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PRODUCT DESCRIPTION

Energy companies can use better knowledge about existing power quality to target maintenance
efforts, to establish a baseline for offering premium power services, and to use as a selling tool to
sell sites with high power quality. Unfortunately, most energy companies do not have
widespread, long-term records of power quality needed to provide this information. But energy
companies often have good historical records of reliability indices for all circuits on their system
(System Average Interruption Frequency Index, or SAIFI, and System Average Interruption
Duration Index, or SAIDI, for long-duration interruptions). Areas with more voltage sags
normally have more momentary interruptions; also, areas with more voltage sags normally have
more long-duration interruptions. This project quantifies this effect and determines how
effectively SAIFI and SAIDI predict power quality indices. The starting point for the analysis
was data from two utilities (“Utility A” and “Utility B” in the report) in the Distribution Power
Quality (DPQ) II data set expanded to include reliability data.

Results & Findings

This project leverages analysis work conducted in 2003 and extends this to determine how
effectively reliability measures (for example, SAIFI, SAIDI, and number of outages) predict
power quality indices such as momentary interruptions and sags. Characteristics of the site
(either at the feeder level or at the substation level) help identify major influences on the System
Average RMS Variation Frequency Index (SARFI, ) and the Momentary Average Interruption
Frequency Index (MAIFI). This allows energy companies to predict the level of quality at a
location. Among other uses, utilities can predict the quality at a given site to find good sites to
locate sensitive customers, to determine if a site is under-performing based on the given
infrastructure, or to quantify the risk of offering premium power services.

The starting point for the 2004 R&D activity was to expand the DPQ II dataset and include
reliability data as well. As a part of the 2004 R&D activity, the project team obtained additional
new data from two utilities that participated in DPQ Phase II. The historical power quality data
(SARFI, and MAIFI from DPQ II) were correlated with feeder SAIFI, SAIDI, and number of
outages. The effect of other variables—including overall feeder length, feeder backbone length,
number of feeders per bus, substation transformer MV A, and load density on the correlation—
were examined. Regression models from the Voltage Sag Prediction Model were refined.

Challenges & Objective(s)

While utilities widely record reliability indices such as SAIFI, SAIDI, and number of outages,
most have few power quality monitors. The 2004 R&D activity focused on investigating the
possibility of refining voltage-sag predictions using reliability indices. In a statistical prediction
model, reliability indices would become another site characteristic. This could improve power
quality predictions and also may reveal interesting practical ties between power quality and
reliability. These are statistical regression models built from optimizations of models containing

\Y%



several of the site characteristics available for the utility datasets used. The main challenges were
finding good models, dealing with sites that had unknown site characteristics, and analyzing
variability in the models. Data from one utility (Utility A) was for the period 1998-2003, while
data from the second utility (Utility B) was from 2001-2003.

Applications, Values & Use

This report provides utility engineers with a set of straightforward equations for estimating the
rate of voltage sags at a location. Only a few site parameters are needed: substation transformer
size, number of feeders on the bus, distribution voltage level, SAIFI, and total feeder length. The
prediction model also includes an estimate of variability, which can be portrayed as prediction
limits.

One universal prediction model for all utilities is not possible. The best prediction model varies
between utilities based on the utility’s substation design and service territory. Substation design
and geographical service territory and other aspects specific to a distribution system design will
determine the best model. Utility A had a more uniform substation design across their region.
The geographic conditions for Utility A also were uniform. For these reasons, multi-linear-
regression-based prediction models worked better for Utility A. The error between the observed
and predicted values for SARFI appears to follow a normal Gaussian distribution. The best
prediction model for Utility B was linear with a gamma error distribution. However, the
coefficient derived using data from Utility A is quite similar to that derived using Utility B.

EPRI Perspective

Estimating the frequency and characteristics of power quality events, which are part of the
normal electrical environment, is critical for designing immunity into end-use equipment. This
information also is important to define baseline levels of power quality that can be expected by a
customer and sets the stage for providing premium power services. The prediction models will
help utilities enhance the compatibility of sensitive equipment with the electrical environment.

Approach

The main components of the prediction modeling are model fitting, variable selection, and
handling missing data and quantifying variability. The project team analyzed the variability and
uncertainty in various models. A relatively straightforward set of equations for the voltage sag as
well as momentary interruption based indices was found. From this analysis, if appropriate sets
of site descriptors and reliability indices for predictions of MAIFI are chosen, all major SARFI
indices can be obtained using the developed predictor model.

Keywords

Power quality
Distribution

Voltage sag

Power quality monitoring
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1

INTRODUCTION

How Concerned Are We With the Quality of Our Supply

The quality of electric power delivery (supply quality) consists of reliability of the supply
(continuity of power delivery) and quality of the electric power. As electric utilities around the
world are attempting to meet the increasing customer needs for supply quality, the concept of
characterization and benchmarking is being embraced. In recent years, as many electric utilities
wrestle with the idea of deregulation, their customers are becoming even more concerned about
the possible decline in power quality and reliability due to cost-cutting measures. For one thing,
what is “best” is likely to be different for each group. Customer satisfaction, therefore, is
becoming very important to the electricity suppliers for maintaining a customer base.

However, customers, and especially other suppliers of competitive services, are not necessarily
going to simply trust the distribution company to do what is best. Much of the responsibility for
allowing the monopoly provider (distribution company) of one service (power delivery) to
provide a related competitive service rests with the distribution company itself. With increased
sensitivity and the industry’s dependency on sophisticated process control equipment in
manufacturing, the first task involves an ability to access and quantify voltage sag and reliability
levels throughout electrical systems. Utilities realize that they must understand the levels of
supply quality provided throughout their power delivery system. Additionally, utilities must be
able to determine if the provided levels are appropriate. This is certainly becoming more
prevalent as customers become more knowledgeable and regulators in different parts of the
world require threshold levels for a minimum quality of supply.

A recent regulatory trend is moving to performance-based rates, where performance is penalized
or rewarded based on sustained/temporary interruptions and short-term voltage disturbances as
quantified by power quality and reliability (PQR) indices. Some utilities also pay bonuses to
managers or others based in part on indices. Some commercial and industrial customers ask
utilities for their power quality indices before locating a facility within the utility’s service
territory. Characterization of service quality also helps in managing customer expectation and
opens the door for utilities to contract with specific customers to provide service of specified
quality level over some period of time at a premium price.

Fortunately, there are ways to help address the concerns:
e Identify metrics to measure power quality (PQ) and reliability.

e (ollect yearly data and apply advanced data analysis techniques to evaluate system
performance
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e Establish a baseline for normal service. The baseline will likely be different for various
utilities and consumers.

e Evaluate the inherent variability in power system reliability and power quality

e Establish agreements and contracts (rate structure with incentives) for the electric utility
companies to meet and exceed the power quality standards. Contracts will specify the quality
of the electricity to be delivered and will have provisions for penalizing the utilities if they do
not meet the specifications. One type of agreement and contract is the premium power-based
contract for electric service providers and consumers. This type of contract is guaranteed
performance-based, defining premium power as a service beyond the normal expectation.

Previous Efforts

An important difference in analyzing power quality and reliability benchmarks is their “spread”
of influence. Premium power based options are highly localized to a specific customer or at the
most to a group of feeders in the system. On the other hand, reliability benchmarks are measured
at the system level and/or at sub-levels within the system. Sub-levels are identified based on the
inherent differences in the network such as geographical topology, voltage service levels,
population density, and load density. However, any efforts to establish benchmarks require
quantification of the existing service.

Using Monitoring To Gauge System Performance

Direct monitoring of transmission as well as distribution systems seems to be the preferred
approach for benchmarking power quality levels that many utilities are performing for their
industrial and commercial customers. However, what should be measured in order to
characterize power quality of electric service as satisfactory or otherwise?

Traditionally, reliability indices such as System Average Interruption Frequency Index (SAIFI)
and System Average Interruption Duration Index (SAIDI) were assumed to be adequate to define
the quality of power. With dramatic increases in computer-controlled loads, momentary
interruptions and voltage sags have also become critical performance indices. Momentary
Average Interruption Frequency Index (MAIFI) and System Average RMS variation Frequency
Index (SARFI,) are the indices used for quantifying momentary interruptions and sags,
respectively. These two power quality events have also been recognized as the biggest concern
for utilities and their customers because of their tremendous economic impacts on end users.

To measure the quality of the system, power quality monitors are often placed at different
feeders across a power system to record RMS voltage variations. The recorded data can be used
to calculate and characterize power quality and reliability performance in the system.

Technically, the most accurate and definitive assessment of quality power provided to the
customer can be achieved through long-term monitoring at the customer’s point of service
delivery. The customer that is requesting such an assessment should pay for monitoring and data
analysis. However, it is impractical to wait several years before providing customers information
regarding the quality level of the power that they are receiving. In such cases, if the utility has
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power quality monitoring data from a statistically valid system-wide benchmarking project, data
from these selected monitoring locations can then be used to estimate the system-wide baseline
(“average”) power quality for that particular utility.

In the early 1990s, EPRI initiated a project called Distribution Power Quality (DPQ) that resulted
in power quality monitoring at 277 distribution sites, which were statistically selected throughout
the United States, to gain valuable knowledge regarding the frequency and severity of power
quality events. The data collected for a period of more than two years were analyzed to
understand the frequency and severity of different types of power quality events. The data from
DPQ—-called DPQ I in this report—were used to compose the first and only comprehensive
database that characterizes the power quality level in distribution systems. In the absence of
customer-specific data, the results from a national survey such as the Distribution Power Quality
(DPQ") Project can be used to provide the baseline of power quality to the customer.

As part of the Premium Power Grades Project’ in 2000 —called DPQ II in this report—the
performance range of grid power was characterized using data from the DPQ Project to define
base power quality levels in distribution systems. Since the completion of DPQ I in 1995, several
utilities have implemented system-wide power quality monitoring programs both in distribution
and transmission systems. The wealth of data collected by these utilities provides a unique
opportunity to synthesize meaningful information regarding the variability of grid power based
on system characteristics, especially information regarding the rate of voltage sags. It also
presents a unique opportunity to compare the results of DPQ I with the data from these
monitoring programs.

In 2001, there were two primary focuses for the Premium Power Grades Project, as outlined in
the EPRI report Premium Power Grades: Developing Site Selection Criteria for DPQ Phase 11,
EPRI, Palo Alto, CA: 2002. EPRI 1005921. The first was to identify the technical characteristics
of distribution and transmission sites with permanently installed power quality monitors. This
was done through the use of an initial survey. From that survey, two characteristics were selected
to stratify the monitor sites: voltage class and lightning flash density. The second focus of the
Premium Power Grades Project was to develop site-selection criteria for sampling the available
data. This sample would eventually be used to represent the population of monitored sites.

During 2002, we applied the site-selection criteria to the entire population of 1876 monitored
sites in the service territories of 13 participating utilities. The utilities then randomly selected
sites in each voltage class and lightning-flash-density strata. From this group of sites, we
requested more detailed site characteristics and the actual power quality data. The power quality
data were delivered in several different formats, so a strategy was devised and executed to
integrate that data into a common database. The data were then analyzed in a manner similar to
DPQ I. The data were also analyzed according to some of the more recent international
standards. Finally, we performed some preliminary interpretation of the data with regard to
system compatibility and energy-storage requirements.

' An Assessment of Distribution System Power Quality: Volumes 1-3, EPRI, Palo Alto, CA: 1996. TR-106294-V1,
TR-106294-V2, TR106294-V3.

? Understanding Premium Power Grades, EPRI, Palo Alto, CA: 2000. TR-1000406
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EPRI’s Distribution Power Quality (DPQ) Phase II effort’ in 2002 resulted in a database of
voltage-sag’ information at numerous sites, including transmission, distribution, and secondary
networks. The DPQ II report provides the results of a comprehensive analysis of over 541,339
monitor-days of data that characterize the severity and frequency of short-duration variations in
terms of voltage sags, swells, and interruptions. This project resulted in characterizing power
quality in terms of short-duration variations such as voltage sags, voltage swells, and voltage
interruptions. The characterization was based on analysis of data from 480 power quality
monitors at different locations in a power system spanning a date range from August 30, 1993,
through December 12, 2002 and included the following:

e Determine which utilities have implemented system-wide power quality monitoring
programs.

e Determine what types of monitoring systems have been implemented and how much data are
available.

e Determine what types of systems are being monitored, such as distribution and transmission.

e Identify the characteristics of the different data sources that reside within utility service areas
and end-use customer sites.

e Determine a statistical approach for selecting monitoring locations from existing sites on the
member utility systems.

e Determine what methods of data collection and aggregation are feasible for collecting
monitoring data from large, independent monitoring systems.

e Develop a data-collection procedure that will enable data from these sources to be sanitized
in order to develop a generic voltage-variation database without any particular reference to
proprietary data sources of the utility or end-use customer.

e (ategorize the data that are received from different sources into separate power quality
parameters’, as defined in IEEE Std. 1159-1995, Recommended Practice for Monitoring
Electric Power Quality.

e Analyze the data in a manner similar to DPQ I.

e Analyze the data according to some of the more recent international standards.

The results of DPQ II confirm that events such as voltage sags, swells, and momentary
interruptions are far more common than outages. If customer equipment is impacted by these
short-duration events, then customer perceptions of quality of service will be different from
classical electric utility reliability indices such as SAIFI and SAIDI, which describe the
frequency and duration of long-term outages. Understanding the severity and frequency of these
short-duration events will provide manufacturers of equipment a target for designing immunity

* Distribution System Power Quality Assessment: Phase II: Voltage Sag and Interruption Analysis, EPRI, Palo Alto,
CA: 2003. 1001678

* Reliability data were not collected as a part of this effort

* Primary power quality variables of interest for this study were voltage sags and momentary interruptions.
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to these events and also provide customers information for specifying equipment sensitivity. The
results of DPQ II validate the earlier DPQ I study in terms of frequency of events for different
voltage magnitudes and durations.

Besides the DPQ I report published in 1995, this is the only known source of such data in the
entire world. The results are not only useful for electric service providers to understand their
electrical environment in terms of these events but also very important for equipment
manufacturers to understand the electrical environment in which their equipment has to perform.

However, this is only the first step in the entire process. The next step is to analyze index data to
benchmark the service quality before any contracts can be generated. Without getting into details
about statistical distribution of power quality and reliability indices, it is safe to say that power
quality and reliability indices in general do not follow a normal distribution, and therefore
“average” is not a good representation of the population. In most cases, the distribution is
skewed by the performance of a number of feeders. Overall, the median, or “what 50% of the
customers will see as minutes-off-supply,” is not equal to the average minutes-off-supply
performance of the network.

A Need for Improved Data Analysis

Because data is not information, it is important to ascertain how information and knowledge can
be obtained from a set of data. Statistical analysis is often used to make sense of data sets.
However, to define statistical data analysis, one must first define statistics. Statistics is a set of
methods’ that is used to collect, analyze, present, and interpret data. In general, statistics can be
broadly defined as the study of numerical data to better understand the characteristics of a
population or process. In the deterministic framework, inputs are single values. Utilities currently
use deterministic methods to assess the risks associated with disturbances to electric power
systems. However, these methods tend to produce overly conservative solutions. Traditionally,
the average and/or median of an index are used to reflect performance. Data analysis using a
single estimate such as average is called deterministic approach. To add to this misconception, it
is a common mistake to specify the wrong index for central tendency. Figure 1-1 is a simple flow
chart used in selecting the appropriate index.

