ϕs

∂x

∣∣∣∣
x=L

=
I

Ae

(8.2)

As electrons cannot pass through the separator, the electric intensity of solid-phase at loca-

tion x = Ln
cc + Ln

e and x = Ln
cc + Ln

e + Ls is 0 and the boundary condition is given by:

∂ϕs

∂x

∣∣∣∣
x=Ln

cc+Ln
e

=
∂ϕs

∂x

∣∣∣∣
x=Ln

cc+Ln
e+Ls

= 0 (8.3)

The charge conservation equation in the electrolyte phase is shown in the following equation:

∂

∂x

(
κeff ∂ϕe

∂x

)
+

∂

∂x

(
κeff
D

∂ϕe

∂x

)
+ asFjLi = 0 (8.4)

where the term κeff is effective diffusional conductivity [232]. The κeff
D is effective ionic

conductivity given by:

κeff
D =

2RT

F
(t+ − 1)

[
1 +

∂lnf

∂lnCe

]
κeff (8.5)

The zero gradient boundary condition on the electrode/ current collector surface is applied.



192
CHAPTER 8. ROBUST MODEL-PREDICTIVE THERMAL CONTROL OF BATTERIES UNDER ACTUAL DRIVE

CYCLE

∂ϕe

∂x

∣∣∣∣
x=Ln

cc

=
∂ϕe

∂x

∣∣∣∣
x=Lp

cc

= 0 (8.6)

Conservation of Matter

The particle size of solid lithium as an active electrode material is considered to be the same,

and Fick’s second law describes the distribution of lithium ions in the electrode:

∂Cs

∂t
=

Ds

r2
∂

∂r

(
r2
∂Cs

∂r

)
(8.7)

Here, the concentration of lithium ions on the electrode surface is denoted by Cs, while the

diffusion coefficient of solid lithium is denoted by Ds. Because there is no material source

in the core of the electrode particle, the boundary condition is as follows:

−Ds
∂Cs

∂r

∣∣∣∣
r=0

= 0,−Ds
∂Cs

∂r

∣∣∣∣
r=rp

= jLi (8.8)

where rp is the radius of the active substance, the distribution of lithium ions in an electrolyte

depends on the diffusion of lithium ions in the electrolyte (Ce), the porosity of the electrode

(ϵe), and the reaction current density (jLi). In the electrolyte phase, the transport of lithium

ions is described as follows:

ϵe
∂ce
∂t

=
∂

∂x

(
Deff

e

∂Ce

∂x

)
+ as(1− t0+)j

Li (8.9)

where t0+ is the initial migration number of lithium ions. The boundary conditions in eq. 8.9

are set so that the lithium ions cannot diffuse through the current collector [232].

∂Ce

∂x

∣∣∣∣
x=Lcc,neg

=
∂Ce

∂x

∣∣∣∣
x=L−Lp

cc

= 0 (8.10)
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Electrochemical reaction kinetics

The lithium ions concentration and charge distribution in the electrode and electrolyte phase

are described by Equations 8.1 to 8.9 and coupled by Bulter-Volmer equation.

jLi = asi0

[
exp

(
ααF

RT
η

)
− exp

(
αcF

RT
η

)]
(8.11)

where i0 is the exchange current density (A/cm2), αa and αc are the transfer coefficients of

positive and negative poles, R is the general gas constant, and as is the surface area of the

two-phase reaction, which is the surface area between the solid active material and the liquid

electrolyte. The surface area can be calculated by treating the solid phase as a collection of

uniform spheres, as shown in the following equation:

as = Np(4πr
2
p) (8.12)

where Np is the number of solid particles per unit volume, and ϵs is the volume fraction of

the active material, as shown in the following equation:

ϵs = Np(4πr
3
p/3) (8.13)

combining these two equations, the reaction surface area is obtained as follows:

as =
3ϵs
rp

=
1− ϵe − ϵf

rp
(8.14)

where ϵf is the volume fraction of the filling material. The exchange current density i0 is a
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function of temperature and SOC, expressed as eq. 8.14:

i0 = ki(Ce)
αa(Csurf,max − Csurf,e)

αa(Csurf,e)
αc (8.15)

where ki is the reaction rate, which is related to the temperature, is a dimensionless parame-

ter, which defines the ratio between oxidation and reduction, and is called the symmetry fac-

tor. Overpotential (η) is the offset amount of electrode potential from equilibrium potential

caused by the lithium ions insertion/de-insertion on the surface of the electrode [232]. The

overpotential (η) can be given by the following in which Eeq is the temperature-dependent

equilibrium potential [232]. :

η = ϕs − ϕe − Eeq (8.16)

where Eeq is temperature dependent equilibrium potential [232].

