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Abstract Estimating the potential load curtailments as a

result of hurricane is of great significance in improving the

emergency response and recovery of power grid. This

paper proposes a three-step sequential method in identify-

ing such load curtailments prior to hurricane. In the first

step, a twin support vector machine (TWSVM) model is

trained on path/intensity information of previous hurri-

canes to enable a deterministic outage state assessment of

the grid components in response to upcoming events. The

TWSVM model is specifically used as it is suitable for

handling imbalanced datasets. In the second step, a poste-

rior probability sigmoid model is trained on the obtained

results to convert the deterministic results into probabilistic

outage states. These outage states enable the formation of

probability-weighted contingency scenarios. Finally, the

obtained component outages are integrated into a load

curtailment estimation model to determine the expected

potential load curtailments in the grid. The simulation

results, tested on the standard IEEE 118-bus system and

based on synthetic datasets, illustrate the high accuracy

performance of the proposed method.

Keywords Hurricanes, Machine learning, Power system

resilience, Predictive analytics

1 Introduction

The catastrophic consequences of hurricanes, including

lost businesses, impeded emergency services, lost output

and wages, delayed production, and damaged infrastruc-

ture, have continuously and consistently called for invest-

ments to enhance power system resilience [1]. Predicting

the potential impact of hurricanes on the power system

operation is a fundamental step in resource management

and scheduling in response to these catastrophic events.

This is a challenging task as several factors are involved in

hurricane modeling and the behavior and aftermath of the

events may not be easily achievable. Historical data on

previous hurricanes become invaluable under this circum-

stance to model and predict the impact of the hurricane on

the power system. Given the amount of data that exists on

previous hurricanes and the complexity of the system,

machine learning can be a viable tool to tackle this prob-

lem. Machine learning is an application of artificial intel-

ligence (AI) that provides the system with the ability to

learn from historical data and make predictions without

being explicitly programmed.

The notion of resilience is originally initiated by Holling

[2] in ecological systems. Holling described the concept of

resilience as the ability of a system to absorb an external

shock and return to the normal condition in the least pos-

sible time. The National Academy of Sciences defines

resilience as ‘‘the ability to plan and prepare for, absorb,

recover from, and adapt to adverse events’’ [3]. In [4], the

purpose of resilience engineering is described as predicting

the different risks of changes before failures happen. In
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particular, in power systems, the resilience is defined as the

system’s capability to sustain external shocks such as

hurricanes while ensuring the least possible load supply

interruptions and returning to normal operation promptly

[5]. Having a precise prediction of the potential impacts of

an upcoming hurricane plays a vital role in improving the

power system resilience by helping identify the most effi-

cient resource allocation [6].

Resource allocation before and after a hurricane is a

well-studied topic in power systems. In [7], a proactive

resource allocation model is proposed to repair and recover

power system infrastructure located in a hurricane-im-

pacted region, attempting to develop a decision-making

tool which ensures the least potential damages in an effi-

cient manner. In [8, 9], a proactive recovery framework of

power system components is presented based on a

stochastic model for operating the components prior to the

event, followed by a deterministic recovery model to

manage the available resources after the event. In [10], an

optimal restoration model is proposed to minimize the

economic loss due to power supply interruptions during the

post-disaster phase. In [11], a decision-making model is

introduced based on unit commitment constraints and

system configuration. The objective of the proposed model

is to determine the optimal repair schedule after an extreme

event and during the restoration phase.