° Tim Bedford and Roger Cooke, Probabilistic Risk Analysis: Foundations and Methods, Cambridge University
Press, 2001
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Selecting Among the hMean, hMedian, and Model

¥es

Figure 1-1
Flow Chart for Selecting Appropriate Index

There is an interesting fable about a statistician who drowned in a river with an average depth of
three feet! In the deterministic approach, all inputs are assumed to have “most likely” or average
values. However, the deterministic approach does not consider variability and uncertainty in the
data. Once this misconception is cleared, the question then is, “How well does a single data
parameter such as average assess the entire dataset?”

Variability represents heterogeneity or diversity, which is not reducible through further
measurement or study. Fundamentally a property of nature, variability arises due to the
differences in the value of a quantity among different members of a population. For example,
variability might refer to different feeders in a distribution system having different performance
in terms of voltage interruptions. In essence, some feeders will perform better than the others due
to differences in topology, weather, and existing system conditions, and so on.

Additionally, some years will be more severe in terms of storms, lightning flashes, tornados, and
so on than other years that can greatly impact the quality of supply. Regardless of the level of
measurement accuracy, this variability cannot be reduced with further measurement. Variability
is an intrinsic property of distribution systems that makes each feeder unique in its performance.
Therefore variability is present across the system data (spatial variation) as well as over a period
of time (temporal variation). Statistical indices such as CP05 (5" percentile), CP50 (50"
percentile), CP95 (95" percentile) represents variability in a dataset.

Uncertainty represents lack of knowledge about a poorly characterized phenomenon that is
sometimes reducible through further measurement or study. Fundamentally a property of the risk
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assessment, uncertainty might be reduced through further measurement. For example, one-year
voltage sag measurements at a substation provide an indication of the expected voltage sag
performance at the substation for that given year. However, it does not accurately represent the
“expected” voltage sag rate in the future. Further measurement over a longer period of time will
reduce, but not necessarily eliminate the uncertainty in quantifying the expected voltage sag rate
at that substation.

As a result, uncertainty is unavoidable in any service quality dataset. In general, utilities do not
have the resources to monitor all the feeders in its service territory. System performance
therefore can and should be predicted from the limited information available. Also, monitored
data at a feeder will be available only for a limited period of time. Uncertainty is quantified using
a desired confidence level (C.1.) or probability band, which also is representative of risk (e.g.,
95% C.1. level and 50% C.1. level).

While improvements in modeling the system behavior could lead to more accurate estimates of
the average values of power quality indices, the deterministic approaches (based on power
quality data) do not estimate the variability of these indices. Advanced data analysis techniques
helps to see the full range of variability and uncertainty instead of being misled into thinking that
service quality indices are point values. In this approach, inputs are treated as random variables
coming from a probability distribution. The power quality indices found across the system or
over a period of time can be fit into statistical distributions like Poisson, lognormal, or Weibull.
The outcome is no longer a single answer but a distribution itself. Compare this with the
deterministic approach, where the output is also a single value. The inability of deterministic
approach to account for variability and uncertainty could give misleading results. The
probabilistic risk assessment, therefore, enables risk managers to see the full range of variability
and uncertainty instead of being mislead into thinking that exposure, effects, and eventually risk
are point values. Knowledge of the range over which reliability and power quality indices
(system as well as feeder level) are expected to vary would be helpful to distribution engineers in
making appropriate allocation of the available resources towards the maintenance of distribution
system. Such an assessment can be made using the probability distributions of power quality and
reliability indices obtained from different statistical techniques.

The large amount of data gathered together as part of EPRI’s Distribution Power Quality (DPQ)
phase II study represents an opportunity to explore ways to predict voltage sags at locations
without monitoring. Each of the DPQ phase II sites has a number of site characteristics that can
be used in a statistical model to predict voltage sags. Such predictions can help utilities in many
ways. Predictions and prediction limits can define risks associated with performance-based
contract. Utilities can use predictions to decide if a given circuit area is under-performing
relative to other sites with similar characteristics. Utilities can pass on expected performance
numbers to their customers to help them fortify their facilities.

The work performed in 2003 and described in the EPRI report, Voltage Sag Prediction Model
using Distribution Power Quality Phase Il Data (EPRI, Palo Alto, CA: 2003. 1002199)
leverages previous year’s research and data analysis and provides approaches that can be used to
develop and test prediction models for voltage sags based on the DPQ phase Il dataset. The DPQ
phase II database was also combined with the database from the original DPQ study to form a
combined database from which prediction models for voltage sags were developed. The main
challenges were finding good models, dealing with sites that had unknown site characteristics,
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and analyzing the variability in the models. These are statistical regression models built from
optimizations of models containing several of the site characteristics available for the DPQ phase
IT and DPQ phase I sites

The variables most impacting SARFI, were tried in various model formulations. Only a few site
parameters are needed: substation transformer size, number of feeders on the bus, distribution
voltage level, total feeder length, lightning ground flash density, and a crude estimate of tree
coverage. The prediction model also includes an estimate of variability, which can be portrayed
as prediction limits. The DPQ I/DPQ II dataset has a number of sites where some of the site
characteristics are unknown. A multiple imputation-based technique was finally adopted to fill in
missing data in a manner that allows us to make predictions without the missing data distorting
the predictions. A relatively straightforward set of equations for the major SARFI, voltage sag
indices was found.

Project Objectives and Scope

Utilities widely record reliability indices such as SAIFI, SAIDI, number of outages, but most
have few power quality monitors. The major focus of this year's activity is focused towards
investigating if it may be possible to refine voltage-sag predictions using reliability indices. In a
statistical prediction model, the reliability indices would become another site characteristic. This
could improve power quality predictions and may also reveal interesting practical ties between
power quality and reliability.

This project leverages the analysis work conducted in 2003 and extends this to determine how
effectively reliability measures such as SAIFI, SAIDI, and number of outages, predict power
quality indices such as momentary interruptions and sags. Our goal is to provide insight on how
power quality varies by site, to find ways to predict quality at a site and what circuit parameters
cause the variations. Also, can reliability measures along with other circuit parameters be
adequate to predict the variations in power quality. Characteristics of the site (either at the feeder
level or at the substation level) help identify the major influences on SARFI, and MAIFI and
allow us to predict the level of quality at a location. Among other uses, utilities can use a
prediction of the quality at a given site to find good sites to locate sensitive customers, to
determine if a site is under-performing based on the given infrastructure, or to quantify the risk
of offering premium power services.

The starting point for this year's activity, therefore, was to expand the Distribution Power Quality
(DPQ) II dataset and include reliability data as well. As a part of this year's activity, the project
team obtained additional new data from two utilities that participated in the DPQ Phase II. The
overall objectives for this year's activity can be summarized as follows:

e Compare the shapes of the distributions of power quality and reliability measures to obtain
cursory information about correlations between different power quality and reliability
measures (for example SARFI, versus SAIFI or SAIDI versus MAIFI or SARFI, versus
MAIFI, etc.)

— Observe the goodness-of-fit for reliability and power quality measures and examine how
the distributions of SARFI, compare to those of SAIFI and SAIDI and MAIFI
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— Investigate whether the power quality and reliability indices in general follow a Normal
distribution or are the distributions skewed depending on the yearly as well site
variations’ in system performance (type of system, voltage level, exposure, etc.).

— Examine the variation in power quality and reliability at different locations. Identify if
distribution of reliability and power quality changes at feeder level and bus level.

Apply data from the two utilities that contributed to DPQ phase II to examine the variability
and uncertainty of power quality and reliability measures and apply advanced statistical
techniques that can capture the site variations as well as time variations that are inherent in
power systems

Evaluate relationships between site characteristics on voltage sags and reliability (including
and excluding major storms). How does the correlations change with respect to different
feeder characteristics namely total exposure (three-phase as well as single-phase), backbone
length, number of feeders, transformer size, load density, percentage underground versus
overhead, etc.

Ascertain if correlation exists between PQ indices and reliability indices. Correlations
between SARFI, (ITIC, 90, 80, 70, 50, 10) with respect to reliability measures such as
SAIFI, SAIDI, and outages counts were investigated. Correlation between MAIFI with
respect to reliability measures such as SAIFI, SAIDI, and outage counts were also
investigated.

Evaluate if correlations exist between PQ definition of momentary interruptions (SARFI, )
and reliability definition (MAIFI and MAIFL,).

Evaluate the effect of including and excluding major storms from the reliability data and how
these effect the overall prediction.

Develop and test prediction models’ for voltage sags and momentary interruptions based on
the two datasets. The variables most impacting SARFI, and MAIFI were tried in various
model formulations. The prediction model also includes an estimate of variability, which can
be portrayed as prediction limits

Ascertain how strong are the correlations between SARFI (or MAIFI) and SAIFI (or SAIDI
or Outages) relative to correlations between SARFI (or MAIFI) and one or more site
characteristics namely total feeder length or backbone length or number of feeders or
transformer size or load density or percentage underground versus overhead.

Investigate the correlations of PQ indices and the reliability indices as well as the prediction
models for voltage sags and momentary interruptions at different levels in the power system
(feeder level versus the bus level).

" For example, variability might refer to different feeders in a distribution system having different performance in
terms of voltage interruptions. In essence, some feeders will perform better than the others due to differences in
topology, weather, and existing system conditions, and so on.

® These are statistical regression models built from optimizations of models containing several of the site
characteristics available for the DPQ sites. The main challenges were finding good models, dealing with sites that
had unknown site characteristics, and analyzing the variability in the models.

1-9



Introduction

e Compare the linear models with more generalized models that predict the voltage-sag rate as
well as momentary interruptions at a particular site, given the feeder reliability indices and
site characteristics.

Data from one utility was for the period 1998-2003, while the second utility was from 2001-
2003. The main components of the prediction modeling are model fitting, variable selection, and
handling missing data and quantifying variability. Various models were analyzed, and the
variability and uncertainty in the models was analyzed. A relatively straightforward set of
equations for the voltage sag as well as momentary interruption based indices was found. From
this analysis, if we chose appropriate sets of site descriptors and reliability indices predictions of
Momentary Average Interruption Frequency Index (MAIFI) and all of the major SARFI (System
Average RMS Variation Frequency Index) indices can be obtained using the develop predictor
model.

Since current measurements were not available from the two utilities, understanding if inherent
differences exist in correlations (as well as the prediction models) between power quality and
reliability measures for transmission-based faults and distribution-based faults, could not be
investigated in this year's activity.

Data Collected from Two Candidate Utilities

As a part of this year's activity, the project team obtained additional new data from two utilities
that participated in the DPQ Phase II. The following points should be taken into consideration in
the interpretation of the results presented in this report:

e Monitor types

e Monitor settings

e System levels

Monitor Types

Different types of monitors record event data differently depending on sampling rates, triggering
algorithms, and data storage. The data collected from the two utilities in essence used similar

monitoring devices (Dranetz BMI 8010 and 7100). These power quality monitors sample a
waveform at 128 samples per cycle.

Monitor Settings

The triggering thresholds set for the monitors deployed by the two utilities were similar.

System Locations/Levels/Data Type

Data collected from the two utilities fell into two location categories (shown in Figure 1-2 and
Figure 1-3):
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Locations B: The typical monitoring configuration for this location is to have current
transformers (CTs) on the upstream of individual feeder breakers and potential transformers
(PTs) on the distribution bus. An example of this type of configuration is shown in Figure 1-
3. This is certainly an adequate way to measure voltage sags accurately (10%<V<90%).
However, there will be a difference in interruption counts if the desire is to track
interruptions on a particular feeder by voltage alone. The reason is that for PTs located on the
distribution bus, the voltage does not necessarily go to zero for faults out on the feeder being
monitored, even if the distribution feeder breaker opens.

Location E: The typical monitoring configuration for this location is to have current
transformers (CTs) measuring the total currents of the feeders (also referred as the
"totalizer") and potential transformers (PTs) on the distribution bus. An example of this type
of configuration is shown in Figure 1-2.

Additional information about these two dataset include:

Utility A:

19 substations at 13.8 kV

Reliability data’ from feeder monitors were obtained

Power Quality data from bus monitors were obtained

Data Collected ranged from 1998 through 2003

Site Characteristics for which data was available include:

— Total Feeder Exposure (single-phase as well as three-phase)
— Backbone Feeder Length

— Percentage Underground feeder

— Number of Feeders

— Transformer Rating and Impedance

— Load Density (number of customers per mile)

Utility B:

32 Substations at 12.47 and 13.8 kV (referred to as 15 kV)
350 Substations at 22.8 and 24 kV (referred to as 25 kV)
Reliability data" from feeder monitors were obtained

Power Quality data from bus as well as feeder monitors' were obtained.

 MAIFI data was not obtained from Utility A. Only SAIFI, SAIDI, and number of outages were available

' SAIFI, SAIDI, and MAIFI were available

" Note, feeder monitors were placed upstream to the breaker
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e Data Collected ranged from 2001 through 2003
— Total Feeder Exposure (single-phase as well as three-phase)
— Backbone Feeder Length
— Percentage Underground feeder
— Number of Feeders
— Transformer Rating and Impedance

— Load Density (number of customers per mile)
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2

EVALUATING TIME AND SPATIAL VARIABILITY IN
POWER QUALITY AND RELIABILITY INDICES

The first step in finding a model to predict voltage sags and momentary interruptions is to
understand the spatial and temporal variations that exist in the dataset. It provides insight into the
concepts of variability and uncertainty in data. These provide the basics of more in-depth
analysis that can be used to assess power quality service from monitored data.

Topics covered in this chapter include the following:

e Compare the shapes of the distributions of power quality and reliability measures to obtain
cursory information about correlations between different power quality and reliability
measures (for example SARFI, versus SAIFI or SAIDI versus MAIFI or SARFI, versus
MAIFI, etc.)

— Observe the goodness-of-fit for reliability and power quality measures and examine how
the distributions of SARFI, compare to those of SAIFI and SAIDI and MAIFI

— Investigate whether the power quality and reliability indices in general follow a Normal
distribution or are the distributions skewed depending on the yearly as well site
variations ' in system performance (type of system, voltage level, exposure, etc.).

— Examine the variation in power quality and reliability at different locations. Identify if
distribution of reliability and power quality changes at feeder level and bus level.

Apply data from the two utilities that contributed to DPQ phase II to examine the variability
and uncertainty of power quality and reliability measures and apply advanced statistical
techniques that can capture the site variations as well as time variations that are inherent
in power systems

Step-by-step procedures that were followed to address these objectives are provided.
Comprehensive evaluation of these procedures was carried out using two separate datasets. Data
from one utility was for the period 1998-2003, while the second utility was from 2001-2003.

e Performance Indicators of Interest: 1dentify the metrics (SAIFI, SAIDI, Outages, MAIFI,
SARFIL,) to measure supply quality.

" For example, variability might refer to different feeders in a distribution system having different performance in
terms of voltage interruptions. In essence, some feeders will perform better than the others due to differences in
topology, weather, and existing system conditions, and so on.
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o Compare Shape and Distributions of Power Quality and Reliability measures using
Advanced Analysis: 1f advanced statistical software is available, more advanced techniques
can be used to account for spatial and temporal variability and uncertainty. Two types of
approaches, namely parametric and nonparametric, can be used to account for data
uncertainty and variability. One may ask, “Which statistical approach does one need to use?”
The answer to this lies in assessing the distributional adequacy of a given dataset through the
use of probability plots and “goodness-of-fit” tests. Simple steps that may be performed
could include:

— Applying Parametric-Based Techniques: If a given dataset fits a standard statistical
distribution (Lognormal, Weibull, Gamma, etc.) with reasonable accuracy, use parametric
methods to estimate variability and uncertainty by constructing the cumulative
distribution function (CDF) and probability density function (PDF).