8.3.2 Thermal Model

The heat transfer inside the model is described by Fourier’s law, which can be written in the

following form of the energy conservation equation [233]:

ρcp
∂T

∂t
= λ

∂2T

∂x2
+ qr + qohm + qact (8.17)

where ρ, Cp, T and λ represent the density, heat capacity, temperature, and thermal conduc-

tivity, respectively. Due to the entropy change during discharge, there are three main heat

sources in the lithium-ion batteries, including reaction heat caused by the entropy change

during discharge (qrea), the ohmic heat roduced by a reduction in ohmic potential (qohm),

and the active polarization heat (qact) produced as a result of the electrochemical reaction
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polarization between electrolytes [235, 236]. The following equations calculate the reaction,

ohmic and active polarization heat generated, respectively.

qrea = Fasj
LiT

dEeq

dT
(8.18)

qohm = σeff

(
∂ϕs

∂x

)2

+ κeff

(
∂ϕe

∂x

)2

+

2κeffRT

F
(t+ − 1)

[
1 +

∂ (ln f)

∂ (lnCe)

]
∂ (lnCe)

∂x

∂ϕe

∂x
(8.19)

qact = Fasj
Liη (8.20)

8.3.3 Coupling of Electrochemical and Thermal Models

Liquid-cooled cylindrical 18650 lithium-ion batteries were simulated in two dimensions. The

chemical parameters of the cell were simulated using a one-dimensional cell model, whereas

the temperature was simulated using a two-dimensional model. The produced heat source

and the average temperature were used to create these two models. The temperature field

distribution within the battery impacted the open circuit potential in the electrochemical

model of the lithium-ion battery, and the irreversible heat generated in the battery reacted

to the temperature field distribution inside [237, 238]. The temperature distribution in the

battery, the cooling channel, and the coolant fluid are all solved using the heat diffusion

equation:

ρCp

(
∂T

∂t
+ u · ∇T

)
+∇ · (−λ∇T ) = qgen (8.21)

in which qgen is heat generated per unit volume of the battery, u is the velocity field obtained

as a solution to the Navier-Stokes equations for an incompressible fluid flowing in the flow

channel. However, for the solid parts (flow channels and batteries), u=0, resulting in purely
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conduction heat transfer. The Navier-Stokes equation is solved in the flow channel and is

given by:

ρu · ∇u = ∇ · (µ(∇u + (∇u)T))−∇P = 0 (8.22)

The thermal model takes into account the movement of cooling liquid in the channel that

surrounds the battery. The connection of the electrochemical heat flow model is accomplished

by transferring the relevant parameters, supposing that the flow characteristics do not change

with temperature but that the fluid flow can alter the rate of heat transfer. In COMSOL

Multiphysics, the flow, heat, and battery electrochemistry are all completely coupled via the

”fluid flow” multi-physics field node.

The boundary condition for the electrochemistry of the Lithium-ion battery was already

presented in the previous sections. The periodic boundary condition is considered at the

top and bottom of the computational domain (red dash line in 8.1b). The inlet side bound-

aries are considered adiabatic. The inlet temperature of the coolant fluid is Tin. The fully

developed flow boundary condition is applied at the channel’s inlet.

8.3.4 Computational Procedure

The governing partial differential equations with initial and boundary conditions were solved

concurrently in the commercial software COMSOL Multiphysics 5.0 using the finite element

technique (FEM). The relationships for the thermophysical properties were implemented

through user-defined functions in COMSOL. The model equations were implemented in

COMSOL using the ‘Lithium-ion Battery,’ ‘Heat Transfer,’ and ‘Fluid Flow’ modules. The

overall mesh for the two-dimensional model for heat and mass transport calculations was

created using free meshing with tetrahedral elements. The simulation model was separated

into three calculation domains— a one-dimensional (1D) battery electrochemistry domain,
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a two-dimensional (2D) solid domain, and a fluid domain, each discretized in very small

elements. To assess the accuracy of the numerical findings and computation time, the mesh

size and time step dependency of the solution were examined. It was optimized with three

sequentially decreasing mesh sizes, and the final values were used because additional mesh

size reduction had no significant effect on the findings. The mesh size was lowered around

the solid contacts with the cooling fluid medium to decrease calculation error. The largest

and smallest mesh element sizes used in this investigation were 0.001 m and 7.25 ×10−5 m,

respectively, which were small enough to yield accurate mesh-independent solutions.