Pre-hurricane scheduling specifically plays an important

role in improving system resilience. A resilience-con-

strained unit commitment (RCUC) model is proposed in

[12] which ensures a resilient supply of loads even in case

of multiple component outages. In [5], an event-driven

security-constrained unit commitment (E-SCUC) model is

presented which finds an optimal schedule of available

resources in case of multiple component outages due to an

extreme event. In [13], a probabilistic approach is intro-

duced to estimate the effect of standby units, interruptible

loads, postponable outages and margin time on the well-

being of a generator. The well-being of a system is further

quantified in terms of health and margin, as well as several

predefined system risk indices. In [14], a two-stage

stochastic programming approach to obtain the optimal

scheduling of a resilient microgrid is proposed which

mitigates damaging impacts of electricity interruptions by

effectively exploiting the microgrid capabilities. In [15],

the role of networked microgrids as distributed systems is

investigated for enhancing the power system resilience in

order to respond effectively in emergency conditions. In

[16], a framework for analyzing the power system resi-

lience is proposed to illustrate how microgrids can help

enhance its resilience in extreme conditions. A machine

learning method is proposed in [17] to assist with the pri-

oritization of maintenance and repair work by forecasting

the risk of failures for components, which is considered

beneficial for power companies. The main machine learn-

ing based forecasting techniques for power system appli-

cations are reviewed in [18]. Available forecasting

techniques have been discussed with a focus on electricity

load and price forecasting in electricity markets in Aus-

tralia and the U.S.. The neutral online visualization-aided

autonomic (NOVA) evaluation framework is further pro-

vided for evaluating machine learning algorithms for

power systems preventive maintenance to improve relia-

bility [19].

In many engineering problems, including the hurricane

modeling problem, a closed-form problem formulation

may not be readily available. Machine learning is capable

of making forecast through data processing algorithms

which can categorize the data for supervised learning

(classification), unsupervised learning (clustering) and

regression modeling (forecast the output of the system

according to its prior actions and historical data) [20].

Machine learning approaches have been used for several

applications in power and energy sectors [21]. Security

assessment is one of the earliest examples of using machine

learning in power systems [22, 23]. Forecasting emerges as

another valuable application of machine learning, mainly

using decision tree induction and nearest neighbor classi-

fiers [24]. In short-term load forecasting, multitudes of

artificial neural network (ANN) models are proposed

[25–27]. Wind power is also forecasted by machine

learning [28]. Other cases of machine learning applications

include risk analysis in power systems using regression

models and ANN [29], distribution fault detection using

ANN and support vector machine (SVM) [30], and power

outage duration estimation using regression trees [31].

In many of the related works on hurricane modeling, the

impact of the hurricane on the power system is the input to

the model or determined by a stochastic model. Machine

learning, however, is recognized as an efficient method in

predictive analytics and data analysis to identify the like-

lihood of future outcomes based on historical data [21]. In

particular, SVM is a popular machine learning method for

data classification (supervised learning) which is developed

on the basis of statistical learning theory and structural risk

minimization [32, 33]. SVM has numerous advantages

such as providing a global solution for data classification as

well as great generalization capability. The achieved

results in several studies illustrate SVM as one of the most

accurate methods in several applications such as generation

forecasting [34, 35], load forecasting [36], fault detection

[37], power quality disturbance monitoring [38], and

transient stability analysis [39]. SVM has also shown a

superior performance in predicting possible outages of

power system components in response to extreme events

[40]. In [41], a three-dimensional SVM is proposed to

predict the outage of power system components in response
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to an extreme event, where its accuracy–uncertainty

tradeoff is leveraged to achieve more precise results.

Despite the good performance of SVM in several

applications, the performance of SVM drops significantly

when faced with imbalanced datasets, for example when

the number of negative instances far outnumbers the pos-

itive instances, or vice versa [42]. Twin support vector

machine (TWSVM) is the answer to this, as an efficient

machine learning approach which is suitable for complex

classification problems. TWSVM classifies the patterns of

two classes by using two non-parallel hyperplanes [43].

Since two hyperplanes are defined as representatives of

each class, TWSVM can handle imbalanced datasets much

better than the traditional SVM [44].

In this paper, a TWSVM classification method is trained

to find the operational state of each component by con-

sidering the path and the intensity of the hurricane, as well

as the distance of each component from the center of the

hurricane. A posterior probability model is consequently

applied to the output of the TWSVM model to estimate the

outage probability of each component. Having an accurate

estimation of probable outages plays a vital role in

responding to an upcoming hurricane.

Unlike the existing work on outage prediction and

extended outage consideration in security-constrained unit

commitment (SCUC), including the previous work of

authors in [5, 6], this paper considers the probability of

outage obtained by a machine learning approach in

scheduling. TWSVM is chosen for its performance in

complex intertwined classification problems and when

dealing with imbalanced datasets. This can be potentially

problematic since the data of past hurricanes are imbal-

anced, i.e., the number of non-operational components is

far less than the number of operational components. The

merit behind proposed probabilistic load curtailment esti-

mation model is that it considers all contingency scenarios

with their probability and hence the most probable scenario

or the scenarios with most load curtailment can be recog-

nized. The predicted outage and estimated outage proba-

bility can be useful for electric utilities to assess their risk

and allocate necessary resources and repair crews to pre-

pare for and recover from hurricanes in a considerably

shorter time-frame.