— Applying Non Parametric-Based Techniques: If a given dataset does not fit a standard
statistical distribution, apply non-parametric methods (Bootstrap, Monte-Carlo, etc.) to
estimate variability and uncertainty by constructing the cumulative distribution function
(CDF) and probability density function (PDF).

Measures for Distribution Reliability and Power Quality

Today, there are in excess of 40 distribution reliability indices, many of which are defined in
various Institute of Electrical and Electronic Engineers, Inc. (IEEE), EPRI, and other industry-
related documents. Reliability indices for distribution systems were defined as early as the 1970s
when The Edison Electric Institute Transmission and Distribution Committee developed a Guide
for Reliability Measurement and Data Collection. In general terms the measurement indexes that
have proven to be most useful and meaningful in power distribution system design are: """

e Load interruption frequency (number/unit time)

e Expected duration of load interruption events (time)

These indexes can be computed and then used to compute other indexes that are useful:
e Total expected (average) interruption time per year (or other time period)
e System availability or unavailability as measured at the load supply point in question

e Expected demanded, but unsupplied, energy per year

The two most commonly used indices based on sustained interruptions are the Service Average
Interruption Frequency Index (SAIFI) and Service Average Interruption Duration Index (SAIDI).
SAIFI is a measure of the number of sustained interruptions an average customer experiences
each year and SAIDI is a measure of the total duration of sustained interruptions that a customer
experiences every year. Also popular for sustained interruptions are indices on Customer

" Ayoub, A. K., and Patton, A. D., “A frequency and duration method for generating system reliability evaluation,”
IEEE Transactions on Power Apparatus and Systems, Nov. Dec. 1976, pp. 1929-1933.

" Billinton, R., and Allan, R. N, “Reliability Evaluation of Power Systems,” Plenum Publishing Corp., 1983.
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Average Interruption Duration (CAIDI) and Average Service Availability Index (ASAI). CAIDI
and ASAI are indices that can be derived from SAIFI and SAIDI.

Based on the IEEE Standard 1366, “Trial-Use Guide for Electric Power Distribution Reliability
Indices”, the following provides definitions for some of the indices. This document was
originally published in 1998 and since revised and published in 2001 entitled, IEEE “Guide for
Electric Power Distribution Reliability Indices”.

The following basic factors specify the data needed to calculate the indices:

1 An interruption event;

ri Restoration time for each interruption event;

E Event;

T Total;

ID i Number of interrupting device operations;.

ID & Interrupting device events during reporting period;

Ni Number of interrupted customers for each interruption event during reporting period;
Nt Total number of customers served for the area being indexed;

i Connected kV A load interrupted for each interruption event;
T Total connected kV A load served;

CN >n) Total number of customers who have experienced more than n sustained interruptions
during the reporting period;

CN Total number of customers who have experienced a sustained interruption during the
reporting period;

CNT (>n) Total number of customers who have experienced more than » sustained interruptions
and momentary interruption events during the reporting period;

k Number of interruptions experienced by an individual customer in the reporting period.

SAIFI System average interruption frequency index (sustained interruptions). This index is
designed to give information about the average frequency of sustained interruptions per customer
over a predefined area. In words the definition is:

Total number of customer interruptions
SAIFT = A P Eq. 2-1
Total number of customers served

To calculate the index use the following equation:

>N

T

SAIFT =

Eq. 2-2
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SAIDI System average interruption duration index. This index is commonly referred to as
customer minutes of interruption or customer hours, and is designed to provide information
about the average time the customers are interrupted. In words, the definition is:

Customer interruption durations
SAIDI = = d Eq. 2-3
Total number of customers served

To calculate the index, use the following equation:

> riNi

T

SAIDI =

Eq. 2-4

CAIDI Customer average interruption duration index. CAIDI represents the average time
required to restore service to the average customer per sustained interruption. In words, the
definition is:

2. Customer interruption durations

CAIDI = Eq. 2-5
Total number of customer interruptions
To calculate the index use the following equation:
caipy = =N _ SAIDI Eq. 26
Nr  SAIFI

ASAI Average service availability index. This index represents the fraction of time (often in
percentage) that a customer has power provided during one year or the defined reporting period.
In words, the definition is:

Customer hours service availability

ASAI =

- Eq. 2-7
Customer hours service demand

To calculate the index use the following equation:

ASAT = Nrx(No. of hours/year) - 2. riNi Eq. 28
Nrx(No. of hours/year)

System indices for reporting momentary outages were also introduced in the IEEE Standard
1366. In the past many short-term outages were not reported. These are of particular
consequence when determining service reliability for digital or highly automated process
industries, where a very short interruption has about the same impact on the process as a
sustained outage. The most used of the momentary outage indices is MAIFI.
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MAIFI Momentary average interruption frequency index. This index is very similar to SAIFI,
but it tracks the average frequency of momentary interruptions. In words, the definition is:

Total number of customer momentary interruptions

MAIFI = Eq. 2-9
Total number of customers served
To calculate the index, use the following equation:
MAIFI =m Eq. 2-10

T
Power Quality Prediction

SARFI Statistics

Several power quality indices have been introduced that are similar to the reliability index SAIFI
(System Average Interruption Frequency Index). Utilities can use these for some of the same
purposes as reliability indices: targeting areas for maintenance and circuit upgrades, tracking the
performance of regions, and documenting performance to regulators. The most widely used
power quality index is SARFI, defined as: ™"

SARFI , System Average RMS (Variation) Frequency Index: SARFI, represents the
average number of specified rms variation measurement events that occurred over the
assessment period per customer served, where the specified disturbances are those with a
magnitude less than X for sags or a magnitude greater than X for swells.

0
SARFI = Eq. 2-11

T

where,
X = rms voltage threshold; possible values - 140, 120, 110, 90, 80, 70, 50, and 10

It should be noted that system indices are calculated by weighting disturbance characteristics
according to the number of customers or connected kVA experiencing the disturbance. Detailed
data on the number of customers and connected kVA were not gathered as part of this project.
Consequently, this information is not available for calculating SARFI . Also, the SARFI index
has evolved over the years from a system-wide index to a more site-specific index where the

“ Reliability Benchmarking Application Guide for Utility/Customer PQ Indices, EPRI, Palo Alto, CA: 1999.
113781.

' Sabin, D. D., Grebe, T. E., and Sundaram, A., "RMS Voltage Variation Statistical Analysis for a Survey of
Distribution System Power Quality Performance," IEEE/PES Winter Meeting Power, February 1999.
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SARFI, equation reduces to a count of the number of sags that have a magnitude below the
specified RMS voltage threshold (X). Therefore, for this analysis, SARFI is taken as raw count
of the number of sags less than magnitude X.

The breakpoints were not chosen arbitrarily. The 90, 80, and 70% thresholds are boundaries of
the ITI curve, the 50% threshold is a typical breakpoint for motor contactors, and 10% is the
dividing line between a sag and an interruption. Two special variations of SARFI have also been
defined. SARFI . is the number of events below the lower ITI (Information Technology
Industry Council) curve. In similar fashion, SARFI,,, is the number of events below the SEMI
(Semiconductor Equipment and Materials International) curve.

For this analysis, we used a one-minute aggregation for events, and we excluded events with
duration longer than one minute.

The analysis in this report focuses mainly on SARFI, ., but several other SARFI values are
available in the combined dataset, including SARFI,, SARFI,, SARFL , and SARFI, . Table 2-1
and Table 2-4 provide the statistics of the two datasets that were used in this year's analysis. The
dataset for Utility B were divided based on the voltage levels. For Utility B, Feeders at 12.47 and
13.8Kv were combined and this dataset was referred to as "15KV Class". For Utility B, Feeders
at 22.8 and 24 kV were combined and this dataset was referred to as "25KV Class".

Table 2-2 and Table 2-4 shows how the site median and upper and lower quartiles changed with
location and with survey. Note the wide variation measured at different sites. For the purpose of
comparison, Table 2-5 provides similar results that were obtained using DPQ phase I as well
DPQ phase II dataset.

;;lgilzé:te Medians for Utility A and Utility B (15KV and 25KV Class)
Utility A Utility B
Feeder (15KV Class) | Bus (15KV Class) Bus (15KV Class) Bus (25KV Class)
SARFI, 9.00 8.00 21.0 45.0
SARFI,, 31.61 30.16 45.0 96.0
SARFI,, 13.00 12.00 33.0 74.0
SARFI, 7.00 6.02 20.0 46.0
SARFI,, 3.00 2.23 6.0 17.0
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giﬂ:ifsne Statistics for Utility A and Utility B by Survey and Location (15KV and 25KV Class)
1°" Quartile Median 3“ Quartile
Survey Site Location P(<25%) P(<50%) P(<75%)
Utility A Feeder (15KV Class) 6.0 9.0 12.0
Bus (15KV Class) 6.0 8.0 11.8
Utility B Bus (15KV Class) 11.0 21.0 37.0
Bus (25KV Class) 31.0 45.0 69.0
Table 2-3

SARFI Site Medians for Utility B (15KV and 25KV Class)

Bus (15KV Class)

Bus (25KV Class)

MAIFI (including storms)

9.8

10.3

MAIFI (excluding storms)

7.6

8.2

Table 2-4

MAIFI (Including and Excluding Storms) Site Statistics for Utility B by Survey and Location (15KV

and 25KV Class)

1" Quartile Median 3 Quartile
Survey Site Location P(<25%) P(<50%) P(<75%)
MAIFI (including storms)
Utility B Bus (15KV Class) 5.7 0.8 15.4
MAIFI (excluding storms)
Bus (15KV Class) 7.4 10.3 14.1
MAIFI (including storms)
Bus (25KV Class) 4.7 7.6 12.3
MAIFI (excluding storms)
Bus (25KV Class) 5.99 8.2 11
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Table 2-5
SARFI, Site Statistics by Survey and Location for DPQ Phase | and Il
Median

Survey Site Location P(<25%)| P(<50%) | P(<75%)
DPQ I [Transmission (N=53)[3.5 6.3 10.7
DPQ I Substation (N=183) |5.7 9.4 16.1
DPQ II Feeder (N=217) 14.4 22.1 35.9
DPQ | Substation 0.8 17.9 32.6
DPQ | Feeder 11.5 21.3 36.7

In general, we use the site median or actual distributions to characterize or compare the effects of
site parameters. As an indicator, the average or mean misrepresents the typical site power
quality. The median represents site data better, where by definition, 50% of sites have values
higher than the median, and 50% have values lower. With balanced distributions such as the
normal distribution, the average equals the median. In a skewed distribution like we see with the
power quality data, the average is higher than the median. Additionally, poor sites and anomalies
such as a severe storm skew the average upward.

In DPQ I, the feeder sites had a median that was 20% higher than substation sites (21.3 vs. 17.9).
In DPQ II, the feeder site median was 2.4 times the substation median (22.1 vs. 9.4). Much of
this difference is due to the difference in where the monitors were located in the two studies. In
the DPQ I study, the substation monitors were all downstream of the substation breaker. Whether
monitoring the substation bus or the substation feeder, the monitors in the DPQ II were located
upstream of the substation breaker. An example of this type of configuration is shown in Figure
1-3. What is seen as an interruption (zero voltage) on the distribution feeder and by monitors in
the DPQ I study is seen as just a voltage sag in the DPQ II study. The DPQ II study more
accurately shows what happens on the substation bus; the DPQ I study more accurately shows
what happens to voltages just outside of the substation.

Data collected from the two utilities (Utility A and Utility B) fell into two location categories
(shown in Figure 1-2 and Figure 1-3):

e Locations B: The typical monitoring configuration for this location is to have current
transformers (CTs) on the upstream of individual feeder breakers and potential transformers
(PTs) on the distribution bus. An example of this type of configuration is shown in Figure
1-3. This is certainly an adequate way to measure voltage sags accurately (10%<V<90%).
However, there will be a difference in interruption counts if the desire is to track
interruptions on a particular feeder by voltage alone. The reason is that for PTs located on the
distribution bus, the voltage does not necessarily go to zero for faults out on the feeder being
monitored, even if the distribution feeder breaker opens.
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e Location E: The typical monitoring configuration for this location is to have current
transformers (CTs) measuring the total currents of the feeders (also referred as the
"totalizer") and potential transformers (PTs) on the distribution bus. An example of this type
of configuration is shown in Figure 1-2. The locations for the two datasets (Utility A and
Utility B)

Figure 2-1 shows this variability with cumulative distributions by monitoring location. With this
graph, we see that 80% of distribution feeder sites have a SARFI . of at least 5 events per year.
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Cumulative Distribution of SARFI_. by Monitoring Location

ITIC

Probability Distributions of Power Quality and Reliability Variables

In general, supply quality data have two types of variability and uncertainty: spatial and
temporal. Spatial variability and uncertainty occur due to the fact that there will be differences
even within a distribution system due to load profile, bus design, geographical conditions, and
many other factors. Specifically, some feeders will perform better than the others. Temporal
variability and uncertainty account for the fact that the performance of a distribution system will
vary over a period of time. Temporal variation and uncertainty occur due to yearly variations in
weather patterns, aging of equipment, and design changes, among other causes. Therefore, it is
necessary to consider both spatial and temporal variability in order to accurately calculate the
chosen quality of supply indices.
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Also, based on the ongoing research activities in this area, it has been proven in the past that the
distribution of most reliability and power quality indices do not appropriately fit into a normal
distribution. Instead they have a large peak on the left and a long tail on the right, and exhibit
strong kurtosis, or skew (see Figure 2-6). In a skewed distribution, the average is higher than the
median. Additionally, poor performing sites and anomalies such as severe storms skew the
average upward. Since the distribution is not normal, all the characteristics derived based on the
assumption that the distribution is normal are invalid.

Subsequent sections in this chapter will focus on illustrating the use of some of these techniques
to compare the shapes of the distributions of power quality and reliability measures for the two
datasets. Aim is to obtain cursory information about correlations between different power quality
and reliability measures (for example SARFI, versus SAIFI or SAIDI versus MAIFI or SARFI
versus MAIFI, etc.)

Goodness-of-Fit Tests

Advanced probability techniques such as parametric and nonparametric can be used to account
for the inherent skewness that may exist for a dataset and thereby can provide a more accurate
estimate of spatial and temporal variability and uncertainty. Advanced probability methods
enable the reporting of indices based on probability/percentile representation that is more
accurate than a simple deterministic use of numbers such as an average or median of the given
index. Based on the ongoing research "' " activities in this area, it is known that most of the
reliability and power quality data can be fitted into a standard statistical distribution with
reasonable accuracy. Examples of different techniques that can be utilized to evaluate
uncertainties and variability include parametric bootstrapping, the Bayesian approach, and
maximum likelihood estimation (MLE). A comprehensive explanation of all these methods can
be found in most statistical reference books " *"*' * ** ** and advanced software manuals *.

"7 An Assessment of Distribution System Power Quality: Volumes 1-3, EPRI, Palo Alto, CA: 1996. TR-106294-V1,
TR-106294-V2, TR106294-V3.

" Nagaraj Balijepalli, “Advances in Distribution System Reliability Assessment,” Ph.D. Dissertation, Iowa State
University, 2002.

* Tim Bedford and Roger Cooke, Probabilistic Risk Analysis: Foundations and Methods, Cambridge University
Press, 2001

* Gerald J. Hahn and William Q. Meeker, Statistical Intervals: A Guide for Practitioners, John Wiley & Sons, Inc.,
1998.