The time domain was discretized using the lines approach, and the time-stepping algorithm

automatically switched between explicit and implicit methods depending on the task. The

time-stepping approach was adaptive in terms of the order, and the time step itself was

adaptable in terms of size, depending on how the solution evolved over time. The maximum

time step is configured as 30 seconds; however, at the first stage of convergence, the solver

automatically sets the time step to a very small number, on the order of 10−3 seconds.

8.4 Stochastic MPC Methodology

The development of the stochastic MPC consists of two components: surrogate modeling

based on the physics-based model presented in Section 2, a probabilistic forecasting and

MPC methodology, which are discussed in the two subsections that follow.

8.4.1 Surrogate Modeling

The goal of surrogate modeling is to capture the essential physics in constructing functional

relationship for the maximum temperature with the volumetric flowrate and the discharge
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current. Since the surrogate model does not involve solution of coupled systems of partial

differential equations, the model can be run quickly for real-time decision making in battery

thermal management.

In a typical driving cycle, the battery discharge follows a controlled charging profile. In the

US06 cycle considered in this study, the battery is charged to 80% state of charge (SOC)

during the controlled charging phase, which is then subjected to a dynamic discharge profile.

For constructing the surrogate model, computational simulations were run using the physics-

based model for 25 sampled combinations of the discharge current, 0 ≤ Cd ≤ 4 A (as in the

US06 driving cycle) and coolant flow rate, 0 ≤ Q ≤ 15 cm3/s, both considered to be uniform

distributions in their respective ranges. The coolant inlet temperature, Tin, was kept at

40 ◦C, to simulate driving in a high temperature ambient environment. For each run, the

maximum temperature, Tmax, was recorded to construct the relationship with |Cd| and Q.

Note that since the discharge is conventionally negative values of current, the absolute value

was used in the modeling.

Figure 8.2a represents contours of the maximum temperature in a battery pack, obtained

from the computational model for each unique combination of |Cd| and Q. The figure shows

that for any discharge current, |Cd|, a lower coolant flow rate, Q, has a higher maximum

battery pack temperature, Tmax, due to poor thermal transport, and that with an increase in

|Cd|, the maximum temperature increases for any given Q. For illustration of the stochastic

MPC approach, a linear regression-based surrogate model is trained on the data set, in which

|Cd| and Q are the inputs to the surrogate model, and Tmax is the desired objective to be

monitored in the MPC. The obtained surrogate model is given by: 39.55089− 0.0907×Q+

1.82195× |Cd|.

Figure 8.2b compares the predictions of the maximum temperature by the surrogate model

with that from the physics-based computational model for the 50 combinations of coolant
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Figure 8.2: (a) Response surface of maximum temperature, Tmax, with respect to |Cd| and Q,
obtained from the physics-based computational model, for Tin = 40◦ C, and (b) Comparison
of surrogate model based Tmax prediction with physics-based estimation of Tmax

flow rate and discharge current. In the plot, the solid line diagonal to the plot frame repre-

sents the line of exact agreement, and the dashed lines are ±1 ◦C error bands. The trained

surrogate model predicts Tmax with ±0.96 ◦C average error with respect to the exact value

from the physics-based computational model, as seen in Figure 8.2b. Furthermore, the linear

surrogate model requires an insignificant computational time without compromising accu-

racy. The developed surrogate model is integrated with the stochastic control algorithm to

provide physics-informed control.
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8.4.2 Probabilistic Forecasting and MPC

The overall approach of stochastic MPC is illustrated in Figure 8.3. The US06 discharge

profile is the dynamic discharge rate from a battery that has charged close to 80% based

on the US06 highway schedule. Furthermore, the US06 considers one representative driving

pattern, from which individual variations exist among drivers in practice. Therefore, the

driving schedule in reality is uncertain around the US06 profile. The model predictive

control thus requires an estimation of Cd at future time instants in order to plan and enact

control actions. To this end, the US06 profile data is used to train a machine learning model

that looks back at a past window in the time series and predicts the value of Cd at a desired

future time instant.