The rest of the paper is organized as follows: Section 2

presents the model outline and formulation of the proposed

machine learning method for outage prediction. Section 3

presents simulation results on a test system, and Section 4

concludes the paper.

2 Proposed model

The goal of this section is to determine the probable load

curtailments in a power system as a result of hurricane-

caused component outages. The considered components

include, but are not limited to, transmission lines, genera-

tion units, and substations. The problem is solved in three

consecutive steps. In first step, a TWSVM model [44, 45] is

trained on historical outage data to help classify the oper-

ational state of components after the hurricane.

The speed of the hurricane and the distance of each

component from the center of the hurricane are used to

predict the probability of outage for each component. The

output of the TWSVM model will be a list of 0/1 values,

showing whether each component is operational or on

outage, however it provides no information on the outage

probability. To estimate the outage probability for each

component, a posterior probability sigmoid model [46] is

applied in second step to the output of the first step. The

category and the path of the upcoming hurricane in this

step are obtained from weather forecasting agencies. In

third step, the obtained component outages and their

associated probabilities are integrated into a probabilistic

load curtailment estimation model to estimate the nodal

load curtailments and thus help identify the areas that will

potentially be impacted by the hurricane.

2.1 TWSVM

The SVM method has numerous advantages including

the ability to provide a global solution for data classifica-

tion. It generates a unique global hyperplane by solving a

quadratic programming problem (QPP) to separate the data

samples of different classes rather than local boundaries as

compared to other existing data classification approaches.

Due to its performance, SVM is one of the most widely-

used classification techniques in data mining. One of the

main challenges with the traditional SVM, however, is that

it solves only one QPP problem to classify the data, which

may not be suitable in cases of imbalanced data.

Although SVM often produces effective solutions for

balanced datasets, it is sensitive to imbalance in datasets

and produces suboptimal results [47]. In other words, the

separating hyperplane of an SVM model trained with an

imbalanced dataset can be skewed towards the minority

class [48], and hence the performance of that model is

degraded with respect to the minority class. Several

approaches in literature have been proposed to improve the

SVM performance when dealing with imbalanced dataset

classification [47]. These approaches can be categorized as

data processing approaches (such as resampling methods

[49] and ensemble learning methods [50]), algorithmic
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approaches (such as different error cost [48] or z-SVM

[51]), and hybrid approaches (such as hybrid kernel

machine ensemble [52]). Despite the performance

improvement of these approaches, the suboptimality of the

soft-margin is an inherited problem of SVM and majority

of these approaches require an expert understanding of data

shape and empirical parameter tuning, e.g., setting a proper

weight for each class, or finding best ensemble size.

A viable alternative to SVM is TWSVM, as a machine

learning approach suitable for complex intertwined classi-

fication problems, which classifies the patterns of two

classes by using two non-parallel hyperplanes [43]. The

biggest advantage of TWSVM, in addition to the training

speed, is its ability to handle imbalanced datasets [44]. This

is because each class has its own representative hyperplane

instead of one hyperplane separating two classes from each

other, and therefore TWSVM can classify underrepre-

sented classes better than traditional SVM, especially when

the classes are intertwined. Since TWSVM classifies the

data using two hyperplanes, it solves a pair of QPPs instead

of a single complex QPP as in traditional SVM. Comparing

to a traditional SVM over benchmark datasets, TWSVM

has shown comparable performance while being approxi-

mately four times faster [44, 45]. TWSVM has shown

improvement in several practical applications such as

classification of biomedical data [53], gesture classification

[54] speaker recognition (i.e., personal identity from the

speech signal) [55], and image analysis [56], to name a

few. Figure 1 illustrates a traditional linear classifier SVM

and TWSVM in separating two classes. As shown, tradi-

tional SVM does not take the data skewness into account

and the separating hyperplane is the one that represents the

largest margin between two classes.

The goal of TWSVM in a binary classification problem

is to construct two non-parallel planes for each class such

that each hyperplane is closer to the data samples of its

representative class while distant from the samples of the

other class [43]. The distances between the samples and

both non-parallel hyperplanes are compared to determine

the category of each sample.