* William Q. Meeker and Luis A. Escobar, Statistical Methods for Reliability Data, John Wiley & Sons, Inc., 1998.
* Elsayed A. Elsayed, Reliability Engineering, Addison Wesley Longman Inc., 1996.

* Wallace R. Blischke and D.N. Prabhakar Murthy, Reliability: Modeling, Prediction, and Optimization, John Wiley
& Sons Inc., 2000.

* A. C. Davison and D. V. Hinkley, Bootstrap Methods and Their Application, Cambridge University Press, 1997.
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In parametric approaches, a statistical distribution is first assumed for evaluating variability and
uncertainty bands. The data is first fitted to a statistical distribution (Lognormal, Weibull, and so
on). Probability plots are utilized to test the goodness-of-fit for a given dataset. A probability plot
(see Figure 2-2) can be used to obtain graphical estimates of parametric model parameters by
fitting a straight line through the points on a probability plot. If the dataset deviates considerably
from this straight line, a nonparametric framework may be more desirable.

7
Lognormal Distribution ML Fit {”

4 Weibull Distribution ML Fit Fa

-+ 95% Poinbwise Confidence Intenals F ,.-.

Frabability

SystemiideMAIF|

Figure 2-2
A Lognormal Probability Plot

Exploratory data analysis techniques such as goodness of fit tests, density plots, probability
density curves, and cumulative distribution plots provide a better understanding of whether or
not assumptions of statistical correlations and statistical differences in data sets are valid.
Goodness of fit (GOF) tests were performed to formally test the specific distribution
(Lognormal, Normal, Weibull, and so on) of the two utility's datasets. When goodness of fit
correlations are performed, three methods are typically used:

e Chi-squared
e Kolmogorov-Smirnov

e Anderson-Darling

The latter two are used in this analysis. Detailed explanations of these methods may be found in
any advanced statistics book. The results are shown in Tables 2-6 and 2-7.

* S-PLUS Resample Library User’s Manual, Beta Release 1, Insightful Corporation, 2002.
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;lelf_ezv(; Distributions of Power Quality and Reliability Variables for Utility A
Variable Storms | Method™ eff(i;c (i)(;,nt Best Fit | Normal an-lg-;rLiJ-Iar Nlacr)r?]-al Uniform r?é(rﬁ?a-l Weibull | Gamma
SAIFI Inc. K-S 0.0485 Gamma 0.0984 0.1161 0.0884 0.2735 0.2055 0.0672 0.0485
A-D 0.2462 Gamma 1.4039 1.1315 0.9594 8.5167 6.6814 0.4628 0.2462
SAIFI Ex. K-S 0.0772 Gamma 0.1390 0.2072 0.1671 0.3557 0.1975 0.0928 0.0772
A-D 0.4685 Gamma 1.9626 3.8520 3.5747 14.8731 5.3647 0.7090 0.4685
SAIDI Inc. K-S 0.0652 Gamma 0.1074 0.3534 0.1033 0.5246 0.1552 0.0803 0.0652
A-D 0.3452 Gamma 2.3259 15.0524 0.9879 37.8020 3.8305 0.6402 0.3452
SAIDI Ex. K-S 0.0518 Gamma 0.1062 0.1112 0.1661 0.2669 0.2180 0.0534 0.0518
A-D 0.2976 Weibul” | 0.9036 1.2310 3.5526 8.4896 4.7246 0.2976 0.3154
Outage Inc. K-S 0.0800 Gamma 0.1212 0.2723 0.1182 0.4584 0.1814 0.0850 0.0800
A-D 0.3102 Gamma 2.2512 10.1483 0.7928 30.9443 4.3032 0.4278 0.3102
Outage Ex. K-S 0.0693 Weibull? 0.1106 0.2625 0.1205 0.4289 0.1758 0.0693 0.0736
A-D 0.3370 Gamma 1.7083 8.1207 1.0788 26.3821 4.5973 0.3975 0.3370
SARFI. Inc. K-S 0.0792 Gamma 0.1099 0.1287 0.2882 0.2518 0.2931 0.0913 0.0792
A-D 0.3535 Gamma 0.7522 1.5545 12.6062 | 7.2239 9.3706 0.5235 0.3535
SARFI,, Inc. K-S 0.0531 Gamma 0.0695 0.1840 0.0896 0.3429 0.2982 0.0645 0.0531
A-D 0.2551 Gamma 0.4277 4.6450 1.0028 14.8407 12.3989 0.3112 0.2551

* K-S =Kolmogorov-Smirnov, A-D=Anderson-Darling.

 Next best fit is Gamma distribution.
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Table 2-6 (cont.)

Bus Level Distributions of Power Quality and Reliability Variables for Utility A
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Variable Storms | Method® effiCc ?c;nt Best Fit | Normal angij-lar Nt?rgn_al Uniform :;ﬂ?a'l Weibull | Gamma
SARFlI,, Inc. K-S 0.1004 Gamma 0.1401 0.2185 0.1640 0.2999 0.2920 0.1064 0.1004
A-D 0.4951 Gamma 0.9721 4.6829 1.5702 12.6641 10.5878 0.5969 0.4951
SARFI,, Inc. 0.0929 Triangula | 0.1279 0.0929 0.2893 0.2155 0.2850 0.1013 0.1003
K-S r
A-D 0.6981 Gamma 1.0688 0.8272 11.5783 5.2940 8.2873 0.7285 0.6981
SARFI,, Inc. K-S 0.1586 Weibull? 0.1675 0.2102 0.4215 0.3261 0.1707 0.1586 0.2615
A-D 2.3468 Normal 2.3468 8.4434 15.9031 22.4728 23.4769 4.2223 6.1325
SARFI,, Inc. K-S 0.4091 Normal 0.4091 0.7385 0.4637 0.7319 0.7439 0.7439 0.4760
A-D 15.6145 Normal 15.6145 191.2005 | 18.6844 169.5863 | 423.1359 | 614.9885 | 16.9207

* K-S =Kolmogorov-Smirnov, A-D=Anderson-Darling.
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;?JZI?_GZVZ| Distributions of Power Quality and Reliability Variables for Utility B, 15 kV Class.
Variable Storms | Method™ eff(i;c (i)(;,nt Best Fit | Normal an-lg-;rLiJ-Iar Nlacr)r?]-al Uniform r?é(rﬁ?a-l Weibull | Gamma
SAIFI Inc. K-S 0.0504 Gamma 0.1175 0.3362 0.0806 0.5185 0.1610 0.0516 0.0504
A-D 0.1725 Gamma 2.2412 17.5764 0.5368 45.2140 3.7943 0.2619 0.1725
SAIDI Inc. Log-
K-S 0.0469 normal® 0.2951 0.6401 0.0469 0.7205 0.2326 0.1034 0.1238
Log-
A-D 0.1994 normal’ 13.3411 90.4101 0.1994 120.0218 | 8.2317 1.4100 1.7369
MAIFI Inc. K-S 0.0722 Gamma 0.1836 0.3815 0.3493 0.5389 0.1261 0.1107 0.0722
A-D 0.7088 Gamma 5.8170 25.8092 19.9585 59.1409 2.6839 1.3866 0.7088
SARFI,,. Inc. K-S 0.0663 Weibull* 0.1776 0.3078 0.2913 0.4559 0.0716 0.0663 0.1175
A-D 0.9775 Weibull* 5.7299 21.5109 17.3104 53.7674 5.4300 0.9775 1.2814
SARFI,, Inc. K-S 0.0697 Weibull* 0.1748 0.3044 0.3060 0.4530 0.0788 0.0697 0.1148
A-D 1.0581 Weibull* 5.6567 21.9590 18.0154 54.1384 6.9449 1.0581 1.4549
SARFI,, Inc. K-S 0.0960 Weibull* 0.1967 0.3647 0.3737 0.5133 0.1209 0.0960 0.1404
A-D 1.8827 Weibull* 7.5688 33.9210 17.9540 68.4315 12.0623 2.0049 1.8827

* K-S =Kolmogorov-Smirnov, A-D=Anderson-Darling.

* Next best fit is Gamma distribution.
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Cumulative Probability
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Statistical inference (q-q plots) based tests were performed to evaluate how the shape of the
distribution amongst reliability and power quality indices compare. By evaluating the cumulative
distribution functions (CDFs) for the 25th, 50th, and 75th percentiles, we compared variability
amongst reliability and power quality indices. These are shown in Figure 2-3 through Figure 2-7.
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CDF Comparison: 15 kV Bus Voltage
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Individual plots of the PDF and CDF distributions of SAIFI, SAIDI, outages, as well as SARFI
were then calculated based on the fitted distribution. Figure 2-6 through Figure 2-16 show a

right skew, which is best matched by a generalized exponential distribution, such as Gamma,
Weibull and Lognormal. The figures shown are including storms, but similar results are seen

with storms excluded (see Appendix). Similarly, with SARFI, the distributions for SARFI

SARFL, and SARFIL are shown here, with other SARFI indices in the Appendix.
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Figure 2-8
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3

VARIABLES AFFECTING DISTRIBUTION RELIABILITY

INDICES

Even with the significant work and research that has been conducted to date regarding reliability
indices, there are still a lot of unknowns and unanswered questions. One thing for certain is that
there are numerous variables that can greatly impact the accuracy, uniformity, and consistency of

reliability indices (refer to Figure 3-1).

Definition & Data
Classification

Major Events

Interruption

Planned/Unplanned

Distribution/Transmission

Service Territory

Geography

Weather Pattern
Vegetation Pattern
Vehicle Access Pattern
Animal Activity

Data Collection Process
» Outage Notification

« Outage Reporting

» Step Restoration Process

» Customer to Network
Connectivity

Figure 3-1

System Design

Variables Impacting Distribution Reliability Indices

Urban/Rural/Downtown
Load Characteristics
Underground/Overhead
Voltage Level
Protection Scheme

This chapter provides a qualitative overview of some of the important variables that can impact
the accuracy, uniformity, and consistency of reliability indices.
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Outage Management Systems

One question being raised is “How accurate is the data?” With any type of information and data
collection, the analysis is only as good as the accuracy of the original data. With regards to
reliability information, much of the previous data and information were based on estimates of
customers impacted and estimated restoration times. This restoration time estimated the time
from when a customer originally called in to notify the utility of an outage, to when a service
truck was dispatched, to the final restoration of service.”'

However, today, many utilities are deploying sophisticated systems that more accurately track
various indicators such that the resulting reliability numbers are based on more accurate
information and data. Utilities that have very sophisticated management information systems
know exactly how many customers are connected to the power circuit, exactly where they are
connected, and how they relate to one another. Progressive utilities that have automated and
integrated systems often report the most accurate reliability indices. Such systems include
outage management system (OMS), geographical information system (GIS), and automated
mapping and facility management systems (AM/FM).”

Automated systems inherently provide for more accurate counting of customers served and
customers interrupted. In the early years of automation, this improved accuracy often results in
increased reliability indices that indicate an apparent degradation in service that is really only a
data collection anomaly. The net effect is that the utilities that have invested in improved and
automated systems are often penalized because of this perceived deterioration in service based
on the increased indice values. Surveys conducted indicate that utilities may experience as much
as a 75% increase in their reliability indices following automation.

Storm Normalization and Defining Major Events - Impact on Indices

Another question posed by policy makers and utilities is “Should we exclude storm events from
the overall reliability indices?” In the U.S., most state public utilities commissions allow
exclusion of major events. It is extremely difficult to use the indices as a valid utility reliability
benchmark and track performance improvement without excluding events that are clearly out of
control of the utilities responsibility. However, there are two primary rationales to be considered
in not allowing exclusion of major events: 1) there is no uniform or consistent set of definitions
for what a major event constitutes, therefore, all data should be maintained and kept “pure,” and
2) not allowing exclusion of major events makes it simpler for the reliability-reporting scheme
and removes any subjective bias, which may be inherent in defining major events.”

*' David Schepers, “Reliability Surveying — Segmenting for Comparability,” 2002

* Cheryl A. Warren Senior Member, IEEE, “Overview of 1366-2001 the Full Use Guide on Electric Power
Distribution Reliability Indices,” 2001

* David Schepers, “Reliability Surveying — Segmenting for Comparability,” 2002
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Some classify storm or major event based on a certain percentage of customers interrupted, while
others use some form of weather-based classification. If storms are not excluded, reliability
numbers increase as shown in Figure 3-2. The repair time (CAIDI) and the average total
interruptiogs time (SAIDI) increase the most if storm data is included. SAIFI is only moderately
impacted.’

The major drawback in reporting reliability numbers without excluding major events is the
difficulty in comparing results from year to year and utilizing the reliability indices as a
benchmark for the utilities performance or lack thereof. The practice of exempting major events
will result in data that indicates how the electrical system is maintained and managed, rather than
one that shows how bad the winter weather was. Traditional definition of “Major Events” were
based on a subjective criteria of adverse weather events such as:

A major storm is a period of adverse weather during which service interruptions affect
either 10 percent of customers in an operating area out of service for at least 2 hours, or
more than 2 percent of customers out of service for 24 hours.

Various methods are used to classify storms. The two common categories are based on:
1. Statistics—A common definition is 10% of customers affected within an operating area.

2. Weather—Common definitions are “interruptions caused by storms named by the national
weather service” and “interruptions caused during storms that lead to a declaration of a state
of emergency.”

Some utilities exclude other non-weather related interruptions including those scheduled or those
occurring from other parts of the utility system (normally substation or transmission caused
interruptions). Both are done for the same reasons as storm exclusions: neither scheduled
interruptions nor transmission-caused interruptions reflect the normal operating performance of
the distribution system.”

Because of the inherent subjectivity in defining “Major Events,” particularly as they relate to
weather-related conditions, the IEEE has established a taskforce to further address this issue.
The IEEE Working Group on System Design is engaged in proposing a statistically based
definition for “Major Event” classification as a revision to the existing IEEE Standard 1366
“Guide for Electric Power Distribution Reliability Indices” published in 2001. Previous work
conducted within the IEEE began laying a solid foundation for consistency in definitions for
distribution reliability indices and factors that effect their calculation and published the IEEE
Standard 1366, “Trial-Use Guide for Electric Power Distribution Reliability Indices” in 1998.

Presently under review and balloting for adoption, IEEE P1366 “DRAFT Full-Use Guide for
Electric Power Distribution Reliability Indices” incorporates a methodology, 2.5 Beta Method,

* Tom Short, EPRI PEAC, “Reliability Indices,” White Paper for T&D World, 2002

* Tom Short, EPRI PEAC, “Reliability Indices,” White Paper for T&D World, 2002
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for determination of major event days.™ It is anticipated that once the document is balloted, the
working group will continue to investigate the major event definition by reviewing catastrophic
events and days with zero events to determine if a modification to the definition is warranted.

One argument against the statistical approach is that major substation or transmission outages
should be considered as “major events” and be excluded from indices. From the customer’s point
of view, major event or no major event, an interruption is still a power outage impacting
customers and manifested in loss of production, scrapped material, lost revenues, or a missed
sporting event on Pay-Per-View television. And it is for this reason that some regulators hesitate
to allow exclusions at all.”
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Figure 3-2
Impact of Major Events on Indices [EEI Survey 1999]

Distribution Automation

Another question that can significantly impact reliability indices is “To what level or
sophistication has the utility implemented distribution automation and other supervisory control
and data acquisition (SCADA)?” Larger utilities that have enhanced data and, therefore, higher
numbers might be penalized. Conversely, smaller utilities that may not be able to financially

* IEEE P1366 — Draft 12, “Draft Full Use Guide for Electric Power Distribution Reliability Indices,” February
2003

“ Tom Short, EPRI PEAC, “Reliability Indices,” White Paper for T&D World, 2002
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justify such elaborate systems may object to being compared to others who have implemented
automated distribution systems. In either case, to be able to appropriately compare indices, it is
important to note which utilities have implemented such systems and the extent of
implementation.™

Geography, Circuit Exposure, and Supply Configuration

“Physically, what type of region does a utility serve and with what type of supply
configuration?” Answers to both of these questions can dramatically affect the reliability
numbers. Service territories generally include urban, suburban, or rural, or more likely, some
combination of all of these. Distribution systems designed for rural areas are generally made up
of smaller substations with long radial circuits extending for many miles with little redundancy
and few circuit ties. In contrast, systems in dense urban areas often deploy grid like systems and
incorporate larger substations often with redundant facilities, shorter circuit lengths, and multiple
feeds.