In the present implementation, a quantile regression-based machine learning approach is used

[239], where the quantile regression model is first trained on several subsampled time series of

11 seconds duration from the US06 discharge profile in which the first 10 seconds of the time

series is the input, and the value at the 11th timestamp is the desired output. Specifically, a

light gradient boosting method (LGBM) is used to correlate the history of discharge current,

Cd, over the past ten seconds to the different future, one-second ahead, quantiles, thereby

creating a probabilistic forecast of the one-second-ahead discharge current. The LGBM’s

hyper-parameters are determined in a systematic way using a K-fold cross-validation-based

approach [179]. In a K-fold approach, the training data is partitioned into five groups,

of which one is kept for validation, and the remaining four are used for training, and the

process is repeated until each group has been validated on. The optimum combination of

hyper-parameters that leads to the least average prediction error across each iteration is

chosen to build a robust model.

The output of such a model is the discharge current one second ahead at various quantiles,
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Figure 8.3: Schematic of the stochastic model-predictive temperature control architecture
with probabilistic forecast of discharge current.

which forms a non-parametric probabilistic distribution. A non-parametric distribution is a

type of distribution that doesn’t fit well with the standard family of parametric distributions

[87]. Similarly, the prediction at further than one-second horizon is carried out recursively,

whereby the one-second-ahead prediction is added to 9 previous historical discharge current

values to predict the two-second-ahead discharge current distribution, and so forth. Thus,

the predictions at the previous time instants become input to predict the quantiles in future

timestamps. Here, each timestamp consists of a 1-second interval. The uncertainty in Cd, as

a result, grows with time into the future, shown by the progressively increasing uncertainty

band in Figure 8.3 with the orange shade. A discharge current value at the 99% quantile
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is picked at all timestamps to create robust control so as to minimize or avoid the number

of times Tmax overshoots a set critical limit, T ∗ in Figure 8.3. The orange-shaded region in

Figure 8.3 shows the probabilistic spread of discharge current, and the solid orange line shows

the worst-case pick (taken to be the value at the 99-th percentile from the distribution).

In the figure, ∆tc represents the control interval, i.e., Q is changed after every ∆tc time

interval, and ∆tI represents the thermal inertia, i.e., the amount of time it takes to see the

effect of Q on Tmax. Hence, Q remains constant during the ∆tc interval as shown in Figure

8.3. The figure depicts the particular case when ∆tI is larger than ∆tc, and the blue dots

in the figure are instances where the decisions on the change in Q are made. The decision

of Q in the [t0, t0 + ∆tc(t1)] window is governed by the maximum discharge current in the

[t+∆tI , t+∆tc+∆tI ] window. The controller uses the surrogate model to map the forecast

max(|Cd|) and Q to Tmax, in which Q is minimized so as to keep Tmax within a defined

threshold value, T ∗, taken to be 45◦C in most of the cases presented in this study. Different

case studies on the US06 were performed to see the effectiveness of the proposed stochastic

model, as described in the following section.

8.5 Results and discussion

The results are presented in this section considering battery thermal management during

a US06 drive cycle over a 2.7 hour window. Before investigating the stochastic MPC, a

simple approach of keeping a constant coolant flow rate is analyzed for a reference cooling

configuration without any control. Figure 8.4 shows the discharge current (Figure 8.4a) and

maximum temperature (Figure 8.4b) for the case of constant coolant flow rate of Q = 1 cm3/s

(Figure 8.4c), during the first 600 seconds. It is seen that the Tmax overshoots the 45 ◦C

threshold at several instances during the first 600 seconds. Analysis over the entire 2.7-hour



8.5. RESULTS AND DISCUSSION 203

window reveals that there are 77 time instances where Tmax exceeds 45 ◦C. Furthermore, the

total amount of consumed coolant, Qv, obtained as
∫ 9,800s

0s
Q ·dt, is 9800 cm3. The consumed

amount of coolant is treated as a measure of the energy consumption.

Figure 8.5 shows the case of adaptive control with persistence forecast, which is commonly

used in meteorology, such as making of the forecast of daily temperature, average humidity

[240], wind power production from wind forecast [241]. In the persistence forecast, the value

of Cd at the next time instant is assumed to be the same as that at the current instant.

Though persistence forecast is deterministic, an approach of considering error distribution

and making samples from that distribution to create uncertain realization is adopted to

make robust decisions. The error distribution is typically formulated from the historical

data on errors between forecast and actual values. Sampling from this distribution to create

different realizations is undertaken to hedge against the plausible variation. In the case of

robust decisions, sampling is carried out from the tail part of the distribution.