Consider a binary classification problem that classifies

m1 training samples belonging to positive class and m2

training samples belonging to negative class in an n-di-

mensional real space Rn, where m1?m2 = m. Let matrices

A1 and A2 represent the training samples of the positive and

negative classes respectively. Since a linear TWSVM seeks

two non-parallel hyperplanes, two hyperplanes h1(x) and

h2(x) are defined as:

hi xð Þ ¼ wT
i xþ di ¼ 0 8i 2 1; 2f g ð1Þ

where wi is the normal vector to the hyperplane

representing training examples of class i; and di is the

bias vector of the separating hyperplanes representing class

i. |di|/||wi| is the perpendicular distance from the

hyperplanes to the origin, ||�|| denotes Euclidean distance.

To find hyperplanes h1(x) and h2(x), such that h1(x) is

closest to the training samples of the positive class and far

from the training samples of the negative class, and h2(x) is

closest to the training samples of the negative class and far

from the training samples of the positive class, the

following QPP is solved for each class:

min
wi;di;ni

1

2
Aiwik þ eidik2þcie

T
j ni

� �
ð2Þ

s.t.

�qi Ajwi þ ejdi
� �

þ ni � ej ni � 0; i 6¼ j ð3Þ

where ci[ 0 is the regularization term to control

overfitting of class i; ei is a vector of ones of appropriate

dimension; ni is slack variable of class i; and qi is the

coefficient of each class where q1=1 for the positive class

and q2 = -1 for the negative class. TWSVM solves two

QPPs problem (2) and (3) separately for each class. If

sample sizes of both classes are approximately equal to m/

2, the complexity of solving these two QPPs in TWSVM

will be O(29(m/2)3). Comparing with the standard SVM

with computational complexity of O(m3) which solves one

QPP problem for both classes at the same time, TWSVM is

approximately four times faster [43]. The objective

function seeks the distance from the sample to the

hyperplane by the square distances (L2-norm), and

minimizes the distance to ensure the hyperplane is as

close as possible to the samples of its own class. The

sample x is assigned to class i if:

wT
i xþ di

�� ��
wT
j xþ dj

��� ���þ
wj

�� ��
wik k\1 8i 2 1; 2f g; 8j 2 1; 2f g; i 6¼ j

ð4Þ

Similar to SVM, kernel method [32] can be applied to

TWSVM. The idea of a kernel method (or as sometimes

called kernel trick) is to map the input feature vector into a

Feature 1

Feature 
2

Feature 
2

Feature 1
(a) SVM (b) TWSVM

Class 1; Class 2; Hyperplane

Fig. 1 SVM and TWSVM for imbalanced dataset in two-dimen-

sional feature space
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higher-dimension space where the classes are linearly

separable. To apply kernel to TWSVM, the QPP problem

of (2) and (3) is formulated as:

min
wi;di;ni

1

2
KðAi;B

TÞwi

�� þ eidik2þcie
T
j ni

� �
ð5Þ

s.t.

�qi KðAj;B
TÞwi þ ejdi

� �
þ ni � ej ni � 0; i 6¼ j ð6Þ

where B=[A1, A2]
T and K is the kernel function. Finding a

proper value of penalty parameter c and the best kernel

depends on the shape of classes, which are often found via

a search method to minimize the error on the test set.

2.2 Posterior probability estimation

To determine the likelihood of a sample belonging to a

specific class, two normalized distances, to each hyper-

plane hi, are defined as:

Di xð Þ ¼
wT
i xþ di

�� ��
wik k 8i 2 1; 2f g ð7Þ

Given the distance between two representative

hyperplanes h1 and h2, two new relative distances can be

defined as:

DþðxÞ ¼ D1ðxÞ þ D2ðxÞ ¼ 0 ð8Þ
D�ðxÞ ¼ D1ðxÞ � D2ðxÞ ¼ 0 ð9Þ

Intuitively, the probability of a sample x belonging to a

certain class depends on its relative distance to the positive

class Dþ and the negative class D�. Two relevant

quantities Dmin(x) and Dmax(x) are then defined by:

