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Abstract

Drastic climate change and more frequent occurrences of natural disaster which destruct power system infrastructure results in power
delivery congestion at the transmission network. Heavily loaded transmission network that operates during adverse weather is very prone
to outage, hence may trigger more critical problem such as voltage collapse. Research on risk of voltage collapse due to transmission line
outage has been carried out by numerous researcher. Generally, this risk study involves two major parts; one is the assessment of voltage
collapse impact due to the line outage and the other is the assessment of probability of line outage to occur. According to many literatures,
precise probability estimation is very difficult to be evaluated since it is very unpredictable. Therefore, serious attention and studies have
been focused in estimating the probability of transmission line outage prudently. The accuracy of probability assessed using Poisson
distribution is very much dependent on its failure rate value. In this research, a weather-based transmission line failure rate model is de-
veloped using Ordinary Least Square (OLS) polynomial regression technique. To evaluate the effectiveness of the proposed method,
comparative study with previous research which utilized robust MM-estimator technique is conducted. The results revealed that the pro-
posed technique is more precise and the weather considered in the study has more significant impact compared to the preceding work.

Thus, this finding contributes to more accurate probability estimation in risk of voltage collapse assessment.
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1. Introduction

Nowadays, drastic climate change and natural disaster occur more
frequently and very unpredictable. Occurrence of extreme weather
incidents such as flash flood, landslide, storm and earthquake
would seriously damage critical power system infrastructure in-
volving outages of its components. This destruction leads the
existing power operation to reroute and hence risk the power sys-
tem stability and security. Therefore, research on identifying the
probability of outages related with weather is crucial to be known
precisely to minimize the impact of such incidents in power sys-
tem operation.

To determine the probability of undesirable events to occur is
indeed a challenging task which requires careful thought and in-
sight. There are two fundamental methods to perform the probabil-
istic assessment, one is utilizing Monte Carlo simulation (MCS)
and the other is by employing enumeration method [1], [2]. In
either MCS or enumeration method, it is crucial to determine the
most relevant probability distribution to be used for precise as-
sessment. Based on the literatures, probability density distribution
functions are employed depending on the type of outages consid-
ered. For instance, Normal distribution and Multivariate Normal
distribution are often used to measure the uncertainty involving
load level fluctuation [3]-[5], Poisson distribution, Bayesian mod-
el, Cartesian model, Fuzzy model, composite Fuzzy and Credibil-
ity theory are applied to assess transmission line and generator
outages [4], [6]-[9] whereby Markov model and Weibull distribu-
tion are exploited to determine probability of equipment outages

related to aging factor such as transformer and special protection
system [10]-[12]. Among these outages, transmission line outage
has drawn many attentions and has been reported to occur more
frequent in recent years [13]. Majority of the researches employed
Poisson distribution to determine the probability transmission line
outages in power system operation [4], [14]-[18].

Poisson distribution model considers the counting nature of rare
outage events which occur randomly at a fix time frame. From the
formula, it can be seen that the accuracy of the overall probability
assessed using this distribution is dependent on the failure rate
value. many studies have been conducted to incorporate the effect
of weather conditions in determining the failure rate of transmis-
sion line using various approaches. Chen et. al in [19] utilized
fuzzy modeling to compute the failure rate contributed by wind
speed and icing condition of the 39-bus New England test system
whereby failure rate computation using Brostrom weather model
under typhoon condition influenced by wind speed is introduced
in [20]. Besides the previous two approaches, multiple linear re-
gression method has been used in [14], [17], [18] to estimate the
weather-related failure rate model. Reference [14] focused on
online prediction of failure rate based on the temperature and wind
speed, whereas [17] and [18] considers lightning activities and
wind speed. In [14], maximum likelihood (MLE) or ordinary least
square (OLS) regression technique is employed to determine the
best estimates of the parameter in the model. The information of
historical outage data with respect to weather condition during
outage event is required to perform the failure rate estimation.
Type of weather and approach considered in the previous studies
may specifically applicable for some countries condition and sys-
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tem. To suit Malaysia climate and system, different weather type
might need to be relooked.

This paper developed the failure rate model to determine the prob-
ability of transmission line outage for Malaysian system. In the
research, the effect of local weather such as the lightning strength
and amount of rain are utilized. Generally, the data used in this
research is the same with [21]. However, the major difference
between these works are in terms of the technique used to develop
the model. In [21], robust MM-estimator is used whereby in this
study, simple OLS with higher degree of polynomial is engaged in
the development of the model. It is anticipated that the proposed
technique will improve the accuracy of the failure rate as com-
pared to the previous research.