Figure 8.5a shows the actual Cd and a robust persistence forecast as a red colored line,

derived by modifying the persistence forecast with the maximum error magnitude, taken

to be the 99th percentile from the error distribution function. The figure shows the result

for the first 600 seconds assuming the control is carried out at every ∆tc = 10 s, and with

thermal inertia, ∆tI of 10 s. Figure 8.5b shows that the number of instances of excursions

above 45◦ C has been reduced through the use of persistence forecast. Over the 2.7-hour

period of analysis, it is found that the total number of time instances when Tmax is above

45◦C is reduced to 49. Figure 8.5c presents the variation of the coolant flow rate over the

initial 600 s, where it is seen that the flow is kept turned off and the periods of non-zero

coolant flow rate correlate to periods of high discharge current in Figure 8.5a. Coolant flow

rate as high as 38 cm3/s is invoked in the control schedule, as seen in Figure 8.5c. Integrating

the flow rate over the 2.7 hour period, the total coolant usage, Qv, evaluates to 34,300 cm3,
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a three-fold increase as compared to the use of a constant flow rate of Q = 1 cm3/s (Figure

8.4).

Figure 8.6 shows the stochastic model-predictive control with a probabilistic forecast using

the approach presented in the previous section. The probabilistic forecast is created using a

light gradient boosting model, and a 99-percentile Cd is chosen for deciding on adaptive Q.

Figure 8.6a shows the forecast Cd at every ∆tc = 10 seconds. Comparing this forecast with

Figure 8.5a, it is evident that the developed probabilistic forecast is effective in capturing

the worst-case scenarios more closely and with less conservatism as compared to Fig. 8.5a.

From Figure 8.6b, it is seen that the number of overshooting instances of Tmax is reduced in

the displayed first 600 seconds duration.

Figure 8.6c shows that the flow rate is kept zero except for a few instances that correspond

to the forecast extreme discharge currents in Figure 8.6a. The peak flow rate is limited to 20

cm3/s, considerably less than the maximum in the case of persistence forecast (Figure 8.5c).

The total amount of coolant required to achieve the control is also seen to have reduced

compared to Figure 8.5. Over the entire 2.7-hour period, the total number of maximum

temperature overshoot instances is 24, which is one-third that in the case of a constant

coolant flow rate case and about half that with persistence forecast-based control. The total

coolant required, Qv, is 9,400 cm3, which is a nearly 73% reduction from the coolant required

with the persistence forecast (Figure 8.5). Note that the flow rate of Q = 1 cm3/s considered

for the constant flow rate case in Figure 8.4 was chosen to be nearly the same as the average

flowrate obtained with the stochastic MPC for a fair comparison. Overall, the stochastic

MPC significantly improves battery thermal management both in terms of the number of

overshoot instances and the total Qv over persistence forecast-based control as well as the

constant flow rate based cooling.

So far, the analysis has been performed with a control interval (∆tc) of 10 seconds and a
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thermal inertia (∆tI) also of 10 seconds. It is worth mentioning that the control interval

is a parameter governed by the controller’s design, and thermal inertial is governed by the

design of the battery pack. Both of these parameters could be optimized to get the optimal

control performance, which could be incorporated into the design phase. To this end, studies

were conducted by systematically varying the two control intervals independently for several

combinations of ∆tc and ∆tI , each in the interval 1 s to 20 s. In each simulation, the number

of temperature excursions above 45 ◦C and the total coolant usage during a three-hour US06

cycle were considered.

Figure 8.7 presents the results with persistence forecast, where Figure 8.7a shows the contours

of the number of temperature overshoot instances. The abscissa represents thermal inertia,

∆tI , and the ordinate represents control interval, ∆tc. It is seen that the overshoot instances

are above 30 for all parametric combinations, and the thermal inertia has a relatively little

effect on the number of overshoot instances. The optimal ∆tc is observed around 5 seconds,

with the number of overshoot instances increasing sharply for ∆tc < 5 s or ∆tc > 5 s. Figure

8.7b shows contours of the total Qv, and suggests that ∆tc of about 14–15 s minimizes the

total coolant usage to be about 25,000 cm3, regardless of the thermal inertia.

Following the same format as Figure 8.7, Figure 8.8 shows the results for probabilistic

forecast-based stochastic MPC developed in this study. Unlike with persistence forecast,

this method shows a distinct dependence on thermal inertia for both temperature excursion

instances (Figure 8.8a) and total Qv (Figure 8.8b). Figure 8.8a shows that the number of

temperature overshoot instances is dependent on the thermal inertia (∆tI) for smaller values

of the control interval, ∆tc, whereas at the larger values of ∆tc, the dependence on ∆tI is

seen to be weak. The overshoot instances are high for the larger values of control interval

towards the top of Figure 8.8a. The maximum value of such instances is 64 for ∆tc = 20 s,

and the minimum is 20 for ∆tc =15 s. Figure 8.8b shows that the total Qv over the 2.7-hour
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US06 drive schedule ranges from 1,470 to 11,450 cm3, which is significantly smaller than that

in Figure 8.7. Thus, probabilistic forecasting-based stochastic MPC offers the opportunity

to reduce the incidences of temperature overshoot as well as the total coolant flow.