Dmin xð Þ ¼ min Dþ xð Þf ;D� xð Þg ð10Þ
Dmax xð Þ ¼ max Dþ xð Þf ;D� xð Þg ð11Þ

Figure 2 shows a sample x and its corresponding relative

distances Dþ xð Þ and D�ðxÞ.
As it is shown, the quantities Dmin(x) and Dmax(x) are

the factors influencing the probability of belonging to the

positive class. In other words, the probability of belonging

to the positive class increases when either Dmin(x) or

Dmin(x)/Dmax(x) becomes larger. Hence, a score function

f(x) can be define as:

f ðxÞ ¼
DminðxÞ

DminðxÞ
DmaxðxÞ

� �k

D1ðxÞ[D2ðxÞ
0 D1ðxÞ ¼ D2ðxÞ

�DminðxÞ
DminðxÞ
DmaxðxÞ

� �k

D1ðxÞ\D2ðxÞ

8>>>>><
>>>>>:

ð12Þ

If D1(x)[D2(x), then the sample belongs to the positive

class, otherwise to the negative class. If Dmin(x) is small

and Dmax(x) is large, it means that the sample is very close

to one of the planes and far away from the other. Hence,

the probability is large, i.e., f(x) becomes a very large

positive number for the positive class and a very large

negative number for the negative class. If Dmin(x) &
Dmax(x), then it means the sample is relatively in the same

distance between these classes and the f(x) is small.

Constant k is the weight parameter. This parameter can be

determined on a validation set. The data is split into three

subsets, training, validation and test. The training set is

used to find separating hyperplanes. Then different values

of k in the score functions f(x) will be evaluated on the

validation set and the best parameter will be tested on the

test subset.

The above formulation can be easily extended to non-

linear TWSVM by considering the kernel-generated sur-

faces instead of the hyperplanes as:

Di xð Þ ¼
wT
i Kðx;BTÞ þ di

�� ��
wT
i KðB;BTÞwT

i

�� �� 8i 2 1; 2f g ð13Þ

Since Dmin(x) and Dmax(x) can be any arbitrary value,

the range of the score function f(x) is (-?, ??). Platt

scaling or Platt calibration is a way of transforming the

score of a classification model into a probability

distribution over classes [57]. Platt scaling finds the

parameters of a sigmoid function which converts the

scoring output of (-?, ??) to a probability of [0, 1]. It

has been shown that Platt method yields probability

estimates that are at least as accurate as ones obtained by

training a SVM, while being expedient [58]. Similar to the

continuous output in an SVM, the following posterior

probability function is constructed over the values of score

function f(x) as:

Pðy ¼ þ1jf ðxÞÞ ¼ 1

1þ eaf ðxÞþb
ð14Þ

D+(x)=0

D (x)=0

Feature 2

Feature 1

Sample

Fig. 2 An example indicating meaning of relative distances of

sample x to positive and negative separating hyperplanes in a two-

dimensional feature space
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Pðy ¼ �1jf ðxÞÞ ¼ 1� P y ¼ þ1jf ðxÞð Þ ð15Þ

where a and b are the scaling weights of the sigmoid

function calculated using the maximum likelihood

estimation (i.e., Platt scaling) [57], by minimizing the

following function:

min
a;b

�
Xm
k¼1

tk lg pk þ 1� tkð Þ lg 1� pkð Þ½ �
( )

ð16Þ

s.t.

pk ¼ Pr yk ¼ þ1jf ðxkÞð Þ ð17Þ

tk ¼

m1 þ 1

m1 þ 2
yk ¼ þ1; k ¼ 1; 2; . . .;m

1

m2 þ 2
yk ¼ �1; k ¼ 1; 2; . . .;m

8>><
>>:

ð18Þ

where tk is the target probability of a particular sample of

xk and pk is the predicted probability of that sample.

2.3 Evaluation criteria

1) Evaluation of classifier

To evaluate the performance of the classifier, a cross-

fold validation is used. The cross-fold validation splits the

data into q subsets, in which the classifier is trained on q-1

subsets and evaluated on the subset that is left in the

training. This process is performed q times (such that the

classifier is evaluated on all samples). The final classifi-

cation accuracy is the average of classification accuracies

on all folds. Reporting the general accuracy of prediction

cannot be sufficient as the number of samples may not be

balanced in the test set. The F1-score is a common and

reliable measure of classification performance [20] defined

as:

F1 ¼
2PR

Pþ R
ð19Þ

where P is the number of correct positive results divided by

the number of all positive results returned by the classifier;

and R is the number of correct positive results divided by

the number of all relevant samples. In case of outage

estimation, P is defined as the ratio of number of correctly

predicted outages to total number of predicted outages, and

R is defined as the ratio of number of correctly predicted

outages to total number of actual outages.