Circuit distance alone is a substantial reliability issue; longer circuits have inherently more
interruptions. This is due to the fact that more circuit length equates to more exposure and more
points of potential failure. Most of the change is in SAIFI; the repair time (CAIDI) is less
dependent on circuit lengths. Figure 3-3 shows the effect on SAIFI at one utility in the
southwest.”

1.5

1.0

SAIFI

0.5

0.0

Figure 3-3
Effect of Circuit Length on Indices

* David Schepers, “Reliability Surveying — Segmenting for Comparability,” 2002

* Tom Short, EPRI PEAC, “Reliability Indices,” White Paper for T&D World, 2002
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Another validation that urban areas have inherently better indices is the 2000 Indianapolis Power
and Light survey that only included performance of utilities in large cities. As expected, the
SAID and SAIFI results for urban areas resulted in a 28% improvement than utility surveys that
included both urban and rural service territories.

The distribution supply and configuration also greatly impacts reliability, which is also related to
geography. Radial circuits provide the poorest service; grid networks provide exceptionally
reliable service. Table 3-1 provides estimated reliability for several common distribution supply
configurations developed by New York City’s Consolidated Edison. Note that the repair time
(CAIDI) increases for the more urban configurations. Being underground and dealing with traffic
increases the time for repairs.

Table 3-1
Comparison of Reliability of Different Distribution Configurations [Settembrini et. al., 1991]
SAIFI Interruptions/Year CAIDI MAIFI
Minutes/Interruption Momentary
Interruptions/Year
Simple radial 0.3t01.3 90 51010
Primary auto-loop 0.41t00.7 65 10to 15
Underground 0.41t00.7 60 4108
residential
Primary selective 0.1t00.5 180 4t08
Secondary selective 0.1t00.5 180 2.to4
Spot network 0.021t0 0.1 180 Oto 1
Grid network 0.005 10 0.02 135 0

Based on Table 3-1, simple radial systems have the highest SAIFI while grid network have the
smallest SAIFI values.

Some countries, such as Australia, have undertaken further refinement of the averages by
segmenting the network into different categories such as Commercial Business District (CBD),
Urban, Rural, and Remote. This categorization is primarily an effort to distinguish the inherent
differences in network topologies and an attempt to compare “apples to apples” when evaluating
the performance of different distribution businesses (refer to Table 3-2).”

“ EPRI, “Future Power Quality and Reliability Requirement for South Australia,” 2001
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Table 3-2
Historical Trend of System Average Interruption Duration Index (SAIDI) for the Four
Different Categories of Networks Maintained by Australian Utilities

Year
Network Category
1995/96 1996/97 1997/98 1998/99 1999/00
CBD - - 23.5 5.1 12.4
Urban - 83.0 85.8 93.1 99.5
Rural - 164.0 143.4 130.6 141.9
Remote - 300.0 244.2 230.6 237.0
Total SAIDI Average | 116.0 118.4 112.6 110.4 118.6

Customer Perception of Service Quality

A primary question still remains — “How accurately do these system-wide average indices reflect
the customer perception of reliability of electric power?”” The answer to this question lies in the
statistical distribution of the indices. At this point without getting into the details regarding
statistical analysis, distribution of reliability indices, in general do not follow a normal
distribution; and therefore, “average” is not a good representation of the population. In most
cases, the distribution is skewed by the performance of a number of feeders and, overall, the
median (what 50% of the customers will see as interruptions) is not equal to nor a close
approximation of the average performance of the entire network.
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VARIABLES AFFECTING POWER QUALITY AND
MOMENTARY INTERRUPTIONS

The next step is to find out what site parameters and distribution reliability indices affect sags the
most. This is an issue that’s worth investigating on its own right and adds insight on ways to
improve power quality to end-use customers.

Topics covered in this chapter include the following:

e Evaluate relationships between site characteristics on voltage sags and reliability (including
and excluding major storms). How does the correlations change with respect to different
feeder characteristics namely total exposure (three-phase as well as single-phase), backbone
length, number of feeders, transformer size, load density, percentage underground versus
overhead, etc.

e Ascertain if correlation exists between PQ indices and reliability indices. Correlations
between SARFI, (ITIC, 90, 80, 70, 50, 10) with respect to reliability measures such as
SAIFI, SAIDI, and outages counts were investigated. Correlation between MAIFI with
respect to reliability measures such as SAIFI, SAIDI, and outage counts were also
investigated.

e Evaluate if correlations exist between PQ definition of momentary interruptions (SARFI, )
and reliability definition (MAIFI and MAIFL,).

e Evaluate the effect of including and excluding major storms from the reliability data and how
these effect the overall prediction.

Parameters Available in the Datasets

A number of site characteristics are available for the monitoring locations. Descriptions of these
follow:

Monitoring location — It describes the location of the monitor as one of the following:
e Bus

o Feeder

Both the “Substation” and “Feeder” types are on the distribution system for the two utilities

4-1



Variables Affecting Power Quality and Momentary Interruptions

Load density — The load density is described as one of the following:
e Urban
e Suburban

e Rural
The load density is classified according to a 0-30, 31-70 and 71-100 percentile distribution.

Feeder construction — Utilities were asked to describe the feeder construction as one of the
following:
e (Overhead

e Underground

e Mixed

Where utilities provided circuit lengths, a circuit was classified as overhead if it was more than
2/3 overhead, underground if it was more than 2/3 underground, or mixed.

Nominal distribution base voltage — This is the nominal line-to-line voltage in kilovolts.
Feeder length — The length is the total circuit miles on just the feeder monitored.

Substation transformer size — This is the base MV A rating (the open-air or OA rating) of the
transformer.

Number of feeders — This is the number of feeders off the substation bus. If a utility uses parallel
busses (closed bus ties), we divided the number of feeders by the number of busses to obtain a
“feeders per bus” number. Therefore, you may notice a non-integer number of feeders in some of
the graphs.

Monitor days — This is the number of days that the monitor recorded. We sometimes used this to
weight distributions or regression models.

The SARFI statistics at each site were analyzed separately. The site characteristics data did have
many missing values, which we had to contend with.

Electrical Parameters That are Important for Sags

The voltage during the fault at the substation bus is given by the voltage-divider expression in
Figure 4-1 based on the source impedance (), the feeder line impedance (Z), and the prefault
voltage (V). This voltage can be at the substation bus or another location on the power system.
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Fault

Vs =
Y Z+Z

Figure 4-1
Voltage Divider Equation Giving the Voltage at the Bus for a Fault Downstream

The voltage will sag deeper for faults electrically closer to the bus (smaller Z). Also, as the
available fault current decreases (larger Z), the sag becomes deeper. The source impedance
includes the transformer impedance plus the subtransmission source impedance (often,
subtransmission impedance is small enough to be ignored). The impedances used in the equation
depend on the type of fault it is. For a three-phase fault (giving the most severe voltage sag), use
the positive-sequence impedance (Z, = Z,). For a line-to-ground fault (the least severe voltage
sag), use the loop impedance, which is Z = (2Z,+ Z,)/3. A good approximation is 1 ohm for the
substation transformer (which represents a 7- to 8-kA bus fault current) and 1 ohm per mile (0.6
Q)/km) of overhead line for ground faults. For accuracy, use complex division because the
impedances are complex, but for back-of-the-envelope, first-approximation calculations, use the
impedance magnitude.

Note that this can be used for any type of fault as long as the appropriate fault values are used in
the equation. If the angles are ignored, the equation is an approximation (which is usually
acceptable). Figure 4-2 shows a profile of the substation bus voltage for faults at the given
distance along the line for 12.47, 24.94, and 34.5 kV. The higher-voltage systems have more
severe voltage sags for faults at a given distance. The graph also shows that three-phase faults
cause more severe sags. Figure 4-3 compares sags on underground and overhead systems.
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Figure 4-2
Substation Voltage Profile for Faults at the Given Distance (Single-Phase and Three-Phase
Faults Are Shown for Each Voltage)
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Figure 4-3
Comparison of Substation Voltage for Faults on Overhead Circuits and Cable Circuits at
the Given Distance (Single-Phase and Three-Phase Faults Are Shown)

The effect of feeder faults on voltage sags at the substation bus can be estimated with the
following equation:

— Vsag ZS
S(Vsag) —n/XT Zf Eq. 41
sag

where,

S = annual number of sags per year where the voltage sags below V.

sag

V_ = per-unit voltage sag level of interest (in the range of O to 1, such as 0.7)

sag

n.= number of feeders off the bus

A = feeder mains fault rate per mile (or other unit of distance) per phase, including faults
on laterals and including both temporary and permanent faults

Z, = feeder impedance in ohms per mile (or other unit of distance); usually use Z, =
(2Z +Z7,)/3 for ground faults

Z_ = source impedance in ohms
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The distribution of voltage sags based on this equation is shown in Figure 4-4 for some common
parameters. Several points are noted from this analysis on voltage sags:

4-6

Exposure — For 15-kV circuits, we can ignore exposure beyond the first 2 or 3 miles (4 or 5
kilometers) for sags to the bus voltage. The first mile or two is most important as far as
circuit improvement, maintenance, or application of current-limiting fuses.

System voltage — Sags are more severe on higher voltage distribution systems (especially at
34.5 kV). A fault 4 miles from the substation sags the voltage much more on a 25-kV system
than on a 12-kV system because the substation transformer is a higher impedance relative to
the line impedance at higher system voltages. For 24.94 kV, exposure as far as five miles
from the station is significant.

Single versus three-phase faults — Three-phase faults cause more severe sags than single-line-
to-ground faults. Three-phase faults farther away can pull the voltage down.

Underground versus overhead — All-underground circuits have more exposure to sags
because cables have lower impedance than overhead lines.

Number of feeders — The number of sags on the station bus is directly proportional to the
number of feeders off the bus.

Transformer impedance — A lower station transformer impedance (a bigger transformer or
lower percent impedance) improves voltage sags.

Bus tie — It does not matter whether a substation bus tie is open or closed. If it is open, a fault
affects only half of the feeders. A fault that does occur forces a deeper sag because of a
higher effective source impedance. These two effects tend to cancel each other.

Voltage regulation — Raising the nominal voltage improves the voltage seen by customers
during a fault. Say that a fault drops the voltage to 0.8 per unit, and the prefault voltage was
1.0 per unit. If the prefault voltage were 1.1 per unit, the voltage during the sag is 0.88 per
unit. This is not a big difference, but for equipment sensitive to sags to 0.7 to 0.85 per unit,
higher voltages appreciably reduce the number of tripouts.
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Annual number of sags below the x-axis value

Per-unit voltage magnitude

Figure 4-4

Cumulative Distribution of Substation Bus Voltage Sags per Year for the Given (25-MVA,
10% Transformer, 500-kcmil Feeder, n=2 or 4 Feeders off the Bus, A = 1 Faults/Phase/Mile
of Mains/Year, Assumes Line-to-Ground Faults Only)

Customers at the end of a circuit have more severe voltage sags because almost all faults
upstream appear as little or no voltage (most actually fit the power quality definition of an
interruption, a voltage to below 10%).

This section explains the theory behind some of the parameters. In the next section, we will
investigate the impact of some of these variables on actual data. One of the parameters that we
will investigate in more detail is:

Eq. 4-2
MVA q

xfinr

The number of bus sags is directly proportional to n,, the number of feeders off the bus, and to
Z,, the source impedance (a lower station transformer impedance, a bigger transformer or lower
percent impedance, reduces the severity of voltage sags at the station bus). The transformer
impedance is Z,kV'/MVA ,, ; but because the per-unit impedance of station transformers is
roughly constant (7 to 10%), we use kV'/MVA

xfrmr®
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Correlation Of SARFI, and Site Parameters

Feeder Correlation

Feeder monitors are typically triggered on current only and depends which side of the breaker it
is. Therefore in order to account for what will be the true sag count that a customer on a feeder
will see we have to use bus monitor's sag count especially if we are trying to make correlation of
voltage sags with respect to site characteristics and reliability.

Note for Utility A we did not have SARFI, data from feeder monitors. The SARFI, were
obtained from bus monitors. We took this number and assigned this to individual feeders.

For Utility B even though we had feeder monitors, these were also triggered on currents and does
not account for what the true sag count will be (faults on the other feeders will also cause a sag
on feeder 1. The customer on feeder 1 will also see the sag but the feeder monitor will not count
that sag)

The plots in Figure 4-5 through 4-8 are evidence to support that we will not get any correlation if
we take bus monitor sag count and correlate these with individual feeders. Note these plots are
evidence to show that no correlation exists when we try to correlate SARFI, using data recorded
by bus monitors with feeder characteristics
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Figure 4-5

Feeder Level Correlations for SARFI_ITIC at Utility A — (Lack of Correlation Between
SARFIL_ITIC Measured by Bus Monitor and Feeder Characteristics)
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Feeder Level Correlations for SARFI_70 at Utility A — (Lack of Correlation Between
SARFI_70 Measured by Bus Monitor and Feeder Characteristics)
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Feeder Level Correlations for SARFI_80 at Utility A — (Lack of Correlation Between
SARFI_80 Measured by Bus Monitor and Feeder Characteristics)
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Figure 4-8
Feeder Level Correlations for SARFI_50 at Utility A — (Lack of Correlation Between
SARFI_50 Measured by Bus Monitor and Feeder Characteristics)

Substation/Bus Level Correlation

Figure 4-9 through Figure 4-16 show the effect of site parameters on SARFI, ., SARFL
SAREFI,,, and MAIFI using substation data. . The graph also shows a linear curvefit and a
correlation coefficient. Note the high variability of data. Some of the site parameters have some
correlation, but again, the data does not show any of the parameters dominating.