It is evident from Figures 8.7 and 8.8 that the combinations of (∆tc, ∆tI) that minimize

the number of instances of temperature overshoot and those that minimize the coolant

usage are not identical. In persistence-based control, ∆tc = 5 s (Figures 8.7a) minimized

the number of temperature overshoots (≈ 25), for which Qv ≈ 30, 000 cm3 (Figures 8.7b),

whereas ∆tc of 14–15 s minimized Qv ≈ 25, 000 cm3 (Figures 8.7b), for which the number

of overshoots is about 55 (Figures 8.7a). Similarly, in probabilistic forecast-based stochastic

MPC, ∆tc = ∆tI = 1 s, minimizes Qv ≈ 2, 200 cm3, for which the number of overshoots

is the maximum, about 55, and likewise, the combination of control interval and inertia

timescale that minimizes the number of overshoots does not correspond to the minimum

Qv. Further, it is of interest to maximize the control interval so as to minimize the number

of control actions (that correlates to controller cost and longevity). In order to investigate

controller and system designs that minimize both the temperature overshoot over 45 ◦C as

well as the coolant usage Qv (expressed in units of 1000 cm3), while maximizing ∆tc, an

overall performance figure of metric (FOM) is defined as

∑
t

max(Tmax − 45, 0) · 1

∆tc
· Qv

1000

Figure 8.9 presents contours of the FOM for (a) persistence forecast-based control and (b)

probabilistic forecast-based stochastic MPC. The plots show the variation of FOM with

the control interval (∆tc), which is related to the design of the controller, and thermal

inertia (∆tI), which is related to the design of the battery pack. The regions where the

combinations of these two parameters offer the small values of the FOM are considered
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opportunistic design spaces, such that the larger the design space, the greater the flexibility

in designing the controller and battery pack. Figure 8.9a shows that approximately 70% of

the area has a FOM value of less than 140, and the FOM ranges from about 26 to 1400.

The minimum value of FOM is 26.81 for a persistence forecast-based approach, as shown in

Figure 8.9, which happens at ∆tc is equal to 5 sec, and ∆tI is equal to 20 sec. In the case

of the probabilistic forecast-based stochastic MPC, Fig. 8.9b, about 90% of the design space

corresponds to a low value of FOM < 140, and the FOM values range from about 5.28 to

337.93. The minimum value of FOM for the probabilistic forecast-based approach is 5.28, as

shown with a red dot in Figure 8.9b. Figure 8.9 demonstrates the flexibility of the stochastic

MPC developed in this study in accommodating a wide range of controller and battery pack

thermophysical parameters.

In the discussion thus far, the maximum temperature constraint in the controller was kept at

T ∗ = 45◦C, for which the stochastic MPC was shown to reduce the number of temperature

overshoots compared to other methods. One way to eliminate temperature overshoots be-

yond 45◦C is to trigger the control action on the coolant flow with a lower target (set-point)

maximum temperature to ensure that the maximum temperature always stays below 45◦C.

A study was conducted by gradually reducing the constraint value of maximum temperature

from 45◦C to determine the constraint temperature, T ∗, that leads to the controller achiev-

ing zero instances of overshooting 45◦C. For this study, the control and inertia time were

∆tc = ∆tI = 10 s.

Figure 8.10 shows that with persistence forecast, the constraint value needs to be reduced

to T ∗ = 40◦C to achieve the zero overshoot objective throughout the 2.7 hour US06 cycle,

of which the first 600 s are presented. Figure 8.10a further shows that the temperature has

reduced significantly and is uniformly within the 45◦C target. However, Figure 8.10b shows

that the coolant flow rate required to achieve the objective has increased significantly in the
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range ∼20–∼100 cm3/s in comparison to 0–∼40 cm3/s in Figure 8.5c. The total coolant

volume, Qv, over the 2.7 hour period evaluates to 456,200 cm3, thirteen times that required

in Figure 8.5c.