A higher value of the F1-score, which is a number

between 0 and 1, indicates a better classification and jus-

tifies the viable performance of the existing decision

boundary.

2) Evaluation of posterior probability estimation

A common way to determine how well a posterior

probability estimator model fits the data is the area under

receiver operating characteristic (ROC) curve [20]. A ROC

curve is a graph showing the performance of a classifica-

tion model at all classification thresholds. The ROC curve

is created by plotting the true positive rate (TPR) against

the false positive rate (FPR) at various threshold settings.

In this paper, since the goal is to estimate outage proba-

bility, the outage state is considered as positive and the

operational state is considered as negative class. The TPR

is the number of correctly predicted samples in outage state

divided by the total number of samples in outage state, and

FPR is the number of incorrectly predicted samples in

operational state divided by the total number of samples in

operational state.

The area under the ROC curve (AU-ROC) measures the

entire two-dimensional area underneath the entire ROC

curve as:

AAU-ROC ¼
Z þ1

�1
TPRðsÞ � FPRðsÞds ð20Þ

where s is a threshold indicating that an instance is clas-

sified as positive class if the posterior probability is greater

than s, and negative otherwise. AU-ROC provides an

aggregate measure of performance across all possible

classification thresholds. It is equal to the probability that a

classifier will rank a randomly chosen positive instance

higher than a randomly chosen negative one [20].

2.4 Probabilistic load curtailment estimation

The objective function of the probabilistic load curtail-

ment estimation problem is defined as:

min
X
t

X
g

Fg Pgt0; Igt
� �

þ
X
t

X
s

X
b

psvbLC;bts

 !
ð21Þ

where ps is the probability of each hurricane scenario,P
ps = 1; Fg(�) is the operation cost function, which

includes the generation cost and startup/shutdown costs;

Pgt0 is the real power generation of unit g at time t in

scenario zero (i.e., normal operation); Igt is the

commitment state of unit g at time t; vb is the value of

lost load at bus b; and LC,bts is the amount of nodal load

curtailment at bus b at time t in scenario s. The value of lost

load is defined as the average cost that each type of

customer, i.e., residential, commercial, or industrial, is

willing to pay in order to avoid power supply interruptions.

Assuming UX,gts and UY,lts as outage states for generation
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units and transmission lines, respectively, the proposed

objective function is subject to the following operational

constraints:X
g2B

Pgtsþ
X
l2B

PL;ltsþLC;bts ¼ Dbt 8b; 8t; 8s ð22Þ

Pmin
g IgtUX;gts �Pgts �Pmax

g IgtUX;gts 8g; 8t; 8s ð23Þ

Pgts � Pg;t�1;s �UR;g 8g; 8t; 8s ð24Þ

Pg;t�1;s � Pgts �DR;g 8g; 8t; 8s ð25Þ

Ton
gt �UT ;g Igt � Ig;t�1

� �
8g; 8t ð26Þ

Toff
gt �DT ;g Ig;t�1 � Igt

� �
8g; 8t ð27Þ

0� LC;bts �Dbt 8b; 8t; 8s ð28Þ

�Pmax
L;l UY ;lts �PL;lts �Pmax

L;l UY ;lts 8l; 8t; 8s ð29Þ

PL;lts �

P
b

albhbts

Xl

������
������ �M 1� UY ;lts

� �
8l; 8t; 8s ð30Þ

where Pgts is the real power generation of unit g at time t in

scenario s; PL,lts is the real power flow of line l at time t in

scenario s; Dbt is the load at bus b at time t; Pg
min and Pmax

g

are respectively the minimum and maximum generation

capacity of unit g; UR,g and DR,g are respectively ramp up

and ramp down rates of unit g; Ton
gt and Toff

gt are respectively

the number of successive on and off hours of unit g at time

t; UT,g and DT,g are respectively the minimum up time and

down time of unit g; Pmax
L;l is the maximum power flow of

line l; alb is the element of line l and bus b in line-bus

incidence matrix; hbts is the phase angle of bus b at time t in

scenario s; Xl is the reactance of line l; and M is a large

positive constant.