The numbers in blue are the coefficient of correlation (r). This shows that exposure and number
of feeders have the highest influence on reliability and power quality indices. Correlation
coefficients are higher for feeder length, backbone length and number of feeders and the product

n kv?:
term ———. Correlations for the product term were better for Utility A than for Utility B. For

SARFI,, ., transformer ratings and load density do not have significant correlation. The same
trend exists for SARFI 70, 80 and 90. In general, as the SARFI number decreases, the
correlation worsens as well.Also, the circuit lengths in these tables and graphs are circuit miles
of all feeders fed from the substation bus, whereas the circuit lengths for the feeder sites were
just for the feeder where the monitor was.
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Note however that the correlation cannot prove that the change in the value of one variable
caused the change in the other variable. A strong correlation can be produced simply by chance,
by the effect of other external variables not considered in the calculations, or by the cause-and-
effect relationship. Additional analysis in the form of linear and generalized regressions is
required.
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SARFI Site Variations With Various Parameters. Bus Level — Utility A
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SAIRFIl,, Site Variations With Various Parameters. Bus Level — Utility A
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MAIFI Site Variations With Various Parameters. Bus Level (15KV) — Utility B
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MAIFI Site Variations With Various Parameters. Bus Level (25KV) — Utility B
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Correlations Between Power Quality and Reliability Variables

The next step is to ascertain if correlation exists between PQ indices and reliability indices.
Correlations between SARFI, (ITIC, 90, 80, 70, 50, 10) with respect to reliability measures such
as SAIFI, SAIDI, and outages counts were analyzed for the two utilities. Correlation between
MAIFI with respect to reliability measures such as SAIFI, SAIDI, and outage counts were also
investigated. The correlations were performed both with and without storms. The following
figures and tables show the correlations at the feeder level and the bus level. The strength of
relationship between the two variables of interest is quantified by coefficient of correlation (r).
The number may be expressed either in per unit or as a percentage. Values of r can vary from —1
(-100%) for a perfect negative correlation up to +1 (+100%) for a perfect positive correlation.
For example in Table 4-1, the coefficient of correlation between SARFL, and SAIFI with storms
1s 42% or 0.42 at bus level. In Tables 4-1 through 4-4, the highest SARFI correlations are with
the Bus variables, rather than the Feeder variables. This is because outages near the end of a
long feeder, while picked up as feeder reliability data would be registered as power quality data
on the bus.

Table 4-1
Coefficient of Correlation (Expressed as a Percentage) Between Power Quality and
Reliability Variables— Utility A

With Storms Without Storms
Level SARFI SAIFI Number of SAIDI SAIFI Number of SAIDI
Variable Outages Outages
Feeder | SARFL, 15 3 14 17 3 15
SARFI,, 11 1 9 15 1 14
SARFI . 23 9 20 22 9 19
Bus SARFL, 42 20 31 41 20 41
SARFI,, 36 20 29 43 20 48
SARFI, . 54 40 39 48 30 45
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Table 4-2
Coefficient of Correlation (Expressed as a Percentage) Between Power Quality and
Reliability Variables at Bus Level- Utility B

Bus With Storms Without Storms
Level
SARFI SAIFI SAIDI SAIFI SAIDI
Variable
15 kV SARFI,. 38 5 40 -3
SARFI,, 17 -1 18 -6
MAIFI 38 23 55 60
(with
storms)
MAIFI (w/o | 38 12 55 56
storms)
25 kV SARFI,. 40 28 26 11
SARFI,, 32 25 20 7
MAIFI 54 37 35 27
(with
storms)
MAIFI (w/o | 20 7 32 24
storms)
Table 4-3

Coefficient of Correlation (Expressed as a Percentage) Between Power Quality Variables —
Utility A

SARFI,, SARFI, | SARFl, | SARFl, | SARFI.
Feeder 26 73 60 92
Bus 31 77 60 93
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Coefficient of Correlation (Expressed as a Percentage) Between Bus Level Power Quality

Variables — Utility B

Variable Voltage Storms SARFI,, SARFI,, SARFI, SARFI,, SARFI, .
Class
SARFI,, 15 kV Included 28 79 100 83 N/A
25 kV Included 36 86 100 86 N/A
MAIFI 15 kV Included -3 3 - 37 26
Excluded -2 3 - 36 25
25 kV Included 11 34 - 44 42
Excluded 10 27 - 27 30

Figure 4-17 and Figure 4-19 shows correlations between SARFI_ITIC and reliability variables,

while Figure 4-20 and Figure 4-24 shows the correlation with other forms of SARFI.

SARFI_ITIC and SARFI_70 go hand in hand for both utilities.

The numbers in blue are the coefficient of correlation. This shows that the correlation of
SARFI_ITIC is better with SAIFI and SAIDI as compared to outages. Note however that the
correlation cannot prove that the change in the value of one variable caused the change in the
other variable. A strong correlation can be produced simply by chance, by the effect of other
external variables not considered in the calculations, or by the cause-and-effect relationship.
Additional analysis in the form of linear and generalized regressions is required to verify
presence of a cause-and-effect relationship.
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Figure 4-23
Correlations Between Variations of SARFI. Bus Level - Utility B

Note the lack of correlation between MAIFI and SARFI, for Utility B. SARFI,, count for Utility
B did not include sags due momentary interruptions caused by breaker operation because the
monitors were placed upstream of feeder breakers (refer Figure 1-3). A momentary interruption
is unlikely to cause deep sag at this monitor location.
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MAIFI Including Storms
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Figure 4-24
Correlations Between Variations of SARFI. Bus Level — Utility B

Variations with Parameters

Table 4-5 and Table 4-6 shows the impact of various site characteristics on SARFI, . using
substation data. Many trends are expected. Urban sites tend to have fewer sags than suburban or
rural sites. Higher voltage systems have more sags than lower voltage systems. No single site
characteristic dominates.
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Table 4-5

SARFI,. Site Statistics by Various Site Characteristics Utility A

SARFI__ Bus Level — Utility A

Site Parameters Category P (25%) Median Mean P (75%)
All Data 6.000 8.000 8.847 11.780
Total Feeder Length
0-30% 4.000 7.000 6.748 8.000
30%-70% 6.012 9.500 8.840 11.340
70-100% 7117 10.000 10.960 | 14.080
Backbone Length
0-30% 5.250 7.010 7.242 9.000
30%-70% 6.000 9.000 8.798 12.000
70-100% 6.500 9.100 10.730 | 15.040
Number of Feeders
n<b5 4.011 7.000 6.519 8.022
>5n, <9 6.797 10.000 9.933 12.010
n>9 6.500 10.000 10.100 | 13.070
Station Transformer (MVA)
Xfmr,, < 25 6.000 7.667 8.721 11.020
>25 Xfmr_, <36 6.000 8.689 9.003 12.000
Xfmr,, > 36 6.750 7.558 8.732 11.340
Load Density
0-30% 7.000 8.000 9.349 11.060
30%-70% 6.000 9.000 9.117 12.000
70-100% 6.000 7.078 8.000 10.000
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Table 4-6
SARFI_ Site Statistics by Various Site Characteristics Utility B (15KV Class)

SARFI, Bus Level

Site Parameters Category P (25%) Median Mean P (75%)
All Data 11.0 21.0 26.6 37.0
Total Feeder Length
0-30% 6.3 11.0 12.1 13.0
30%-70% 12.0 22.0 274 35.0
70-100% 21.3 42.5 42.6 60.0
Percent Underground
0-30% 9.3 14.0 18.9 23.5
30%-70% 10.0 17.0 28.0 43.0
70-100% 15.0 26.0 33.7 47.0
Number of Feeders
n<5 6.0 9.0 8.0 11.0
>5n, <9 18.0 26.0 33.7 43.0
n>9 52.0 53.0 57.3 60.5
Load Density
0-30% 7.0 10.0 15.0 22.0
30%-70% 12.0 20.5 32.0 52.0
70-100% 13.0 33.0 31.6 40.0
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Bin Level Correlations with Site Parameters.

More detailed examination of the correlations with site parameters was performed by breaking
the parameters into bins of 0-30%, 31-70% and 71-100%. Using Utility A data (Figures 4-25
through Figure 4-27) we observe that better correlation exists between SARFI_ITIC and SAIFI,
than correlations between SARFI_ITIC and SAIDI or outages. Utility B data (Figure 4-28
through Figure 4-31) extends this to MAIFI, showing good correlations with SAIFI and poorer
correlations with SAIDI (not shown).
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SARFI,. Bin Variations With Outages and Feeder Length. Bus Level — Utility A
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SARFI. Bin Variations With SAIFI and Feeder Length. 15 kV Bus Level — Utility B
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SARFI. Bin Variations With SAIFI and Feeder Length. 25 kV Bus Level — Utility B
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MAIFI Bin Variations With SAIFI and Feeder Length. 15 kV Bus Level — Utility B
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Figure 4-31
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5

PREDICTION APPROACH

Utilities widely record reliability indices such as SAIFI, SAIDI, number of outages, but most
have few power quality monitors. Another major focus of this year's activity is geared towards
investigating if it may be possible to refine voltage-sag predictions using reliability indices. In a
statistical prediction model, the reliability indices would become another site characteristic. This
could improve power quality predictions and may also reveal interesting practical ties between
power quality and reliability.

There are no magic procedures to get you the "best model". In some sense model selection is like
data mining. The R-square statistic and the multiple correlation coefficients, discussed in the
earlier chapters, are descriptive measures of how strong the linear association is between the
observed and fitted Y values, but they are not tests of goodness of fit per se. Other measures of
fit such as the adjusted R-square and Akaike information criterion (AIC) are designed to take
into account the number of X variables in the model. Because R-square can never decrease as
new X variables are added, the adjusted R-square or AIC may give a better idea of how the
strength of the association between the observed and fitted Y values has changed as X variables
are added to or deleted from the model. One method of deciding which model is more
appropriate than the other is therefore based on Akaike™s information criterion (AIC). The
model with the lowest AIC value gives the best model. The adjusted R-square may in fact
decrease if a new X variable does not substantially increase the amount of variation in Y
explained by the X variables.

The next step therefore includes:

e Develop and test prediction models" for voltage sags and momentary interruptions based on
the two datasets. The variables most impacting SARFI, and MAIFI were tried in various
model formulations. The prediction model also includes an estimate of variability, which can
be portrayed as prediction limits

e Ascertain how strong are the correlations between SARFI (or MAIFI) and SAIFI (or SAIDI
or Outages) relative to correlations between SARFI (or MAIFI) and one or more site
characteristics namely total feeder length or backbone length or number of feeders or
transformer size or load density or percentage underground versus overhead.

e Investigate the correlations of PQ indices and the reliability indices as well as the prediction
models for voltage sags and momentary interruptions at different levels in the power system
(feeder level versus the bus level).

*' These are statistical regression models built from optimizations of models containing several of the site
characteristics available for the DPQ sites. The main challenges were finding good models, dealing with sites that
had unknown site characteristics, and analyzing the variability in the models.
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e Compare the linear models with more generalized models that predict the voltage-sag rate as
well as momentary interruptions at a particular site, given the feeder reliability indices and
site characteristics.

This chapter briefly provides theoretical discussions on the prediction approach used in this
study.

Model Fitting

Regression techniques are commonly used to find a model prediction formula. Several model
types are available. We explored various linear models. For more information on the modeling
strategy used here, see Venables and Ripley” and McCullagh and Nelder”.

A linear model is a fit to an equation of the following form:
y=axt+ax,+---+a,x,+& Eq. 5-1

The x’s are site characteristics (such as base voltage or lightning flash density), and the a’s are

coefficients fitted to the model. The € is the error distribution, which is Gaussian in the
traditional linear model.

A generalized linear model is somewhat different from a standard linear model; we used a
generalization where the distribution of the error € is assumed to be a Gamma distribution rather
than a Normal distribution in a strictly linear model. A Gamma distribution skews to the right,
like a lognormal distribution. The asymmetric distribution improved the predictions over strictly
linear models with a Normal (Gaussian) distribution.

The Gamma error distribution is an important feature of the prediction model. It allows more
accurate predictions, and it provides a better estimate of the variability and uncertainty in the
answer. A comparison of the distributions of the DPQ I/DPQ II feeder data for SARFI . along
with fits to Normal and Gamma distributions are shown in Figure 5-1.

1TIC

* Venables, W. N. and Ripley, B. D., Modern Applied Statistics with S-PLUS. Third Edition, Springer, 1999.

. McCullagh, P. and Nelder, J., Generalized Linear Models, Chapman & Hall, London, U.K., 1989.
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Comparison of the SARFI_. Data With Normal and Gamma Distribution Fits (Cumulative
Distributions and Probability Densities)

Another common generalized linear model that is often used in reliability modeling is the
Gamma distribution with a logarithmic link. This model is of the following form:

y=exp(apg+ajx|+ayxy +---+a,x,) =kyexp(a;x,)exp(a;x;)---exp(a,x, ) Eq.5-2

In this case, the explanatory variables contribute to the prediction multiplicatively rather than
additively. We found some logarithmic-link models that were almost as good as the additive
linear model with the Gamma distribution. But because they were no better than strictly linear

models, the linear models were used.

Several different methods are available for choosing models. The most straightforward is the
deviance, the measure that is being optimized. For a standard linear model, the deviance is the
residual sum of squares. For a generalized linear model, the deviance is the log-likelihood.
Another more general way to grade models is with the AIC (Akaike Information Criterion). The
AIC includes a penalty on the number of terms as well as the log likelihood (adding more terms
to a model reduces the degrees of freedom). We chose models with the lowest AIC score.

Most of the modeling on this project was developed using the S language,” either the open-
source version known as R (www.r-project.org) and/or the commercial S-PLUS software

(www.insightful.com).

* Becker, R. A., Chambers, J. M., and Wilks, A. R., The NEW S Language, Chapman & Hall, 1988.
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Predicting Variability

One of the most important results of a prediction is an estimate of the variability and accuracy of
the model. Two measures are often used to quantify the precision:

e Confidence interval — Of all sites with the given site characteristics, the average SARFI of
all sites will fill within this interval at a given percentage of confidence (say 95%).

e Prediction interval — Of all sites with the given site characteristics, a certain percentage
(again say 95%) of them will fall within the interval. Or said another way, there is a given
probability that a specific site will fall within the prediction interval.

For the same percent probability, the prediction interval is wider than the confidence interval.
For predictions, the prediction interval is much more useful and is used in this project.

For a linear model with normal error distribution of the form:
y=ax, tax,+---+a,x,+& Eq. 5-3

the prediction interval calculation can be directly solved. For a generalized linear model, the
prediction intervals are more difficult to find. As a first approximation, the prediction intervals
may be found from the distribution of the error term, which we’ve assumed to have a Gamma
distribution. We refer to these as “simple prediction limits” in this report. The problem with
these simple prediction limits is that they do not include any variability in the prediction due to
uncertainty in the model parameters (a,, a,, ...).

One way to estimate prediction intervals is with a method called the bootstrap.” To bootstrap,
take a random sampling of data with replacement. The resampling with replacement is the key to
the bootstrap—by randomly taking a set of values from the original data, we get slightly different
versions of the data; note that some of the data will be repeated because of sampling with
replacement. If we take enough bootstrap copies of the data set (say 1000), perform some
analysis of each of the 1000 data sets, then the variability of the answers (whether it’s a
prediction or some other analysis) gives us an estimate of the variability of the answer relative to
the entire population. Bootstrapping assumes that the original data is a good representation of the
overall distribution. Bootstrapping does not make any assumption about the underlying
distribution. It is also very flexible and can be adapted to many types of problems. A major
downside to bootstrapping is that it requires specialized software, and even with modern
computers, the processing time for each run can be several minutes.

* Davison, A. C. and Hinkley, D. V., Bootstrap Methods and their Applications. Cambridge University Press,
Cambridge, 1997.
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As it turns out, the bootstrap approach to prediction levels is not vital for predicting voltage sags.
The Gamma error distribution (€) dominates, so it is possible to directly use the Gamma
distribution to estimate prediction intervals of SARFI predictions. This makes it possible to
produce useful estimates of variability in a spreadsheet-type model; advanced statistical software
is not needed. If we have some power quality monitoring at a site, it would be nice to use that
data to improve our prediction about voltage sags. There is a way to use bootstrapped prediction
models along with measured data to estimate a new prediction. The approach relies on Bayesian
statistics, where probability of a new event can be calculated based on an earlier probability
estimate.

The basic idea is to use a bootstrap of model coefficients as a prior distribution, then to use the

fundamental Bayesian formula to obtain a new distribution, which will be in the form of a
weighted distribution.
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PREDICTIONS FOR SARFI

Now, we get to the heart of the matter—predictions. In this section, prediction models are
developed using data from two utilities. We also discuss extensions that can incorporate
measurement data into a prediction. The variability in the data and the variability and accuracy of
the predictions are also discussed.