With the probabilistic forecast-based stochastic MPC, reducing the maximum temperature

constraint in the control decision making from 45◦C to 42◦C yields zero excursions above

45◦C during the drive cycle, as shown for the first 600 s of the US06 drive cycle in Figure

8.11a. Correspondingly, Figure 8.11b shows that the coolant flow rate increases to 5–55 cm3/s

compared to 0–20 cm3/s in Figure 8.6c, yet is less than that required with the persistence

based control in Figure 8.10b. The peak value of 55 cm3/s is about half of the peak flow rate

in the case of persistence forecast-based control. Over the 2.7 hour drive cycle, the total Qv

using stochastic MPC to achieve zero overshoots is 263,670 cm3, which is a 58% reduction

as compared to persistence forecast-based control.

The results presented in this section demonstrate that, overall, the stochastic MPC approach

developed in this study offers a more flexible solution to battery thermal management by

reducing or eliminating thermal overshoot instances. Although the control methodology

was illustrated by considering specific cases, such as coolant inlet temperature of 40 ◦C, the

control framework is generalizable more broadly to other situations with relevant constraints.

As driving patterns are inherently uncertain, the approach presented here is of much practical

significance.

8.6 Conclusions

A stochastic MPC approach was developed that used probabilistic forecasting of discharge

current interactively with a drive cycle and utilized physics-based information embedded

in a surrogate model to arrive at control decisions on the coolant flow rate, so as to limit
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temperature excursions in the battery pack. The stochastic MPC was shown to improve

significantly over a constant flow rate approach to battery cooling as well as a persistence

forecast based control. The number of temperature overshoots were reduced by about 69%

and by over 51%, respectively, compared to a constant flow rate and persistence forecast-

based control strategies. Additionally, the total coolant requirement, which relates to energy

consumption, was reduced by over 73% using the stochastic MPC as compared to persistence

forecast-based control.A systematic parametric study was conducted to visualize the design

space in terms of a figure of merit that encapsulates considerations of minimizing tempera-

ture excursions, minimizing coolant requirement, and minimizing the control frequency. It

was shown that the stochastic MPC provides much more flexibility in deciding the design

parameter of the battery pack and controller to achieve optimal results. The study presents

a framework for robust battery thermal control under uncertainty that has broad relevance

to practice.
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CYCLE

Figure 8.4: Control based on a constant coolant flow rate: (a) discharge current, (b) maxi-
mum temperature, and (c) volumetric flow rate in the first 600 s of the US06 drive cycle.
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Figure 8.5: Control based on persistence forecast of Cd, for ∆tc = ∆tI = 10 s: (a) discharge
current, (b) maximum temperature, and (c) volumetric flow rate in the first 600 s of the
US06 drive cycle.
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CYCLE

Figure 8.6: Stochastic MPC based on probabilistic forecast of Cd, for ∆tc = ∆tI = 10 s: (a)
discharge current, (b) maximum temperature, and (c) volumetric flow rate in the first 600 s
of the US06 drive cycle.
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Figure 8.7: (a) Total number of temperature overshoot instances and (b) total Qv in units of
1000 cm3 for different combinations of ∆tc and ∆tI in a persistence forecast-based control.

Figure 8.8: (a) Total number of temperature overshoot instances and (b) total Qv in units of
1000 cm3 for different combinations of ∆tc and ∆tI in a probabilistic forecast-based stochastic
MPC.

Figure 8.9: Figure of merit for (a) persistence forecast-based control and (b) probabilistic
forecast-based stochastic MPC.
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Figure 8.10: Persistence forecast-based control with ∆tc = ∆tI = 10 s, for achieving zero
temperature overshoot instances: (a) maximum temperature and (b) volumetric flow rate in
the first 600 s of the US06 drive cycle.
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Figure 8.11: Probabilistic forecast-based stochastic MPC ∆tc = ∆tI = 10 s, for achieving
zero temperature overshoot instances: (a) maximum temperature and (b) volumetric flow
rate in the first 600 s of the US06 drive cycle.



Chapter 9

Summary and Future Work

The dissertation presents machine learning-based methods to improve power system oper-

ation under high renewable penetration at the bulk and distribution levels. On the bulk

power system front, the computational time overhead related to stochastic optimization has

been addressed for both single bus and multi-node electric grid systems. In addition, the ac-

curate method of dynamic reserve estimation has also been proposed for variable renewable

generation and demand uncertainty.