2. Research Method

2.1. Data Collection for Failure Rate Model

The probability of transmission line outage can be calculated from
Poisson distribution as shown in (1):

-(X4))
Pr(E)=(1—-e*)xexp 6
where E; is the ith outage, Pr(Ei) is the probability of E; and /; is
the failure rate of line i. The above equation showed clearly that
the probability of the outage is very dependent on the failure rate
of transmission line. In this study, the failure rate in Poisson equa-
tion is estimated using multiple linear regression model which is
developed based on the historical lightning and rain data for Ma-
laysia’s 275kV real system. Four years data of outage events as
well as lightning activities during such incidents from 2004 until
2007 are obtained from the local power utility provider. As for the
rain data, the information on amount of rain during outage event is
collected from the Department of Irrigation and Drainage (JPS)
Malaysia.

2.2. Data Management and Failure Rate Calculation

The outage and weather data need to be processed to prepare a
database for failure rate model construction. This process involves
pooling (combine data that has the same characteristic) and discre-
tizing (to its discrete value to ease data handling) of historical
weather data according to the outage events. After the data is
pooled and discretized, the failure rate is calculated. Generally,
detail procedures on data management and failure rate calculation
can be referred to [14] and [21]. The algorithm for data manage-
ment process is shown in Fig. 1.

In failure rate calculation, the data that has the same discretized
value (according to lightning and rain weather block) is combined.
The failure rate for each group of outages at the same weather
condition is determine as follows:
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A'=logy —=— @)

D><Z:Li

i=1

n
where A' is the failure rate of group outage, Zh“ z, s the total
i=1

n,

number of lines in the group, Zb: L, is the total length of line in
i=1

the group and D is the duration recorded data (number of days in

four years). Equation (2), is then re-transformed to determine the
failure rate of each transmission line as follows:

2 =L xex(X, xB) &)

where /1i is the failure rate for ith line, Li length of the ith line,
X, is the matrix of forecasted discrete weather of ith line
(Xi = [1 Xl(lightning
rameters arranged in matrix form (B=[g, £, A,]') The
coefficient parameters can be identified from the linear regression

X2(rain)] ) and B is the coefficient pa-
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v
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method.

Fig. 1: Flowchart for overall failure rate data preparation

2.3. Failure Rate Model Based On Multiple Linear Re-
gressions

Linear regression is a statistical tool that is adopted to model the
correlation between two variables by fitting a linear equation to
the observed or historical data. These two variables are referred to
as independent and dependent variables. Independent variable is
the variable that stands alone and the value is independent of
changes of another variable in the model. As for the dependent
variable, its value is changed when there are changes in independ-
ent variable’s value. In this research, the failure rate is regarded as
the dependent variable in which its value depends on the changes
of lightning and rain weather (independent variables). Since there
is more than one independent variable considered in the study,
thus, the approach is called as multiple linear regression. Equation
(4) shows one of the examples of multiple linear regression model.

A (X1, X) = By +B % +B X, +€ 4
where

A Failure rate

PoBrB Model coefficient parameters

X Discrete lightning value

X, Discrete rain value

e Error

To determine failure rate value from (3), one must first construct
the model as depicted by (4). If the values of model coefficient
parameters, lightning and rain are known, then, the estimated fail-
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ure rate (,{‘) can be calculated directly from the model. To esti-
mate the value of model coefficient parameter, historical data
which consists of the information on calculated failure rate and the
respective weather conditions as discussed in sub-section 2.1 and
2.2 is required. This data will be utilized by the regression tech-
nique to obtain the model coefficient. OLS is one of the most pop-
ular techniques used in multiple linear regression modeling due to
its simplicity.

The OLS estimation approach optimizes the fit of the model by
minimizing the sum of the squared deviations between the actual
failure rate calculated from historical data (1') and estimated
failure rate (,{') value obtained from the model. The OLS estima-
tion method in residual form can be represented by [22]:

n
Min>_é? ©)
i=1
where
i=123..n Sample size (n is the total sample size)
€, Error between 2’ and 1’ (6 = ,1'_,{')
X (X, X5) = By +BX 82X,

There are many combinations of regression model available for
weather-related failure rate estimation. Equation 2.4 showed one
of the examples of failure rate model used in the study. Neverthe-
less, there is no general consensus highlighting the advantage of
one model over another [17]. Hence, the performances of several
regression models need to be examined to identify the best model.
Appropriate selection of modeling type must be chosen prudently
because each model results in different estimation error and rela-
tionship between the variables. Generally, each of the models
differs from one to another in terms of how the combination of
lightning and rain is presented. Research in [21] only considers
first and second-degree polynomials for the possible failure rate
models. However, in this research higher degree of polynomials
(3rd and 4th degree) are tested to improve the findings in [21]. As
such, 216 possible failure rate models are developed and tested.
Table 1 tabulates some of the sample of failure rate models used in
the assessment.