For this work, we concentrate on predictions of voltage sags at substation sites. Since SARFI is a
measure of voltage

Feeder monitors are typically triggered on current only and depends which side of the breaker it
is. Therefore in order to account for what will be the true sag count that a customer on a feeder
will see we have to use bus monitor's sag count especially if we are trying to make correlation of
voltage sags with respect to site characteristics and reliability. Note for Utility A we did not have
feeder monitors. The SARFI, were obtained from bus monitors. We took this number and
assigned this to individual feeders. For Utility B even though we had feeder monitors, these were
also triggered on currents and goes not account for what the true sag count will be (faults on the
other feeders will also cause a sag on feeder 1. The customer on feeder 1 will also see the sag but
the feeder monitor will not count that sag). The plots provided in Chapter 4 are evidence to
support that we will not get any correlations if we take bus monitor sag count and correlate these
with individual feeders. Note those plots were evidence to suggest that no correlations exist
when we try to correlate SARFI, with feeder characteristics and reliability indices.

Predicting Sags and Momentary Interruptions Based on Predictions
Derived From Utility Data

The starting point for predictions is a formula for SARFI,,. or MAIFI based on utility data. Itis a
linear equation as follows:

n, kV?
N:ko +k1R+k21+k3W Eq. 6-1

xfmr
where,

N = predicted variable: SARFI . or MAIFI

1TIC

[ = total exposure (including three-phase and single-phase portions) on the circuit in
miles (multiply kilometers by 1.609)
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R = Reliability variable: SAIFI, SAIDI or Number of Outages

kV = base line-to-line voltage in kV

n.= total number of feeders off the substation bus

MVA,,, = station transformer base rating (open-air rating) in MVA

There are no magic procedures to get you the "best model". In some sense model selection is like
data mining. The R-square statistic and the multiple correlation coefficients are descriptive
measures of how strong the linear association is between the observed and fitted Y values, but
they are not tests of goodness of fit per se. Other measures of fit such as the adjusted R-square
and Akaike information criterion (AIC) are designed to take into account the number of X
variables in the model Because R-square can never decrease as new X variables are added, the
adjusted R-square or AIC may give a better idea of how the strength of the association between
the observed and fitted Y values has changed as X variables are added to or deleted from the
model. One method of model selection is based on Akaike™s information criterion (AIC). The
model with the lowest AIC value gives the best model. The adjusted R-square may in fact
decrease if a new X variable does not substantially increase the amount of variation in Y
explained by the X variables.

Other informal signs of multi co-linearity are
e Regression coefficients change drastically when adding or deleting an X variable.

e A regression coefficient is negative when theoretically Y should increase with increasing
values of that X variable, or the regression coefficient is positive when theoretically Y should
decrease with increasing values of that X variable.

e None of the individual coefficients has a significant t-statistic, but the overall F-test for fit is
significant.

Need to Decide Whether to do MLR or GLM

If all the assumptions for the multiple linear regression hold, all the residuals should come from
the same normal distribution with mean 0. Departures from normality can suggest the presence
of outliers in the data, or of a non-normal distribution.

The residual distribution will give an indication of whether error in Y appears to be normally
distributed, but will not indicate the cause(s) of the non-normality. A residual is the difference
between the observed value of a response measurement and the value that is fitted under the
hypothesized model. If the residuals do not appear to be close to following a normal distribution,
then transforming the Y variable may be a reasonable alternative.
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Histogram for Residuals

The histogram for residuals provides a reference for detecting gross non-normality.

Prediction Model Development Using Data from Utility A and Utility B

The main components of the prediction modeling are model fitting, variable selection, and
handling missing data and quantifying variability. Two types of curve fitting approaches and the
variability and uncertainty in the models were tried. These include:

Multi-linear Regression based Model

Generalized Linear Model

The model described in Equation (6-1) was used for both the Multiple Linear Regression (MLR)
and Generalized Linear Model (GLM). Prediction models were derived using data from the two
utilities.

Model coefficients and results obtained using the dataset of Utility A and Ultility B are listed in
Tables 6-1 through 6-4. It was determined that the best results were found with SAIFI.
Prediction models for SAIDI and Outages were also made, but are not shown. Figure 6-1 through
6-8 shows predicted values versus site observations for the Utility A and B data.

It is clear from these results that the best prediction model varies between utility-to-utility
depending on the utility’s sub station design and service territory. Substation design and
geographical service territory and other aspects specific of a distribution system design will
determine the best model. Utility A had more uniform substation design across their region.
Also, the geographic conditions for Utility A were similar. Therefore it was deduced that the
MLR based predicted models seemed to work better for them. The histogram for residuals,
shown in Figure 6-2, suggests that the error between the observed and predicted values for
SAREFI follows a normal distribution. The best prediction model for Utility B was linear with a
Gamma error distribution. However, the coefficient derived using data from Utility A are quite
similar to that derived using Utility B.
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Model Coefficients and Results for SARFI_. Derived Using MLR Approach (Utility A)

Table 6-1

Model Coefficients and Results for SARFI

Derived Using MLR Approach (Utility A)

ITIC

Independent Parameters | Estimate |Std. Error| t value Pr(>|t]) Significance*®
(Intercept) 4.38E-01 1.24 0.354 72.4%

SAIFI (with storms) 3.47E+00 |0.59 5.906 0.0% e

Total Feeder Length (mile)-1.86E-06 [0.00 -1.504 13.7%

nf*KvA2/MVA 1.20E-01 (0.03 4.462 0.0% i

“ Signification: 0 “***> 0.001 “*** 0.01 *> 0.05 ‘> 0.1 *’ 1
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Residual Distribution
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Figure 6-2
Residual Distribution for SARFI, . Derived Using MLR Approach (Utility A)
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GLM Fit
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Observed SARFI . Versus Predicted SARFI_ Derived Using GLM Approach (Utility A)
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Table 6-2
Model Coefficients and Results for SARFI . Derived Using GLM Approach (Utility A)
Independent Parameters | Estimate | Std. Error| t value Pr(>|t]) Significance®’
(Intercept) 1.26E+00 [0.16 8.08 0.00% e
SAIFI (with storms) 3.59E-01 |0.07 4.87 0.00% o
Total Feeder Length (mile)-1.31E-07 [0.00 -0.84 40.11%
nf*KvA2/MVA 1.18E-02 (0.00 3.48 0.08% o
GLM Fit
3 | .
O ¥ : 1« *
E o **
I 8 T *
b - N * *
m * % *
< AIC model= 3484.079
%]
he]
() *
Q .
@ . AIC 1 = 3534.354
8 . ”
(@)
AIC 2 = 3487.923
AIC 3 = 3526.569
resn e
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Figure 6-5

Model Coefficients and Results for SARFI_ Derived Using GLM Approach (Utility B)

" Signification: 0 “**%> 0.001 “*** 0.01 *> 0.05 ‘> 0.1 *’ 1
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Figure 6-6
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Table 6-3
Model Coefficients and Results for SARFI_ Derived Using GLM Approach (Utility B)
Independent Parameters | Estimate | Std. Error| t value 1-Pr(>|t]) Significance®®
(Intercept) 3.01E+00 |9.14E-02 |32.891 100.00% i
SAIFI (with storms) 1.06E-01 [1.49E-02 (7.12 100.00% e
Total Feeder Length (mile)7.27E-04 [2.82E-04 [2.582 98.98% *
nf*KvA2/MVA 7.32E-03 |1.04E-03 |7.066 100.00% i
N GLM Fit
L * -
E Q *x ww *¥
< N7 * e x| .
E *
o . LAIC model= 2187.698
2
@
2 %1 AIC 1 = 2278.261
5 = 2278.
AIC 2 = 2187.611
f AIC 3 =2186.774
s ¥ H
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I
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Figure 6-7

Model Coefficients and Results for MAIFI Derived Using GLM Approach (Utility B)

* Signification: 0 “**%> 0.001 “*** 0.01 “*> 0.05 ‘> 0.1 *’ 1
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Figure 6-8
Observed MAIFI Versus Predicted MAIFI Derived Using GLM Approach (Utility B)
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Table 6-4

Model Coefficients and Results for MAIFI Derived Using GLM Approach (Utility B)

Independent Parameters | Estimate | Std. Error| t value 1-Pr(>|t]) Significance®®
(Intercept) 1.08E+00 [8.03E-02 |25.86 100.00% el

SAIFI (with storms) 1.24E-01 [1.30E-02 [9.486 100.00% b

Total Feeder Length (mile)[3.54E-04 [2.47E-04 (1.43 84.60%

nf*KvA2/MVA -9.42E-04 |19.10E-04 [-1.035 69.90%

Note the high degree of variability in the predictions—these are not precise estimates, but they
do well in predicting observations within a given prediction band.

Other Ways to Estimate Voltage Sags

The procedure documented in this report is not the only way to estimate the frequency of voltage
sags at a site. The prediction models described here are useable with a few easily available
inputs. Keep in mind that even though the site parameters are important electrical characteristics,
the prediction model is not based on an electrical model—it is a derived regression model. As
such, it is difficult to use for analyzing the effect of some changes on voltage sags such as faster
relaying, more tree trimming, animal guards, and so on. Another common way to estimate
voltage sags is using a model of the system and a short-circuit program. We briefly discuss two
variations of this.

The calculation of the voltage magnitude at various points on a system during a fault at a given
location is easily done with any short-circuit program. We make the fairly accurate assumption
that the fault impedance is zero. The engineer or computer program finds the duration of the sag
using the time-current characteristics of the protective device that should operate along with the
fault current through it.

Based on a short-circuit program, the fault positions method repeatedly applies faults at various
locations and tallies the voltages at specified locations during the faults. The runs, which may
apply thousands of fault locations, result in predictions of the number of voltage sags below a
given magnitude at the specified locations. This procedure is well documented in the IEEE Gold
Book™ (see also Conrad et. al.”).

* Signification: 0 *¥*' 0,001 “**' 0.01 **'0.05".'0.1""1

* IEEE Std. 493-1997, IEEE Recommended Practice for the Design of Reliable Industrial and Commercial Power
Systems (Gold Book).

' Conrad, L., Kevin, L., and Cliff, G., "Predicting and Preventing Problems Associated with Remote Fault-Clearing
Voltage Dips," IEEE Transactions on Industry Applications, vol. 27, pp. 167-72, 1991.
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The faults are applied along each line in a system. The end results are scaled by the fault rate on
the line, which can be based on historical results or typical values for the voltage and
construction.

We need considerable detail for the fault-positions analysis, especially a complete system model
including proper zero-sequence impedances and transformer connections (these are left out of
many transmission system load-flow models).

Another simpler method for voltage sags is the method of critical distances (Bollen™). The
approach is to find the farthest distance, the critical distance, to a fault that causes a sag of a
given magnitude. Pick a sag voltage of interest, 0.7 per unit for example. Find the critical
distance for the chosen voltage. Using a feeder map, add up the circuit lengths within the critical
distance. Multiply the total exposed length by the fault rate—this is the number of events
expected. This method is not as accurate as the fault positions method, but is much simpler: We
can calculate the results by hand, and the process of doing the calculations provides insight on
the portions of distribution and transmission system that can cause sags to the given customer.
We can also target this area of vulnerability for inspection or additional maintenance or apply
faster protection schemes covering those circuits (to clear faults and sags more quickly).

Whether using the critical distance or the fault positions method, the key input—and the most
unknown parameter—is the fault rate. Rates of voltage sags are directly proportional to rates of
faults. Good results from the circuit modeling approaches require good estimates of fault rates.
Estimates of the uncertainty and variability associated with a prediction must come from
knowledge of the variability of fault rates.

Both the circuit modeling approach and the statistical prediction approach described in this
report have their uses. The statistical approach has the advantage that it is fast and easy (at least
the plain prediction equation without the bootstraps). We can also crudely use it to evaluate some
simple changes in circuits such as increasing or decreasing the number of feeders from the bus.
The statistical approach is also based on real data and easily provides a good idea of the
prediction band within a given confidence level, and with some extensions, the statistical
approach can incorporate measurement data. The circuit modeling approach has the advantage
that we can use it to estimate the effect of more precise circuit changes: moving circuit sections,
adjusting voltage regulation, increasing source stiffness, and so on. The circuit modeling
approach is more work and requires much more data input. For some applications, both methods
may be appropriate—the statistical prediction gives a quick answer and a good idea of the
variability; the circuit modeling approach can be used to evaluate a wider range of solution
options.

* Bollen, M. H. J., Understanding Power Quality Problems: Voltage Sags and Interruptions, IEEE Press, New York,
2000.
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SUMMARY

Data from two utilities that participated in the DPQ II project was used for the correlation
analysis between power quality and reliability indices. Inferences reached from this year's
activity are:

The PQ indices recorded by bus monitors do not correlate with feeder characteristics.

Most of the PQ and reliability indices follow a right skewed distribution. Most of the indices
for both the utilities followed Gamma distribution.

MAIFI and SARFI, are highly correlated. Similar correlations exist between MAIFI and
SAIFI. Most faults are likely to fall in the SARFI,, category. Faults close to the substation
will fall in SARFI, category.

SAIFI gave the best correlation with PQ indices (SARFI as well as MAIFI). SAIDI and
outage count did not have significant correlations with PQ indices.

Adding SAIFI to the prediction model will improve the existing prediction models.

Feeder length does not influence the prediction model at bus level although coefficient of
correlation between feeder length and SARFIL, ) and SARFI . is significant (Refer figures 4-9
through 4-12). The strong correlation is merely because of the effect of other independent
variables such as transformer size and voltage level that are not considered in the calculation
of correlation. Regression analysis shows that there is no direct “cause-and-effect”
relationship between feeder length and SARFL,, and SARFI.

The product term (number of feeders*kV’/MVA) has little effect on the prediction model.
However, this product term is a better indicator than the individual characteristics (number of
feeders, voltage level and transformer MV A) in the product.

There is no universal prediction model for all the utilities. The best prediction model varies
between the utilities based on the utility’s sub station design and service territory. Substation
design and geographical service territory and other aspects specific of a distribution system
design will determine the best model. Utility A had more uniform geographic conditions and
substation design across their region. The MLR based predicted models seemed to work
better for Utility A. The histogram for residuals, shown in Figure 6-2, suggests that the error
between the observed and predicted values for SARFI follows a normal distribution. The best
prediction model for Utility B was linear with a Gamma error distribution. However, the
coefficients derived using data from Utility A are quite similar to those from Utility B.
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Summary

The correlations of power quality indices with site variables:

e Decrease with load density at 15 kV, but increase at 25 kV.

e Are highly variable with voltage levels.

e Increase with feeder length, the effect is greater at 15 kV than at 25 kV.
e Increase with percent underground unless storms are included.

e Usually increase with numbers of feeders on a bus, except no correlation with SAIFI or
SAIDI.

e Are highly variable with transformer size.
e Feeder level correlations are less significant than bus level.

Improving Predictions from the Correlation Analysis

Inferences obtained from the correlation analysis are used to improve SARFI/MAIFI prediction
fit. The SARFI/MAIFI predictions fit the following equation:

n, kV?
N=k,+kR+k,]+k,———— Eq. 7-1

xfmr
where,
N = predicted variable: SARFI, . or MAIFI

[ = total exposure (including three-phase and single-phase portions) on the circuit in
miles

R = Reliability variable: SAIFI, SAIDI or Number of Outages

kV = base line-to-line voltage in kV

n,= total number of feeders off the substation bus

MVA_,, = station transformer base rating (open-air rating) in MVA
Data from two utilities that participated in the DPQ II project was analyzed. These are not
precise estimates, but they help to more accurately define the probability range at a given site.