First, on the scenario reduction front, statistical accuracy is achieved with a significantly

reduced number of scenarios (20 vs. 7000). The optimum parameters are derived with

reference to a typical day in the RTS-GMLC dataset. The effectiveness is validated on a

yearly variation of the power profiles from RTS-GMLC and CAISO datasets. The uncertainty

in estimating distribution moments has also been reduced to 2-4.5% based on peak daily

power. Second, The reduction in computational time on the single bus system is sought by

creating a hybrid data-driven and physics-based approach. Compared to the exact model,

the proposed hybrid method considering 1000 stochastic scenarios yields the solutions in a

short time of 10 s compared to 24 h for the exact solution with only 400 scenarios. The

proposed quick solution is also comparable with the exact solution. In the present work, the

wind and solar uncertainty are considered independently. The method presented here may

be readily extended to the case of combined wind and solar uncertainty that may be pursued

in a future study. Third, a method is proposed to improve the formulation of the cluster

216



217

to reduce the first and second-stage costs in two-stage stochastic programming in a multi-

bus electric grid system. Scenarios are derived through importance sampling from improved

clusters, preserving spatial correlation. The approach avoids the over-conservative nature

of decisions while still being enough conservative. Fourth, a re-forecasting-based dynamic

reserve estimation is proposed, reducing the reserve by 67% on a CAISO dataset. As a

system-level metric, the risk associated with the shortage in net demand was also seen to be

reduced by about 20% on average using the present method as compared to the traditional

approach.

On the distribution side, first, a gap in the literature on identifying the potential solar PV

adoption is addressed by proposing a novel method that incorporates several aspects: (1)

Generative Adversarial Network-based data augmentation, (2) Light gradient boosting-based

ensemble learning method, and (3) Focal-loss based training to address the class imbalance.

High accuracy was demonstrated with the ω (TPR+TNR) of 1.95 (ideal value is 2) and

accuracy values greater than 94%, which is an improvement by over 22% compared to the

logistic regression-based approach reported in the literature. Second, a novel data-driven-

based surrogate model is developed to predict the end-use load in buildings. It overcomes

several shortcomings of existing methods in model generalization, prediction of peak and

base loads, and the ability to handle big data. The improvement in the overall accuracy

is found to be by 53% more than a reference decision-tree-based surrogate model. The

proposed method offers a significant opportunity for its application in building design, un-

certainty quantification, and real-time control. Third, the application of developed uncertain

scenario generation and stochastic optimization on the bulk power systems is extended to

the application of battery thermal management in Electric vehicles (EVs). This is the first to

consider the uncertainties in the drive schedule cycle on battery thermal management. The

developed stochastic approach reduces the total number of temperature overshoots by about
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69% compared to the constant mass flow case and by over 51% compared to a persistence

forecast case.

9.1 Future work

The dissertation demonstrated the application of machine learning methods for computation-

ally efficient and accurate uncertainty quantification and forecasting in a sampling of topics

related to the clean energy transformation. Various aspects were covered, such as hybrid

data-driven and model-based approaches for better accuracy and computational efficiency,

maintaining temporal and spatial correlation in time-series data, creating computationally

efficient tools, and addressing data sparsity. Machine learning based reduced-order models

were also presented.

The methods developed in this work could readily be generalized to different applications

where data, which are temporally and sometimes spatially correlated, are to be infused with

model-based information for better predictive control under uncertainty. Examples include

the following:

• Monitoring and control of structures subjected to stochastic and dynamic load, e.g.,

bridges, buildings, aircraft wings, etc., where real-time sensor data can be fused with

computational models or reduced-order machine learning models as presented in this

work.

• Manufacturing and materials processing problems are replete with uncertainty and the

need for data-driven process improvement, control and robustness. The processes also

involve time-series of machine drifts that are both structured as well as unstructured,

for which the methods of time-series forecasting and uncertainty quantification and
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control developed in this work are germane.

• The concepts could even be transferred to non-engineering problems, such as optimizing

the risk of the financial portfolio under market uncertainty, where the methods of

preserving temporal correlation on the market and preserving spatial correlation on

the region geographically close to each other while computing uncertainty could be

applied. The prediction accuracy could be improved by pruning a much larger set of

exogenous parameters, such as geopolitical news, perception of humans, etc.

• Supply chain is another field where the proposed methods could easily be transferred.

Temporal and spatial correlation and creating computationally efficient tools for op-

timization of resources under uncertainty are some of the issues in this field that are

similar to the theme of this dissertation.

These are just a few in a vast space of applications that could potentially use the methods

developed in this dissertation. The novel methods and tools presented in this dissertation,

therefore, bear a very broad relevance.
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