Load balance equation (22) ensures that the total

injected power to each bus from generation units and line

flows is equal to the total load at that bus. Load curtailment

variable (LC,bts) is further added to the load balance equa-

tion to ensure a feasible solution when there is not suffi-

cient generation to supply loads (due to component

outages). Generation unit output power is limited by its

capacity limit and will be set to zero depending on its

commitment and outage states (23). Generation units are

further subject to prevailing technical constraints including

ramp up and down rate limits (24), (25), and minimum up

and down time limits (26), (27). The load curtailment at

each bus is constrained by the total load on that bus (28).

Transmission line capacity limits and power flow con-

straints are modeled by (29) and (30), respectively, in

which the outage state is included to model the line outages

in contingency scenarios. Note that (21)-(30) is effectively

a SCUC problem with weighted scenarios and simultane-

ous component outages.

3 Numerical simulations

The standard IEEE 118-bus test system is used for

testing the proposed model, by assuming that a hurricane is

predicted to pass through the system. The system charac-

teristics, including generation, line, and load data, can be

found in [59].

3.1 TWSVM performance

As historical data for the past hurricanes at component

level are limited, 550 samples are synthetically generated

(500 samples of component in operational state and 50

samples in outage state) following a normal distribution

function with a small Gaussian noise. To ensure that these

samples fit a practical situation, the models proposed in [5]

are used for hurricane modeling and the models in [60] are

used for identifying the response of each component to the

modeled hurricanes. The features are normalized to [0, 1]

range based on the maximum considered values of wind

speed and distance. These samples are shown in Fig. 3.

Although several other features can be defined, when the

dimension increases, typically a significant amount of

training data is required to ensure that the samples cover all

combinations of feature values. As gathering component

level data is not trivial, a limited number of samples is

synthesized in the studied dataset and only the two most

important/salient features (i.e., wind speed and distance)

are used in the outage estimation problem.

To measure the performance of the proposed method, a

series of penalty parameters (c = 0.01, 0.10, 1.00, 10.00,

100.00) with various common kernels are examined. In

each setting. A weighted soft-margin SVM (wSVM) [48] is

used to compare the performance. The wSVM adjusts the

Fig. 3 Generated samples for classes of operation and outage
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class sensitivity (penalty of missclassifying) of each class

inversely proportional to the frequencies of the class in the

training set. In other words, the penalty of missclassifying

outage samples is 0.91 (500/550) and the penalty of

missclassifying operational samples is 0.09 (50/550).

Table 1 shows the average F1-score of both wSVM and

TWSVM over a 5-fold cross validation. On average,

TWSVM took 0.0148 seconds to solve the problem and

SVM took 0.0320 seconds to find proper separating

hyperplane over 5-fold cross validation.

As it is shown, TWSVM with quadratic kernel and

c = 1.00 offers the best performance among other settings

with the average overall precision of 0.932, recall of 0.912

and F1-score of 0.922. The relatively small variance (about

3%) in the F1-score of the SVM and TWSVM under var-

ious hyper-parameters indicates that both methods are

insensitive to hyper-parameters and are not over-fitted to

the training data in the studied case. A third order poly-

nomial logistic regression model is also trained and

examined in the same fashion (i.e., 5-fold cross validation)

to predict the component outages. The logistic regression

model has an F1-score of 0.856 on the test set which

advocates on the superior performance of both SVM and

TWSVM in solving this problem.

3.2 Evaluating posterior probability estimation

To determine the likelihood of a sample belonging to

each class, a sigmoid posterior probability function is

constructed over the values of score function (12) of the

trained model with quadratic kernel and penalty parameter

c = 1.00. The scaling weights of sigmoid function are

calculated as a = -25.93 and b = 2.12 by solving (16).

The trained model probability weight k = 0.5 has overall

AU-ROC of 0.89 on the test subset. Other weight param-

eters (k = 0, 0.5, 1.0, 1.5) are further tested on the vali-

dation set, however k = 0.5 produces the best result in

terms of AU-ROC. Figure 4 demonstrates posterior prob-

ability for different weight parameters. As shown, by

increasing k the posterior probability function becomes

smoother and the classes become less distinguishable. A

small value of weight parameter, e.g., k = 0, makes the

probabilistic model very sharp where probabilities are

either zero or one depending on the predicted class, and

hence the model doesn’t generalize well for the sample in

the area between the two classes.