The dispersion term of the model can be used to find prediction limits from the Gamma
distribution.
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Summary

Table 7-1
Coefficients for Prediction Equations for Various SARFI and MAIFI Indices Using Data
from Utility A and Utility B

k, K, k, K,
nf-sz
Intercept R / MVAg,,
SARFI,. (Utility A) 1.26 0.359 .001 0.0118
SARFI,,. (Utility B) 3.007 0.106 .001 0.007
MAIFI (Utility B) 2.08 0.124 .001 0.000

Future Work

Additional work in the area of prediction of voltage sags is possible. Some areas ripe for
exploration are:

Variability — One of the big concerns when deriving a prediction at a location is estimating the
variability. The prediction models derived in this report have a variability term. This term
includes time variability, site-to-site variability, and uncertainty in the modeling. It would help if
we could derive a better estimate of the time variability from the data and from the predictions.
That would help when quantifying the ranges of possibilities when considering things like
performance-based contracts. One way to advance this work is to use bootstrapping (resampling)
of the combined DPQ dataset to quantify the time variability of voltage sags.

Combining circuit modeling approaches with statistical regression — Circuit modeling
approaches such as the fault-positions method have the advantage that we can use them to
evaluate many system reconfigurations. One way to improve the quality of predictions from
circuit modeling methods is to use statistical predictions for fault rates—the primary input into
the circuit modeling method. A portion of the DPQ Phase II data has some very good fault-rate
data as well as voltage-sag data. If we can perform the same type of regression based on various
site characteristics, we could predict fault rates in the area where we want to predict voltage sags.
Then we could use that prediction as the input to the fault-positions method.

User-accessible implementation — The basic prediction models derived in this study can be easily
implemented in a spreadsheet, so they are accessible to a wide range of users. But some of the
more advanced prediction options are difficult or impossible to implement in a spreadsheet. If a
user has unknown data for some of the site parameters or wants to incorporate measurements,
these are beyond simple spreadsheet implementation. A more user-accessible implementation of
the more advanced predictions is possible. The best option for this is probably a Web-based user
interface to a calculation engine running R or S-PLUS, where the codes for the advanced
modeling are already implemented.

Since current measurements were not available from the two utilities, understanding if inherent
differences exist in correlations (as well as the prediction models) between power quality and
reliability measures for transmission-based faults and distribution-based faults, could not be
investigated in this year's activity.
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Distribution Results for Utility A

Probability Density

Figure A-1
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Probability Density

Figure A-3
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Distribution Results for Utility A
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Distribution Results for Utility B
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Probability Density

Figure B-3
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Distribution Results for Utility B
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Properties of Bus Data for Utility A

SARFI_. Bus Level

Site Parameters Category P (25%) Median Mean P (75%)
All Data 6.000 8.000 8.847 11.780
Total Feeder Length
0-30% 4.000 7.000 6.748 8.000
30%-70% 6.012 9.500 8.840 11.340
70-100% 7.117 10.000 10.960 14.080
Backbone Length
0-30% 5.250 7.010 7.242 9.000
30%-70% 6.000 9.000 8.798 12.000
70-100% 6.500 9.100 10.730 15.040
Number of Feeders
n<5 4.011 7.000 6.519 8.022
>5n,<9 6.797 10.000 9.933 12.010
n >9 6.500 10.000 10.100 13.070
Station Transformer (MVA)
Xfmr_, <25 6.000 7.667 8.721 11.020
>25 Xfmr__ <36 6.000 8.689 9.003 12.000
Xfmr__ > 36 6.750 7.558 8.732 11.340
Load Density
0-30% 7.000 8.000 9.349 11.060
30%-70% 6.000 9.000 9.117 12.000
70-100% 6.000 7.078 8.000 10.000
SARFIl,, Bus Level
All Data 5.000 6.025 6.999 10.000
Total Feeder Length
0-30% 4.000 5.041 5.261 6.166
30%-70% 5.010 7.500 7.258 10.000
70-100% 5.000 8.000 8.406 12.000
Backbone Length
0-30% 5.000 5.578 5.786 6.903
30%-70% 5.000 8.000 7.164 10.000
70-100% 4.893 7.000 8.134 11.530
Number of Feeders
n<5 3.064 5.041 5.160 6.116
>5n,<9 5.000 7.510 7.776 10.010
n>9 5.028 8.022 8.140 10.300
Station Transformer (MVA)
Xfmr_, <25 5.000 6.017 6.949 10.000
>25 Xfmr__ <36 4.601 6.041 7.050 10.010
Xfmr__ > 36 4.770 6.500 6.973 9.325
Load Density
0-30% 5.000 7.000 7.437 10.000
30%-70% 4.761 6.517 7.206 10.010
70-100% 5.000 6.000 6.296 7.000
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Properties of Bus Data for Utility A

SARFI, Bus Level
Site Parameters Category P (25%) Median Mean P (75%)
All Data 1.000 2.234 2.944 5.000
Total Feeder Length
0-30% 0.000 2.000 1.938 3.000
30%-70% 1.003 3.000 3.482 5.250
70-100% 1.003 4.000 3.260 5.027
Backbone Length
0-30% 0.250 2.000 1.993 3.000
30%-70% 1.000 3.008 3.487 5.247
70-100% 1.003 3.000 3.239 5.014
Number of Feeders
n<5 0.500 2.000 1.978 3.000
>5n, <9 1.003 2.531 3.423 5.271
n>9 1.000 4.011 3.409 5.014
Station Transformer (MVA)
Xfmr__< 25 1.003 2.037 2.705 3.752
>25 Xfmr___ <36 1.000 2.697 3.053 5.007
Xfmr_, > 36 1.000 3.012 3.057 5.000
Load Density
0-30% 1.000 2.000 2.904 5.028
30%-70% 1.002 3.000 3.322 5.007
70-100% 1.000 2.645 2.499 4.000
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Properties of Bus Data for Utility A

SAIFI, wume BUS Level
Site Parameters Category P (25%) Median Mean P (75%)
All Data 0.697 1.082 1.159 1.472
Total Feeder Length
0-30% 0.437 0.860 0.999 1.355
30%-70% 0.614 0.885 1.001 1.270
70-100% 1.073 1.344 1.520 1.810
Backbone Length
0-30% 0.500 0.869 1.049 1.396
30%-70% 0.573 0.923 0.986 1.263
70-100% 1.095 1.344 1.533 1.858
Number of Feeders
n<5 0.514 1.091 1.085 1.325
>5n, <9 0.770 1.179 1.337 1.763
n>9 0.473 0.892 0.926 1.299
Station Transformer (MVA)
Xfmr_ < 25 0.807 1.113 1.262 1.561
>25 Xfmr_, <36 0.809 1.093 1.146 1.431
Xfmr_, > 36 0.451 0.706 1.048 1.364
Load Density 0-30% 0.789 1.263 1.386 1.787
30%-70% 0.839 1.056 1.161 1.355
70-100% 0.415 0.562 0.929 1.302
SAIFI e BUS Level
All Data 0.4893 0.7865 | 0.8765 1.049
Total Feeder Length
0-30% 0.2526 0.6855 | 0.7232 0.9764
30%-70% 0.4905 0.7174 | 0.8053 0.927
70-100% 0.7174 0.9638 1.121 1.24
Backbone Length
0-30% 0.2908 0.6971 0.7627 1.123
30%-70% 0.4911 0.7138 | 0.7867 0.9291
70-100% 0.7547 0.9638 1.134 1.331
Number of Feeders
n<5 0.329 0.8517 | 0.8249 1.107
>5n,<9 0.6486 0.8869 1.001 1.125
n>9 0.4553 0.679 | 0.7138 0.8391
Station Transformer (MVA)
Xfmr__ <25 0.5479 0.9084 0.921 1.223
>25 Xfmr___ <36 0.6309 0.751 0.8916 1.067
Xfmr_, > 36 0.419 0.6223 | 0.7916 0.9347
Load Density 0-30% 0.6855 0.8906 | 0.9998 1.24
30%-70% 0.671 0.8333 | 0.9139 1.022
70-100% 0.3103 0.4887 | 0.7054 0.9764
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Properties of Bus Data for Utility A

SAIDI, wume BUS Level
Site Parameters Category P (25%) Median Mean P (75%)
All Data 72.31 135.8 149.2 200.3
Total Feeder Length
0-30% 34.93 81.58 129 185.9
30%-70% 67.51 110.5 137.6 182.8
70-100% 109.6 171.8 184.1 226
Backbone Length
0-30% 61.33 86.98 136.9 192.3
30%-70% 60.78 109.6 135.3 170
70-100% 112.5 171.8 183 219
Number of Feeders
n<5 58.59 92.37 136 190.8
>5n, <9 95.64 151.9 178.6 217.7
n>9 50.01 95.71 112 170.9
Station Transformer (MVA)
Xfmr_ < 25 80.38 149.4 148.7 192.3
>25 Xfmr_, <36 84.14 129.4 151.4 193.1
Xfmr_, > 36 51.06 92.58 145.6 221
Load Density 0-30% 79.49 181.2 192.3 229.4
30%-70% 90.65 135.1 151 193.1
70-100% 39.63 89.45 103.8 170
SAIDI e BUS Level
All Data 41.68 64.2 74.3 102.2
Total Feeder Length
0-30% 13.82 46.49 60.31 86.01
30%-70% 46.44 58.76 73.85 94.5
70-100% 61.5 91 88.86 102.7
Backbone Length
0-30% 15.97 54.1 65.85 112.1
30%-70% 41.16 58.91 69.74 91.8
70-100% 57.36 91 90.38 103
Number of Feeders
n<5 16.09 58.91 70.55 111.9
>5n,<9 52.82 85.48 85.82 104.5
n>9 37.98 49.87 57.78 70.45
Station Transformer (MVA)
Xfmr__ <25 46.83 60.21 76.41 102.9
>25 Xfmr_, <36 42.61 69.39 74.32 98.61
Xfmr_, > 36 39.92 65.26 71.52 98.53
Load Density 0-30% 47.85 77.15 84.06 116.3
30%-70% 50.51 79.02 78.93 97.59
70-100% 18.38 41.16 58.6 86.01
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Properties of Bus Data for Utility A

Outage, ame BUS Level
Site Parameters Category P (25%) Median Mean P (75%)
All Data 37.25 62 71.2 91.5
Total Feeder Length
0-30% 19 25 26.6 29
30%-70% 50.75 61 63.06 73.75
70-100% 92 113 126.2 145
Backbone Length
0-30% 19.25 25 30.15 36.25
30%-70% 49 61 62.21 76
70-100% 96.5 114 130.5 145.5
Number of Feeders
n<5 19.5 25 29.52 43
>5n, <9 60 80 95.11 100
n>9 64 78 85.11 112.5
Station Transformer (MVA)
Xfmr_ < 25 48 54 64.35 77.5
>25 Xfmr_,, <36 30.5 65 66.61 92.5
Xfmr_, > 36 42.25 68 88.35 96.5
Load Density 0-30% 48 67 92 130
30%-70% 51.5 71 75.28 92.5
70-100% 20 28 45.16 65
Outage e BUS Level
All Data 30.5 50 56.18 71
Total Feeder Length
0-30% 15 18 21.56 26
30%-70% 40.75 49.5 50.69 59.25
70-100% 71 88 97.84 107
Backbone Length
0-30% 15 18.5 24.54 315
30%-70% 41 49 49.61 59
70-100% 76.5 93 101.4 110
Number of Feeders
n<5 15 19 24.04 32.5
>5n,<9 46.5 63 74.08 84.75
n>9 49 69 67.95 85.5
Station Transformer (MVA)
Xfmr__ <25 33 44 50.73 66.5
>25 Xfmr_, <36 26.75 53 53.17 74
Xfmr_, > 36 32.25 55.5 68.7 72.5
Load Density 0-30% 36 52 71.32 99
30%-70% 44 55.5 59.97 72.5
70-100% 15 25 36.2 60
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Properties of Bus Data for Utility B

SARFI_. Bus Level

Site Parameters Category P (25%) Median Mean P (75%)
All Data 11.0 21.0 26.6 37.0
Total Feeder Length
0-30% 6.3 11.0 12.1 13.0
30%-70% 12.0 22.0 27.4 35.0
70-100% 21.3 42.5 42.6 60.0
Percent Underground
0-30% 9.3 14.0 18.9 23.5
30%-70% 10.0 17.0 28.0 43.0
70-100% 15.0 26.0 33.7 47.0
Number of Feeders
n<5 6.0 9.0 8.0 11.0
>5n, <9 18.0 26.0 33.7 43.0
n>9 52.0 53.0 57.3 60.5
Load Density
0-30% 7.0 10.0 15.0 22.0
30%-70% 12.0 20.5 32.0 52.0
70-100% 13.0 33.0 31.6 40.0
SAIFI ome BUS Level
Site Parameters Category P (25%) Median Mean P (75%)
All Data 0.986 1.724 2.011 2.563
Total Feeder Length
0-30% 0.534 1.265 1.700 1.992
30%-70% 0.881 1.724 1.741 2.279
70-100% 1.410 2.456 2.784 3.565
Percent Underground
0-30% 0.878 1.288 2.004 2.755
30%-70% 1.282 1.820 2.123 2.290
70-100% 0.736 1.957 1.852 2.515
Number of Feeders
n<5 0.724 1.248 1.679 1.964
>5n,<9 1.187 1.944 2.109 2.826
n>9 2.620 3.229 3.050 3.569
Load Density 0-30% 1.155 1.444 2.271 2.973
30%-70% 0.925 2.013 2.015 2.654
70-100% 0.626 1.861 1.735 2.331
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Properties of Bus Data for Utility B

SAIDI, e BUS Level
Site Parameters Category P (25%) Median Mean P (75%)
All Data 80.4 194.3 546.6 587.0
Total Feeder Length
0-30% 36.8 96.3 576.2 598.3
30%-70% 80.4 170.4 356.3 532.2
70-100% 165.3 328.8 797.0 615.2
Percent Underground
0-30% 68.31 125.5 747 1 342.6
30%-70% 104.5 229.1 524.7 620.9
70-100% 44.33 239.6 342.3 579.9
Number of Feeders
n<5 66.8 140.8 587.2 493.0
>5n,<9 86.1 207.4 540.3 598.0
n>9 263.9 322.0 318.7 375.2
Load Density 0-30% 101.0 271.8 981.8 1020.0
30%-70% 88.4 200.8 405.5 603.8
70-100% 38.2 159.1 281.3 409.4
MAIFI, Bus Level
Site Parameters Category P (25%) Median Mean P (75%)
All Data 5.65 9.81 12.55 15.39
Total Feeder Length
0-30% 3.64 5.63 11.52 10.64
30%-70% 7.46 10.68 12.01 12.82
70-100% 8.39 13.93 14.56 18.88
Percent Underground
0-30% 2.91 6.35 8.83 11.01
30%-70% 7.07 10.68 14.63 15.39
70-100% 5.96 11.86 13.82 18.88
Number of Feeders
n<5 3.00 6.00 12.01 11.28
>5n, <9 6.69 10.23 12.01 15.68
n>9 25.11 26.07 26.65 27.91
Load Density 0-30% 3.00 6.00 12.01 11.28
30%-70% 6.69 10.23 12.01 15.68
70-100% 25.11 26.07 26.65 27.91
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