The performance of failure rate model developed in this research
will be compared with the model in [21] based on a few criteria
such as its p-value, residual standard error and adjusted R? value.
The p-value of a model shows the association between dependent
(failure rate) and independent variables (weather). The correlation
of these variables exists if the p-value is less than 0.05. Residual
standard error represents the difference between actual (from raw
data) and predicted (from regression model) failure rate value. The
adjusted R? value denotes the impact of independent variable on
the dependent variable. In this research, high value of adjusted R?
signifies that weather has significant impact to the failure rate
value. Generally, the procedures in determining the best failure
rate model and comparative study performed in this work is shown
in Figure 2. m in the flowchart represents total regression models
(216) being tested.

Table 1. Sample of regression models

Degree of

Polynomial Model Equation

. 1.1 A =By + Bix, +Brx, +e
1.2 =By + Pixy + Braxy; e
2.1 A= By + Biaxi + By x5 +e

2nd 2.2 N =By + B1ix2 +Byx, + e
2.3 A =By + P X3 + By +e
3.1 A= By +Pyxy + Bapxiy + Praxi + €

3rd 3.2 A= By + Bixy + Boxy + Bapxiy + Bogxi, + e
3.3 A= Bo + Baxy + BaXyy + BaoXiy + Biaxi + €
41 A= Bo+ Boxy + Bagxiy +Pisxi + Pagxty +e

4th 4.2 X_fg/?z Bo + BoXp + Bayxiy + Bazxiy + Braxi + e
4.3 A = Bo + BoXag + Boa¥h + BiaXi + Baa x5 +e

Compute other independent Compare the result with
variable values (x,%, X2, [XX]
x3, %23, x4%, etc) from
discretized x; and X,
Choose the best model
l based on its performance
Select regression model, n measure

(initial n = 1)

Choose computed
independent variable data
and the respective failure
rate value according to the
selected regression model ‘

)

Regressed the model using
oLS

Fig. 2: Flowchart to determine the best failure rate model

n=n+1 ‘

Record results for each
comparison parameters

3. Results and Analysis

In this research, the proposed polynomial failure rate models are
developed using R software and data as explained in the previous
section. The p-value, residual standard error as well as the adjust-
ed R? of failure rate model developed using proposed method
(OLS) are compared with the model in [21]. Table 2 shows the
best failure rate model obtained for third and fourth degree poly-
nomial using OLS technique and the best model in [21]. The per-
formance for each model are tabulated in Table 3.

Table 2. The best failure rate model for each degree of polynomial

Degree o_f Model Equation
Polynomial
2nd[21] 2.2 2 =-5145000+ 0.000811x2+ 0.047334x,

3rd 3.2 '=-5271000+ 0.031660x, +0.083080x, —0.000387x%, +0.0000031x3,

4th 4.1 )= -5113000+ 0.065350x, —0.000177x2, + 0.000038x5 + 0.00000001x7,




94

International Journal of Engineering & Technology

Table 3: Parameter measured for every model

Model
2.2 3.2 4.1

Residual standard error 0.315 0.291 0.290
Adjusted R? (%) 19.210 30.910 31.570

Bo 2.000 x 10*®  2.000 x 10*®*  2.000 x 10*°

By - 4.084 x 10° -

B 4.000x 10*  2.780x 10°  7.900 x 10°

B 8.050 x 10° - -

P-value

Bis - - 3.390 x 10°

B3z - 4460 x 10*  3.090 x 103

Bas - 5.060 x 10* -

Bsa - - 4.000 x 10*

The above table shows the parameter measured for each model as
outlined in Table 2. Model 2_2 is the best model developed in
previous study [21] using robust MM-estimator method, whereby
model 3_2 and 4_1 are the models developed in this research us-
ing OLS technique for third and fourth degree polynomial. The
performance of Model 2_2 in determining failure rate value is
compared with the models constructed in this research.

Overall, it is observed that the p-value of all coefficients obtained
for every model is less than 0.05. This result means that the
weather considered (lightning and rain) has significant impact in
influencing the value of failure rate. Among these three models,
model 4_1 has the least residual standard error as well as highest
adjusted R? value as compared to others. The error produced by
this model is reduced about 8% and the adjusted R? value is im-
proved about 64% compared to preceding research.

Based on the above result, model 4_1 is chosen as the best model
to estimates failure rate value in probability of transmission line
outage assessment for Malaysia condition. The constructed math-
ematical model is given as follows:

A’ = —5.113000+ 0.065350x; — 0.00017 7x3;+ 0.000038x7 + 0.00000001x

(6)
4. Conclusion

This research proposed a development of new weather-related
failure rate model for Malaysia condition using OLS with higher
degree of polynomial. Precise estimation of failure rate value is
vital to ensure reliable probability of transmission line outage
assessment is conducted for precise risk assessment. Based on the
results, it can be concluded that the failure rate model developed
using OLS technique with higher degree of polynomial has better
estimation on failure rate value as compared to robust MM-
estimator technique. Model 4_1 which was constructed using the
proposed method has more accurate estimation since the residual
standard error is 8% less than Model 2_2. Besides, high adjusted
R? value of Model 4_1 also shows that the lightning and rain have
more significant impact in the model, in contrast to Model 2_2.
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