3.3 Evaluating probabilistic load curtailment

estimation

Eight components are considered to be damaged in the

path of the upcoming hurricane. The outage probability of

these components is calculated based on estimated wind

speed and distance from the center of the hurricane and

through the proposed posterior probability estimation.

Table 2 shows the distance and wind speed of each com-

ponent, normalized based on the highest wind speed (ob-

tained from the category of the hurricane) and the distance

of the furthest impacted component from the center of the

hurricane (line 44). The calculated outage probability is

also shown in this table for each impacted component. As

the results suggest, the components that are closer to the

hurricane and experience higher wind speeds, such as line

46, show a very high probability of outage, here as much as

99.5%. On the other hand, the components far from the

hurricane and subject to lower wind speeds may show very

small chances of outages, such as line 44 which only has a

1.7% outage probability.

The obtained outage probabilities show a promising

improvement compared to the existing work in this area

which only provide a 0/1 output, i.e., showing whether

each component is operational or on outage. Identifying

outage probabilities would provide significant opportuni-

ties in better managing the available resources as the sys-

tem response and recovery studies can shift from

deterministic models to probabilistic models.

These outage probabilities are used to define 28 = 256

scenarios, where all possible combinations of outage/op-

erational sets of these components are considered. These

scenarios are fed into the load curtailment estimation

problem which is formulated using mixed-integer linear

Table 1 F1-score of classifying system components into two classes of outage and operation with various kernels and penalty parameters

c Linear kernel Quadratic kernel Gaussian kernel

wSVM TWSVM wSVM TWSVM wSVM TWSVM

0.01 0.871 0.891 0.862 0.892 0.851 0.881

0.10 0.871 0.899 0.871 0.901 0.852 0.891

1.00 0.879 0.915 0.880 0.922 0.851 0.891

10.00 0.881 0.904 0.869 0.912 0.842 0.880

100.00 0.879 0.902 0.869 0.899 0.844 0.872
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programming (MILP) and solved by CPLEX 12.6 [61]. A

value of lost load of 1000 $/MWh is considered.

The problem objective is calculated as $1054507 in

which $1024226 is the operation cost and the rest is the

aggregated cost of load curtailment in all scenarios. The

highest load curtailment is experienced in scenario 129, in

which line 30 is in service and all other lines are on outage.

The expected load curtailment in this scenario is 434

MWh, however the probability of this scenario is only

1.25910-9. The highest probability, 0.59, occurs in sce-

nario 112 in which lines 30 and 46 are on outage and other

lines are in service. However, there is no load curtailment

in this scenario. The focus of this paper is to estimate

potential load curtailments in response to imminent hurri-

canes, however, other probabilistic factors, such as

renewable energy generation can be easily formulated and

integrated into the proposed model.

4 Conclusion

In this paper, a probabilistic load curtailment estimation

model was proposed through a three-step sequential

method. At first, to determine a deterministic outage state

of the grid components in response to a forecasted hurri-

cane, a machine learning model based on TWSVM was

proposed. Then, to convert the deterministic results into

probabilistic outage states, a posterior probability sigmoid

model was trained on the obtained results from the previ-

ous step. Finally, the obtained component outages were

integrated into a load curtailment estimation model to

determine the potential load curtailments in the system.

The simulation results on a standard test system illustrated

the high accuracy performance of the proposed method.

The work concludes that the probabilistic load curtail-

ment estimation offers a viable prospect to understand the

most impactful outage scenarios in the system, as well as

the severity of their impact, in response to an upcoming

hurricane, and opens significant opportunities in better

planning for those events. In this work, since historical data

for hurricanes at component level are limited, a synthetic

data is used to show the effectiveness of the proposed

method. In future, more detailed historical data for hurri-

canes will be requested from some of the utility companies

affected by hurricanes. In addition, the authors are cur-

rently investigating applying the proposed probabilistic

outage estimation model for renewable energy integration

and accordingly studying the impact of growing renewable

penetration on system resilience in response to hurricanes.
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